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Abstract: The optimum performance position control of pneumatic artificial muscles (PAM) is
restricted by their in-built hysteresis and nonlinearity. The hysteresis is usually depicted by a
phenomenological model, while the model mentioned above always only describes the hysteresis
phenomenon under certain conditions. Thus, the universality of the compensator is due to its
weakness in handling disparate outside conditions. Our research employs the FN-QUPI (feedforward
neural network—quadratic unparallel Prandtl-Ishlinskii) model to depict the phenomenon of pressure-
displacement hysteresis in PAMs. This model has high-precision expression and generalization ability
for the PAM hysteresis phenomenon. According to this, an inverse model of the QUPI operator is
established as a feedforward control while combining with the feedback control of incremental PID-
type iterative learning. The results show that due to the hysteresis of PAM, the compound control
of feedforward control and iterative learning has better tracking performance than the ordinary
PID compound control in terms of convergence rate and stability. According to the mean absolute
error (MAE) and root mean square error (RMSE) of the tracking process, it can be seen that the
control model can achieve accurate nonlinear compensation, and the control system shows excellent
robustness to different input signals.

Keywords: pneumatic artificial muscle (PAM); FN-QUPI model; high precision; iterative learning;
hysteresis compensation; tracking control

1. Introduction

Largely comprised of a fiber woven mesh, a hollow rubber tube, and multiple metal
connectors, the PAM is an extensive bionic actuator. Compared to motor-powered or
hydraulic robots, PAM-driven ones are more flexible. More specifically, the PAM is charac-
terized by a higher power-to-mass percentage, complying with bodies. Thus, it is broadly
used in the rehabilitation and medical domains. Moreover, the PAM is applied to the
exoskeleton mechanism, with one terminal sliding mode control utilized for achieving
more elevated trajectory tracking precision [1]. Though excellent usage prospects, the
intrinsic nonlinear hysteresis feature is one of the dominant barriers impacting the accurate
trajectory tracking control of the PAM-powered robot. At present, hysteresis compensation
and modeling have slowly become key research areas [2].

From a mathematical perspective, the dynamic models of the PAM are capable of
being simply classified into physics-based models and phenomenon-based models [3]. The
physics-based model primarily construes the geometric correlation and material attributes
of the PAM. As an illustration, Kothera et al. [4] reflected on the thickness of rubber tubes
while creating a static model of the PAM using the force balance method. Due to the
intricate math derivation and numerous model parameters in physics-based models, it
brings large difficulties to the controller design while increasing the significant computing
cost. Or, phenomenon-based models are formulated via experimental data and simplified
model descriptions. As found by Colbrunn et al. [5], the PAM is used as a structure
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consisting of a spring unit, a damping unit, and a Coulomb friction unit. Prior research has
indicated that numerous phenomenological hysteresis models were placed forward and
used in the PAMs. Pervasive hysteresis models are capable of being simply divided into
integral models and differential models. Pervasive integrated hysteresis models encompass
Krasnosel’skii-Pokrovskii, Maxwell [6], Preisach [7,8], and Prandtl-Ishlinskii models. A
precise one is indispensable, whilst improvement in model precision frequently causes
a growth in model intricacy. Pervasive differential hysteresis models include the Bouc—
Wen, Duhem, Dahl, LuGre, and Leuven models [9-12], wherein the Bouc—Wen model
is capable of offering receivable modeling precision with fewer parameters. The appeal
of differential models is attributed to their formulaic ability to facilitate optimization,
modeling, and controller design. In differential hysteresis models, nonlinear differential
equations are employed to describe and depict hysteresis. Integral hysteresis models
are also known as operator hysteresis models. For nonlinear systems with hysteresis
characteristics, the control strategy typically involves establishing an inverse hysteresis
model and serially connecting an inverse compensator to the system to counteract the
effects of hysteresis, known as inverse model control. This approach generally includes
the following: (1) The feedforward control, where the inverse model of the hysteretic
nonlinear system is developed and used as a feedforward compensator for open-loop
control. The hysteresis nonlinearity in the control channel is partially or fully compensated
by the inverse model. Ganguly [13] employed a polynomial approach and the least-squares
method to fit the hysteresis characteristics of pneumatic artificial muscles as accurately
as possible, minimizing the impact of hysteresis on the system’s control precision. The
external control loop was transformed into a PID controller and a feedforward controller,
significantly improving the model’s control accuracy. However, its improvements to the
nonlinearity of the closed-loop main control loop were limited, with inadequate disturbance
rejection and robustness. (2) The feedforward plus feedback control, where the inverse
model serves as the feedforward controller in a closed-loop control system, thus predicting
the desired control signal before tracking errors occur. Feedback controllers include PID
controllers, adaptive controllers, and sliding mode controllers, among others. Yetingren [14]
used the Maxwell model for the feedforward compensation of the PAM and designed two
feedback controllers to control the force and position of the pneumatic muscle, respectively.
Kishore [15] employed the three-element method to model friction in the PAM and, based
on this, designed a fuzzy feedforward plus feedback control scheme to study the trajectory
tracking control of pneumatic muscles. Scholars have proposed other control methods
based on the hysteresis models of the PAM, such as feedback linearization, robust control,
and sliding mode variable structure control. Amato [16], using the three-element model,
studied the trajectory tracking control of a mechanical arm composed of a PAM with a
robust control strategy. Schindele [17] explored the sliding mode control of a linear axis
driven by a PAM based on the LuGre model.

Based on the above analysis, this paper proposes the FN-QUPI model to describe
the displacement-pressure hysteresis characteristics of pneumatic artificial muscles. The
model reduces the number of unknown parameters, and particle swarm optimization is
employed for parameter identification, enabling the model to adapt to system dynamics
while maintaining high accuracy. Additionally, a composite controller is established,
where the QIUPI inverse model is used as the feedforward control, and incremental PID-
type iterative learning serves as the feedback control for trajectory tracking of the PAM.
The experimental results demonstrate that the FN-QUPI model provides highly accurate
displacement predictions for various input signals, confirming the model’s generalization
capability. Furthermore, the composite controller exhibits high precision and robustness in
tracking control of different types of PAM-motion trajectories.

The remainder of the paper is organized as follows: Section 2 introduces the FN-QUPI
model and its inverse model, while Section 3 discusses the trajectory tracking control
methods for the PAM. Section 4 presents an analysis of the experimental results of the
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FN-QUPI model under different signals and the tracking results of the PAM for various
trajectories. Finally, Section 5 provides a summary of the paper.

2. Hysteresis Model and Inverse Model of PAM

Similar to most flexible actuators, PAM actuators exhibit significant hysteresis charac-
teristics between displacement and pressure. This hysteresis effect impacts the accuracy
of the PAM position modeling and its application in bionics. Therefore, it is necessary to
establish a high-precision hysteresis mathematical model that is widely applicable under
different input conditions to comprehensively and accurately describe this complex hys-
teresis behavior. To improve the applicability and accuracy of the PAM hysteresis model,
this section proposes an FN-QUPI model to establish the hysteresis relationship between
pneumatic pressure and displacement in PAMs. First, the QUPI (quadratic unparallel
Prandtl-Ishlinskii) operator is introduced based on the UPI operator, where the QUPI oper-
ator replaces the linear envelope function with a quadratic function to enhance modeling
accuracy. Then, the QUPI operator is incorporated into the nonlinear autoregressive mov-
ing average model to describe the complex hysteresis of the PAM, and a feedforward neural
network is used to build the nonlinear function relationship of the NARMAX (nonlinear
autoregressive moving average) model, forming the FN-QUPI model. Since the model
reduces the number of unknown parameters, the particle swarm optimization algorithm is
employed to solve all model parameters, enabling the model to adapt to dynamic system
changes and achieve higher accuracy. Finally, the inverse model of QUPI is introduced.

2.1. The FN-QUPI Model

Currently, the classic PI (Prandtl-Ishlinskii) model is widely used in the field of pneu-
matic artificial muscle hysteresis modeling. Its advantages lie in having a specific inverse
model that supports analytical solutions while maintaining low structural complexity and
ease of application. However, this model struggles to describe the asymmetric hysteresis of
the PAM. The shortcomings of the classic PI model can be addressed through appropriate
optimization methods, such as introducing a nonlinear envelope function within the play
operator. This enhancement improves the model’s adaptability to different hysteresis
phenomena, providing higher robustness when handling complex inputs. A representative
example is the CPI model [18], where the descending edge of the CPI (classical Prandtl-
Ishlinskii) operator is multiplied by a weight coefficient (greater than zero) to yield the UPI
(unparallel Prandtl-Ishlinskii) operator [19], making it easier to apply in the modeling of
complex hysteresis phenomena. The UPI operator can be expressed as:

Fy o [u](t) = max{u(t) -, min{a]'(u(t) + r),P,/aj(t’)}}

t~ =lim(t — 5);rx]- >0,r>0
0—0

(1)

In the equation, r represents the dead-zone threshold, u(t) represents the input signal
at time £, and a; represents the slope of the descending edge of the UPI operator.

Considering that the quadratic function and the hysteresis curve of the pneumatic
artificial muscle have similar shapes, and given its basic properties of being invertible,
bounded, and continuous, a quadratic function is adopted as the envelope function for
the UPI model in this study. This model is named the QUPI model. By integrating this
function with the UPI operator, the descending and ascending edges of complex hysteresis
phenomena can be obtained. The schematic diagram of the QUPI operator is shown in
Figure 1 (the horizontal axis represents the pneumatic muscle pressure p, and the vertical
axis represents the pneumatic muscle displacement y). The envelope function of the basic
operator in the QUPI model consists of two quadratic parabolas, with the axis of symmetry
aligned with the starting points of the ascending and descending branches of the hysteresis
curve, making it more consistent with hysteresis characteristics. Based on the analytical
expression of a quadratic function, the analytical expressions for a single QUPI operator can
be derived when the pressure increases and decreases, as shown in Equations (2) and (3).
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Subsequently, the final QUPI model is formed by stacking Na x Nb small QUPI operators,
and the structure of the QUPI model is shown in Figure 2. The computational formula of
the QUPI model is given in Equation (4).

Figure 1. QUPI operator.
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Figure 2. QUPI model.
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In the equation, p represents the pneumatic pressure of the pneumatic muscle, and y
represents the displacement of the pneumatic muscle. py and p;, represent the minimum
and maximum values of the pressure data, respectively; 1o and y,, represent the minimum
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and maximum values of the displacement data, respectively; r; and r, represent the lengths
of the edges of the line segments. d;; denotes the weight of the operator. In this study, N,
and N, are set to 10.

Based on the maximum and minimum lengths, as well as the minimum and maximum
pressures from the collected hysteresis data, the parameters y, yu, po, and p;, in the QUPI
model are determined, thereby reducing the number of parameters required for model
identification. The only parameters that require identification in the entire QUPI model
are the weight terms of the QUPI operators, which reduces the computational load of
the model.

Since the QUPI model can only describe the static hysteresis behavior of the PAM
under specific conditions, an additional nonlinear model is needed to capture the dynamic
characteristics of the PAM. The NARMAX model, a nonlinear form of the autoregressive
moving average model, is a commonly used black-box model for describing nonlinear
systems. It effectively addresses system nonlinearity and dynamic issues without relying
on the internal structure or parameters of the system. For the PAM actuator, its output
displacement is mainly influenced by two factors: the input voltage at previous time steps
and the current driving voltage. The NARMAX model can accurately describe the memory
effect and rate-dependent characteristics of the PAM's hysteresis behavior. Considering the
impact of load on the PAM’s dynamic characteristics, load variations are introduced into
the input part of the NARMAX model. Its specific expression is as follows:

{ gt) =gt =1),...,9(t —=na), f(t),..., f(t = mp),m(t),...,m(t —nc)] 5)
f(t) = yquri[u](t)

In the equation, §(t) represents the output of the NARMAX model, f(t) and yqupr 1] (t)
represent the output of the QUPI model at time ¢, and m(t) represents the PAM load. n,,
1y, and n. are the maximum delay times of §(t), f(f) and m(t), respectively. Accordingly,
the input vector of the dynamic submodel contains the present and historical values of the
output and load of the hysteresis submodel, as well as the historical output displacement
values, which can capture the dynamic information of the driving frequency and load.

In this study, the nonlinear function of the NARMAX model is established through a
feedforward neural network (FNN), which ensures that the model can meet the require-
ments of dynamic system changes. The FNN has been widely applied in complex nonlinear
systems, which is directly related to its excellent learning capability. Aside from these char-
acteristics, the FNN performs well in simulating dynamic systems and is, therefore, widely
used in nonlinear system analysis. Given that hysteresis properties exhibit multi-valued
mapping, to improve the accuracy of the hysteresis model, the FN-QUPI model, i.e., the
FNN-NARMAX model, is designed in this study. Its structure is shown in Figure 3, where
u(t) and y(t) represent the system’s input and output, respectively, and y(t) is the output of
the NARMAX model. Z~! denotes a unit delay. Its magnitude represents the output result
from the previous iteration, corresponding to the parameter §j(+ — 1). The expression for
the FNN is as follows:

O(k) = ilefP(Sj(k)) (6)
]:
S](k) = iwijli (7)
i=1

In the equation, w;; and w; are the weights between the input and hidden layers,
along with between the hidden and output layers, separately; I and O are the inputs and
outputs of the FNN, respectively; S;(k) is the input of the jth neuron within the hidden layer.
Furthermore, m and n indicate the number of neurons in the input and hidden layers of the
FNN separately. In this paper, the activation function ¢ is chosen as an upward-opening
univariate quadratic function. This is because the increase in the function value as the
independent variable increases correspond roughly to the trend in the first half of the
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hysteresis, while the decrease in the function value as the independent variable decreases
aligns with the trend in the latter half of the hysteresis.

v(k) yk)

Y
N
N

Figure 3. FN-QUPI model.

The FN-QUPI model is a composite model that combines a neural network with an
improved UPI operator to address the hysteresis nonlinearity present in PAM systems.
This model offers significant advantages in modeling complex hysteresis effects, enhancing
control accuracy, and improving system adaptability. (1) High-precision hysteresis compen-
sation: The hysteresis phenomenon in PAM systems often leads to reduced control accuracy.
The FN-QUPI model, with its refined hysteresis modeling capabilities, can effectively
compensate for this issue. (2) Strong robustness and adaptability under complex conditions:
The robustness of the FN-QUPI model is reflected in its ability to adapt well to various
operating conditions. Whether under sinusoidal input, complex harmonic input, or step
signal input, the FN-QUPI model can maintain high prediction accuracy and stability. This
robustness is especially beneficial in dynamic industrial or medical environments. When
faced with sudden load changes, pressure variations, or other disturbance factors, the
FN-QUPI model can quickly adapt, ensuring the system continues to operate normally.
(3) Reduced system lag and improved dynamic response speed: Due to the inherent lag
in PAM systems, there is often a noticeable response delay under rapid dynamic input.
The FN-QUPI model, by accurately predicting the relationship between displacement and
pressure, reduces the lag effect, enabling the system to quickly follow input signals.

2.2. The Inverse Model of QUPI

In order to address the issue of low-trajectory tracking control accuracy caused by
hysteresis characteristics in the operation of pneumatic artificial muscles (PAMs), this paper
designs and applies an inverse model based on the QUPI model, aiming to compensate for
the hysteresis effect in the control system, thereby improving the system’s control accuracy
and response speed. In complex dynamic systems, hysteresis often leads to delays and
errors between input and output, and traditional control methods show limitations when
dealing with such nonlinear effects. The introduction of the inverse model effectively
resolves this issue. The core function of the inverse model in the control system lies in its
ability to predict the input signal based on known output values, allowing the system to
adjust in advance, thus achieving precise feedforward control. This control strategy enables
the pre-adjustment of input parameters before system operation, reducing the negative
impact of hysteresis, achieving smoother dynamic responses, and higher control accuracy.
Additionally, the system can quickly adjust to the correct operating point, significantly
improving its response speed. Based on the detailed introduction of the QUPI model earlier,
this paper further applies the inverse model of the QUPI operator to system control to
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compensate for the hysteresis characteristics of the PAM. The output expression of the
QUPI operator is simplified as follows:

Faunilul k) = a0} #) + 1 dy, 1 ®
L

In the equation, q is a constant, [1](k) represents the input at time k, d; is the weight
coefficient, and j is the number of QUPI operators.

Since the relationship between pressure and displacement forms a hysteresis model,
its inverse model is also a hysteresis model. The inverse model of the QUPI operator is:

Toupr '[u](k) = g7 [u] (k) + Y_ g(7;)y;,[u] (k) ©9)

In the equation, 7; represents the threshold of the inverse model, and g is the density
function of the inverse model. The expressions are as follows:

j-1
7]' = qr; + Z pi (7”] — 7’1') (10)
i=1

1=

Pi

§i=" j i1
(q + El Pi) <q + El Pz’)

In the equation, g~ ! is a constant equal to 1/4. Therefore, the key to solving the QUPI
inverse model lies in identifying the parameter 4! and the vector. In this paper, particle
swarm optimization (PSO) is used for parameter identification to obtain the optimal solu-
tion. The QUPI inverse model demonstrates excellent real-time compensation capabilities
in practical system operations. By introducing the density function and the recursive
update formula for the threshold, the input signal can be dynamically adjusted in real time
according to the changes in the system’s state.

(11)

2.3. Parameter Optimization

The parameter optimization of the FN-QUPI model includes two parts, namely the
weight coefficients d;; of the QUPI hysteresis operator and the neural network parameters
wjj and the three coefficients of the activation function (quadratic function) in the FNN-
NARMAX. The parameters to be optimized in the QUPI inverse model are 4! and g in
the formula.

The parameter identification of the PAM system involves multiple nonlinear charac-
teristics, and traditional optimization methods may easily fall into local optima. However,
particle swarm optimization (PSO), by simulating the cooperation and competition among
individuals in a swarm, can effectively avoid this issue. Additionally, PSO has a fast
convergence speed and relatively low computational complexity, making it highly suitable
for parameter optimization in PAM system models, ensuring more accurate and stable
model parameters [20]. PSO relies on information exchange among particles in the swarm,
referred to as a “swarm”. The swarm is composed of individuals known as particles,
and it is initialized with a population of random solutions. Each particle is also assigned
a random velocity function. Particles adjust their trajectories toward their current best
solution, Ppest. Moreover, each particle modifies its trajectory based on the current best po-
sition, Gpegst, achieved by other particles in its neighborhood. The fitness function measures
the performance of each particle to determine whether the best-fitting solution has been
achieved. Throughout this process, the fitness of the best individual improves over time
and eventually stabilizes when the process concludes, with the final stabilized parameters
aligning with the globally optimal parameters.
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In this paper, the particle swarm optimization (PSO) is selected for system model
recognition. In terms of the FN-QUPI model and its inverse model, the parameters to be
discerned have been greatly reduced compared with other hysteresis models. Therefore,
the least-squares method shown in Formula (12) can be directly used as the fitness function.
The specific objective is to achieve a satisfactory fitness value for the model through iterative
optimization or to terminate the calculation when the maximum number of iterations is
reached. By combining particle swarm optimization, the optimal parameter values for the
FN-QUPI model are ultimately obtained. The process of parameter identification for the
FN-QUPI model using particle swarm optimization is shown in Algorithm 1.

1 A2
S = HZ(FZ- - £) (12)

In the equation, F; represents the actual value of the PAM’s driving mechanism, F; rep-
resents the model output value, and H represents the number of samples in identification.

Algorithm 1. The parameter identification process using particle swarm optimization

Input: Training dataset of pressure and displacement.
Parameter settings: maximum iterations ite = 100; number of QUPI operators N, = 10;
number of particles in the swarm N = 50; polynomial function order Nj, = 2.
Initialization of parameters: weights in the QUPI model w~(—0.02,0.02);
Parameters of the activation function in the hidden layer:
a~(—1,0); b~(0,0.5); c~(0,0.5).
The weights of the two-layer neural network w;;~(0,0.5).
If i <ite (where i represents the current iteration count)
Calculate the output of the FN-QUPI model O(k).
Calculate the particle swarm fitness function S.
Update the parameters.
End
Output: Final computed results of the model.

3. Position Control Strategy of PAM

During the operation of a PAM, geometric deformations occur, and these nonlinear
deformations affect the trajectory tracking control accuracy of the upper limb exoskeleton
robot driven by the PAM. In this paper, a feedforward control strategy based on the QUPI
inverse model is employed, combined with a composite control strategy that integrates
incremental PID-feedback control and incremental PID iterative learning. The target
displacement of the PAM serves as the input to the inverse model, and the output pressure
is applied to the PAM. The controlled system (FN-QUPI model) then calculates the actual
displacement of the PAM. Although the feedforward control using the QUPI inverse model
compensates for the hysteresis nonlinearity, bringing the output closer to the actual value,
some errors still remain. To address this shortcoming, the QUPI inverse model feedforward
control is combined with incremental PID-feedback control. Specifically, the system first
provides a feedforward signal based on the reference signal, followed by the incremental
PID controller adjusting for system errors. The final input signal to the system is the sum
of the feedforward and feedback signals. The output value of the PAM is influenced by
the previous output value, so iterative learning is added on top of the incremental PID
algorithm. Iterative learning control (ILC), by performing multiple repeated operations,
gradually improves the control precision, making it particularly suitable for repetitive
tasks. ILC uses the error information from previous operations to adjust the control input
for the current operation, thereby continuously approaching the ideal control result and
significantly enhancing control accuracy.
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3.1. Experimental Platform

The experimental object is the McKibben-type PAM made in the laboratory. To illu-
minate the hysteresis relationship between displacement and pressure, an experimental
device, as shown in Figure 4, was constructed. The cylinder (SC standard cylinder 32 x 250)
acts as a load to reduce accidental errors caused by hanging heavy objects or weights. Dur-
ing the experiment, the pneumatic muscles are placed horizontally, with one end fixed by a
force sensor (MEACON MIK-LCSI) to the experimental platform and the other end linked
with a cylinder by installing one laser displacement sensor (Panasonic HG-C1100) baffle.
The internal pressure of the pneumatic muscles and cylinder pressure are controlled by a
proportional valve (NITV 2050-312L). As shown in Figure 5, the computer host communi-
cates with dSPACE and sends an analog signal to the proportion valve. Then, such a valve
converts voltage signals into pressure signals. In addition, this charges and deflates the
cylinders and PAMs that rely on the air pressure provided by the air compressor at the
air source. In addition to the tension-compression sensor, the laser displacement sensor
converts the tension and displacement changes of the PAM into voltage signals and outputs
them to dSPACE to return to the computer host. Next, the output signals mentioned are
changed into tension and displacement by the Simulink program. The main data recorded
are the input voltage of the pneumatic muscle, the cylinder input voltage, the tension-
compression sensor output force, and the laser displacement sensor output displacement.
This paper mainly studies the hysteresis pertinence between pressure and displacement,
with the readings of the force sensor not used.

Force sensor

displacement transduce

Figure 4. Experimental platform.

— Displacement | Tension < Fixed
— sensor N sensor bracket

Cylinder [ [

»]

| 4
Proportional | Dspace
valve 1
Proportional |
valve 2

Figure 5. Experimental schematic diagram.
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3.2. Feedforward Hysteresis Compensation Control

Feedforward control based on the inverse hysteresis model of pneumatic artificial
muscles is a control strategy designed to accurately compensate for the complex hysteresis
effects of PAMs. The hysteresis characteristics of the PAM arise from the nonlinear behavior
of its material and the lag between pressure, output force, and displacement, which makes
achieving high-precision motion control difficult with traditional control methods. To
address this challenge, feedforward control establishes an inverse model of PAM hysteresis,
using the model to predict the input pressure required for different target outputs, thereby
effectively reducing the tracking errors caused by hysteresis. In practical applications, when
the system provides a predetermined target output, the feedforward controller directly
calculates the precise input signal based on the inverse hysteresis model, allowing the
system to respond quickly and follow the target trajectory. The advantage of this approach
is that it eliminates the need to wait for feedback error adjustments, enabling the system to
directly compensate for delays caused by hysteresis, thereby improving control accuracy
and response speed. This method is particularly effective in high-frequency motion or force
control tasks (such as robotics and bionic exoskeletons), where feedforward control based
on the inverse hysteresis model performs exceptionally well.

With the ideal displacement as the inverse model input, the output pressure acts
on the PAM. It can effectively compensate for the hysteresis effect in the system, thereby
improving control accuracy and response speed. Through feedforward control, the system
can adjust the input without relying on feedback, significantly reducing error accumulation.
Set nn = 10 in the formula, the final parameters can then be determined by the PSO algorithm,
which not only reduces the complexity of the calculation but enhances the precision of
the modeling suitable for real-time control. To verify the performance of feedforward
hysteresis compensation, the inverse model was tested through a triangular wave input
signal under a 0.05 Hz frequency and 0.5 bar amplitude. Figure 6 displays the fitting results
of the feedforward hysteresis loop, real-time fitting results, and real-time fitting errors.
Consequently, the maximal error of the inverse model result is 0.03 bar, and the mean error
is 0.01 bar. The pressure-displacement hysteresis of the PAM has been adjusted. However,
due to the modeling uncertainty and the unmodeled slow driving characteristics, certain
errors still exist when taking this inverse model as a PAM output displacement feedforward
compensator. In practical applications, combining feedforward control with methods such
as incremental PID iterative learning feedback control leverages the fast response capability
of feedforward control while using the feedback mechanism to correct errors in real time,
thereby enhancing the system’s robustness and disturbance rejection ability.

0.4
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Figure 6. Fitting results of QUPI inverse model. (a) Fitting of length—pressure hysteresis loop. (b) Air
pressure fitting diagram and real-time error diagram.
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3.3. Feedforward-Incremental PID-Feedback Composite Control

Since inverse compensation control is an open-loop control, its performance can be
affected by model uncertainties, leading to decreased accuracy. Additionally, incremental
PID-feedback control tends to perform poorly when handling complex nonlinear hysteresis
systems. Therefore, this paper adopts a composite control strategy that combines feedfor-
ward control based on the QUPI inverse model with incremental PID-feedback control,
defined as Control Method 1. In this method, feedforward control is first used to predict
and adjust the motion of the PAM, followed by real-time correction and optimization
through feedback control [21].

Feedforward control is mainly based on a predefined action model, allowing for a rapid
response and advance adjustment of the PAM’s movement. Feedback control continuously
monitors the difference between actual and target motion, dynamically adjusting the control
input to ensure the accuracy and smoothness of the motion. At the same time, feedforward
control pre-calculates the control signal, directly compensating for system nonlinearity
significantly reducing dynamic errors, especially during the initial response phase, where
it demonstrates fast and precise control. Figure 7 shows the block diagram of the control
system, where Z represents the target displacement of the PAM, and Z represents the
actual displacement of the PAM. IPID represents the incremental PID.

Inverse QUPI |
model
+ +
Zy + P
» [PID » PAM >

Figure 7. Block diagram of feedforward-incremental PID-feedback composite control system.
In the displacement tracking control process of the PAM actuator, the error function is:
e(k) = I8(k) — I"(K) (13)

In the equation, 8 (k) represents the target deformation of the PAM and /" (k) represents
the actual deformation of the PAM. Therefore, the control law for PAM pressure is:

p(k) = IQUPI(p(k —1),15(k)) + u(k) (14)

u(k) = Kp(e(k) —e(k —1)) + Kie(k) + Kq(e(k) — 2e(k — 1) 4 e(k — 2)) (15)

In the equation, p(k) represents the pressure of the PAM, IQUPI(p,l) is the output
pressure value of the QUPI inverse model, and u(k) is the pressure compensation value
from the incremental PID feedback. Ky, K;, and Ky are the proportional, integral, and
derivative gains of the incremental PID, respectively.

Due to the fact that accumulation is not required in the control algorithm, which
is only related to the last k samples (k = 3 in this paper), the impact of misoperation is
relatively small, and it is easier to obtain better control results through weighted processing.
During the parameter adjusting process, it was found that as long as the parameters of the
PID controller were not small or too large, there would be no oscillation. Therefore, the
nonlinear characteristics of the system have been improved.
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3.4. Feedforward-Incremental PID-Type Iterative Learning Feedback Composite Control

The output value of the PAM is influenced by the previous output value, so iterative
learning is added to the incremental PID algorithm. The combination of QUPI inverse
model feedforward control with incremental PID-type iterative learning feedback control is
defined as Control Method 2. This approach fully leverages the fast response characteristics
of feedforward control and the error correction capability of iterative learning, forming
an efficient control method that can both respond quickly and optimize gradually. By
using error information during each iteration of system operation, iterative learning control
can continuously optimize the control input, enabling the system to approach the ideal
control target through repeated operations. During this process, incremental PID control
ensures system stability and robustness, avoiding issues such as integral saturation, which
can occur with traditional PID control. Particularly when facing large disturbances or
load variations, an incremental PID can rapidly adjust the system output, maintaining
overall system stability. The key advantage of this composite control strategy lies in its
combination of fast response and error correction capabilities, allowing the system not only
to quickly reach the desired target but also to continuously optimize control performance
during operation. Especially in PAM applications, this method effectively addresses the
system’s nonlinearity and complex dynamic behavior, ensuring precise trajectory tracking
and stable dynamic performance under various working conditions. The block diagram of
its control system is shown in Figure 8, where Z; represents the target displacement of the
PAM, and Z represents the actual displacement of the PAM.

Inverse QUPI
model

»

— IPID PAM

\ 4

Figure 8. Block graph on feedforward-incremental PID-type iterative learning feedback composite
control system.

In the displacement tracking control process of the PAM actuator, the error function is:
e(k) =18 (k) — I (k) (16)

In the equation, I8 (k) represents the target displacement of the PAM and I” (k) repre-
sents the actual displacement of the PAM.
Combining iterative learning, the control law for the PAM pressure can be expressed as:

p(k) = IQUPI(p(k —1),18(k)) + u(k) 17)

u(k) = u(k —1) + Kp(e(k) —e(k — 1)) + Kje(k) + Kg(e(k) —2e(k — 1) +e(k—2)) (18)

In the equation, p(k) represents the pressure of the PAM, IQUPI(p,l) is the output
pressure value from the QUPI inverse model, and u(k) is the pressure compensation value
from the incremental PID feedback. KP, KI, and KD are the proportional, integral, and
derivative gains of the incremental PID, respectively.
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4. Results and Discussion

After identifying the parameters of the FN-QUPI model and the QUPI inverse model
using particle swarm optimization, this section first uses the FN-QUPI model to predict
the output displacement data and compares it with the actual experimental data. The
applicability of the FN-QUPI model is validated under different load conditions and
input pressure signals. Secondly, the output displacement data predicted by the two
composite control schemes are compared with the actual displacement, and the adaptability
of the model is verified under different input pressure signals for the PAM, and finally,
the accuracy of the model through error values. The feasibility and superiority of the
feedforward control-incremental PID iteration learning control (Control Method 2) for the
hysteresis tracking control of the PAM are proved.

4.1. Evaluation Method for the Model

To evaluate the precision of the model, two evaluation criteria are introduced for
quantitative analysis, namely, MAE and RMSE. The formulas are as follows:

MAE — ;Ji’lj —’z}' (19)

1H

RMSE—\IH;((IJ-—T]-))Z (20)

In the equation, H indicates the whole quantity of data, /; means the practical value
obtained from our experiment, and E refers to the predicted value from the model.

4.2. Validation Results of the FN-QUPI Model

This section validates the applicability of the FN-QUPI model under different load
conditions and input pressure signals. Ultimately, the high precision and accuracy of the
model in describing the positional hysteresis of the PAM are demonstrated through the use
of the mean absolute error (MAE) and root mean square error (RMSE) values.

(1) The same load with varying frequency and amplitude sinusoidal excitation signals.

When a load of 2 kg is applied to the end of the PAM, the sinusoidal pressure signal
from Equation (19) is used to drive the PAM, resulting in the actual output displacement
of the PAM. The input signal is then processed through the FN-QUPI model to predict
the PAM’s output displacement. The hysteresis curves corresponding to three amplitude
levels at 0.05 Hz and 0.1 Hz are obtained. The comparison between the actual hysteresis
curves and the predicted PAM hysteresis curves, as well as the real-time error analysis for
the three cases, are shown in Figures 9a—c and 9d-f, respectively.

u(t) = (p/2)sin(cmt) +p/2,(p = 0.5,0.8,1.3 bar; c = 0.1,0.2) (21)

The MAE and RMSE values for the displacement between the FN-QUPI model output
and the actual output under the same load with different frequencies and amplitudes are
shown in Table 1. The fitting error magnitude of the hysteresis model for the FN-QUPI
model is on the order of 10~® m, indicating that the predicted output displacement by the
FN-QUPI model aligns well with the experimental data, demonstrating high accuracy
and excellent predictive capability. According to the real-time error graph, the error
increases with the amplitude, and when the amplitude reaches 1.3 bar, the error is most
noticeable during large PAM contractions. This phenomenon is determined by the flexible
characteristics of pneumatic muscles. When the amplitude increases to approach the
contraction limit of the pneumatic muscle, the nonlinearity of the displacement becomes
more apparent, making predictions more challenging. Therefore, as the amplitude increases,
the nonlinear behavior of the pneumatic muscle under high stress becomes more prominent,
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further affecting the prediction accuracy. However, despite the increase in error at larger
amplitudes, the FN-QUPI model still exhibits strong fitting ability, accurately predicting
the displacement output of the PAM under complex conditions. This further demonstrates
the effectiveness of the FN-QUPI model in addressing nonlinear hysteresis phenomena,
providing a reliable foundation for future control system optimization.
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Figure 9. Hysteresis curves of PAM corresponding to different frequencies and amplitudes under
2 kg load: (a—c) 0.05 Hz; (d—f) 0.1 Hz. (a) Actual hysteresis curves at 0.05 Hz; (b) Comparison of
hysteresis curves at 0.05 Hz; (c) Real-time errors at 0.05 Hz; (d) Actual hysteresis curves at 0.1 Hz;
(e) Comparison of hysteresis curves at 0.1 Hz; (f) Real-time errors at 0.1 Hz.

Table 1. Errors of PAM corresponding to different frequencies under a 2 kg load.

Frequency (Hz) 0.05 0.1

Amplitude (bar) 0.5 0.8 1.3 0.5 0.8 1.3
MAE (mm) 0.0046 0.0167 0.0337 0.0013 0.0096 0.0201
RMSE (mm) 0.0064 0.0247 0.0392 0.0017 0.0142 0.0301

(2) Different loads and different frequency sinusoidal excitation signals.

Under the same amplitude conditions, the comparison between the predicted output
displacement of the FN-QUPI model and the actual displacement of the PAM at different
loads and frequencies, along with the real-time error graphs, are shown in Figure 10. In
each row, the graphs from left to right correspond to frequencies of 0.05 Hz, 0.1 Hz, 0.5 Hz,
and 1 Hz, respectively. From top to bottom, the loads correspond to 4 kg and 6 kg. The
red curves on the far right represent the real-time error graphs for each corresponding
condition. By analyzing the comparison graphs, it can be observed that at low frequencies
(such as 0.05 Hz and 0.1 Hz), the predicted displacement of the FN-QUPI model almost
completely overlaps with the actual displacement, with very minimal error. This indicates
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that the model is highly capable of capturing the dynamic characteristics of the PAM in
low-frequency environments, demonstrating excellent accuracy and adaptability. As the
frequency increases, especially at 0.5 Hz and 1 Hz, although the model still accurately
tracks the displacement variations of the PAM, the error graphs show a noticeable trend
of increasing error, particularly at the higher frequency of 1 Hz, where this error increase
becomes more prominent. A detailed analysis of the causes for the increased error reveals
that it mainly occurs during the rapid contraction and release phases of the PAM, where
the nonlinear effects of the PAM system become more complex. Overall, the FN-QUPI
model demonstrates excellent dynamic response capability and the precise tracking of

PAM displacement.
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Figure 10. Hysteresis curves of PAM under the same amplitude corresponding to different frequencies
and loads. (a) Fitting diagram of hysteresis at different frequencies under a 4 kg load; (b) Error
diagram of hysteresis at different frequencies under a 4 kg load; (c) Fitting diagram of hysteresis at
different frequencies under a 6 kg load; (d) Error diagram of hysteresis at different frequencies under
a 6 kg load.
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As the load gradually increases, the displacement response of the PAM exhibits a
decreasing trend, and the hysteresis phenomenon becomes more pronounced. However, the
FN-QUPI model is still able to fit these changes well, demonstrating its strong adaptability
and modeling capabilities. Overall, the prediction accuracy of the FN-QUPI model is higher,
and the error is smaller when the load is lighter. However, as the load increases, especially
under the combination of high frequency and high load, the error tends to increase. This
indicates that the PAM system exhibits stronger nonlinear effects under complex working
conditions, which challenges the prediction accuracy of the model. Nevertheless, the FN-
QUPI model still shows strong robustness in most cases. The MAE and RMSE error values
between the predicted displacement from the FN-QUPI model and the actual displacement
of the PAM under different frequencies and loads with the same amplitude are shown in
Table 2.

Table 2. Error of PAM under different conditions corresponding to the same amplitude condition.

Load (kg) 4 6
Amplitude (bar) 0.05 0.1 0.5 1 0.05 0.1 0.5 1
MAE (mm) 0.012 0.011 0.009 0.015 0.007 0.007 0.005 0.008
RMSE (mm) 0.016 0.014 0.011 0.021 0.011 0.009 0.007 0.011

As the table indicates, the error magnitude is also in the order of 10~ ®m, meaning the
predicted output displacement of the model aligns very closely with the experimental data.
Especially under lower frequency and lighter load conditions, the error is even smaller,
further validating the accuracy of the model. This result not only proves the precision of the
FN-QUPI model within the normal operating range of pneumatic artificial muscles (PAM)
but also highlights the model’s effectiveness in dynamic system modeling. The FN-QUPI
model is able to precisely capture the nonlinear dynamics of the PAM system, particu-
larly under low-frequency and low-load conditions, where its high prediction accuracy
showcases the model’s deep understanding and control of complex dynamic processes. Al-
though the error increases under conditions of high load and high frequency, the FN-QUPI
model still tracks the actual displacement changes of the PAM well, demonstrating its
powerful ability to handle nonlinearities. This result further validates the advantages of the
FN-QUPI model in managing complex nonlinear systems, indicating its wide application
prospects and practical value, especially in scenarios requiring high-precision modeling
and real-time control.

4.3. Validation Results of PAM Displacement Tracking Control

After obtaining the QUPI inverse model parameters through system identification
using the particle swarm optimization algorithm, the two composite control schemes were
used to predict and compare the PAM’s output displacement with the actual displacement.
The model’s adaptability was validated under different PAM input pressure signals, and the
accuracy of the model was ultimately demonstrated through error values. The parameter
values of the control law are shown in Table 3.

Table 3. Control law parameters.

Control Method K, K; K,
Method 1 9.5 1.3 0.5
Method 2 5.0 0.5 0.1

(1) Sinusoidal Excitation Signal

To verify the accuracy of the displacement tracking control strategy for the control
methods proposed in this paper under different input signals of pneumatic artificial mus-
cles, six sinusoidal input signals with different amplitudes and frequencies, as shown in
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Table 4, were selected and defined as Scheme 1 through Scheme 6. Based on these different
input conditions, the performance of the two composite controllers was compared, with a
focus on analyzing the performance of the two control methods under complex dynamic
input conditions.

Table 4. Verification scheme based on inputting sinusoidal signals.

No. Amplitude (mm) Cycle (s) Total Time (s)
1 6 20 20
2 12 20 20
3 6 10 20
4 12 10 20
5 6 5 20
6 12 5 20

Figure 11 shows the PAM trajectory tracking results of the two controllers under the six
schemes. In Figure 11, the three subplots in (a), from top to bottom, respectively, represent
the feedforward control pressure compensation, the pressure compensation of the two feed-
back controls, and the total feedforward-feedback compensation. Comparing the results of
the (a) plots across the six schemes reveals that when using the same feedforward scheme,
the feedforward control pressure compensation for both control strategies is identical. How-
ever, the performance of the two feedback control strategies differs significantly, directly
leading to a notable difference in the final total compensation. Part (b) of Figure 11 contains
two subplots. From top to bottom, they show the fitting of the final output displacement
to the desired displacement for the two control strategies, as well as the real-time error of
the fitting.

The experiments show that although the tracking error of the PAM-driven system
increases under high-frequency and step input conditions, the overall error remains within
1 mm, indicating that the system has strong robustness and adaptability under complex
working conditions. By finely adjusting the control parameters, the system can further
improve its tracking performance under extreme input conditions, reducing errors and
enhancing response accuracy. In the PAM-driven system, due to its inherent hysteresis,
simple feedback control often struggles to handle complex nonlinear behavior. However,
by introducing the iterative learning algorithm, the system can gradually optimize the
control output, compensate for hysteresis effects, and adapt to dynamic changes across
multiple operations. This iterative learning algorithm leverages historical error data to
continuously adjust the controller’s input signal, making Control Method 2 exhibit higher
control accuracy and a faster response speed compared to Control Method 1. The introduc-
tion of iterative learning significantly enhances the control system’s adaptive capability,
making it perform more effectively when faced with complex nonlinear systems. This
controller can not only quickly correct errors and improve trajectory tracking accuracy but
also achieve stable system responses in a shorter time, significantly boosting the overall
performance of the control system.

Under different input signals, Control Method 2 for pneumatic artificial muscles
(PAMs) improved the error accuracy by approximately 10 times compared to Control
Method 1 in both the MAE and RMSE values. The comparison of error values between
the two control schemes is shown in Table 5. For the PAM flexible actuators, incremental
PID-feedback control may exhibit certain limitations in handling complex nonlinear and
dynamic hysteresis effects, making it difficult to achieve the desired control accuracy.
However, by combining iterative learning with incremental PID-feedback control, the
gradual error correction capability of iterative learning allows the control output to be
continuously optimized over multiple iterations, progressively eliminating errors caused
by the hysteresis effects and nonlinear characteristics. Iterative learning uses the error
information from the previous operation to correct the current operation, enabling the
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system to better adapt to the characteristics of PAMs, thereby significantly improving the
accuracy of displacement output.

e T T T T T T
T T T T T T
_ T T T T T T .
g os B & 'r Method 1 1
=3 Method 1 E 4r N 3 etho
H - =
5 . Method2 = Target dat H __. Method 2
2 o , | , . , , g arget data 2 o , , , . , ,
4 2 4 6 8 10 12 i 16 18 2 g 2r Method 1 4 g 0 2 4 6 8 10 12 14 16 18 20
= time (s) § time (s)
H —— Method 2
s 0 L L L L L T T T T T T T
— s 2 4 6 16 18 20 = 04
= 04 | - . b4 [
H time (s) ) Method 1
= T o2 | ]
g 2r 1 04 £ . Method2
] T T T T T T T T T i,
[ 2 3 f N 0 1z I M 1 % - g o 2 4 s s 10 2 14 0 s )
=l - F 4 .
time (s) g time (s)
E
. . . = 02 L B 2 T T T T T T T T T
PR z B
B S o1 ] < L Method 1 ]
T oos | . Method 1 ] :
H Method 2 E E Method 2
% o . , . ] ; . . . . . .
g o 2 4 s 0 0 c 2 4 6 8 10 12 14 16 18 20 2 0 2 4 3 0 0 12 14 16 18 20
time (s) time (s) time (s)
15 T T T T T T T T T s T g T T T T T
- T -
z 0l 1 Eoest — T 4 ,
E 5 Method 1 E
£ ° £
H Target data Z o L ‘ Method? |, g, Target data
E °r 1 g 2 4 5 s E 2f Method 1 1
g Method 1 = g etho
= ]
= Method 2 2 Method 2
2 [] L L L L L L £ [] L L L L
= [ 2 4 6 8 10 12 14 16 18 20 = I 2 4 6 8 10 12 14 16 18 20
4l .
time (s) ¢ time (s)

pressure (bar)

T T T T T T T 03 [ T 4
o . . . . . . . .
o 2 4 o s 10 2 14 16 18 2
~ 03| ] . =
E time (s) I
£ E 4
< oz 1 - T E
] = 1F 4
H 5 E o1 ]
3 oa 1 = g
3 =]
g z 05| Method 1 K
L g z
% = Method 2 Z
5 0 2 o L L L L L L 5 0
J 2 4 s 8 10 12 14 1 18 2 2 o 2 4 s s 10 12 1 1o 18 2 o 2 4 6 8 10 12 14 16 18 2
. a . .
time (s) time (s) time (s)
© T
] = Z os| 1
R 1 £ 10l B <
o Miethod T E o —TTT
2 ethod 2 b 2 . Methoa2
g o . . . . . . i g2 o . . . . . .
g 2 l 0 ] E s Target data — g 2 4 o )
time (s) H ———— Method 1 time (5)
El Method 2
2 Ve U ST e 3w w W % w » o ‘
ol T o4 |
2 p—— T time (s) ) . Method
14 02 Method 2 4 0 l‘-‘ 0.2 Method 2
H T T T T T T T T T 5
2 o n n n —— n n n 2 o " n " P i n n !
2 o 2 4 s s 10 12 1 16 18 2 s £ o 2 4 6 0 10 12 14 16 18 2
= . - 1 & .
time (s) £ time ()
E
2 T T T T T T T T T = 02 1
_ z -, T T T T T
o o b ]
= £ ]
£ 1L 4 g o1 £
2 = @ 08 Method |
= 2
5 g Fi Method 2
) , . . . . . £ o n n n n 2 . . . . . . .
£ 0 2 8 1 12 14 18 18 20 ° 2 4 U 8 1 12 " 1 L4 2 2 o 2 4 6 8 10 12 14 16 18 20
s . . = "
time (s) time (s) time (s)
6 T T T T T 15 T T T T T T
.| ] . . . . . o tagadn
_ T, _ e Mehoat
E ol 1 E 1 E ol e Vtbon2 1
£ z E——TT £
< st ] 2 S
= H Method 2 ]
g 2 0 | , . . . . g
E 2p 4 2 o 2 4 O 8 10 12 14 16 18 20 E Sr Bl
Torgetdutn a2 . g
2 ol e time (s) Z
& e Memoa2 5
£ o | , . . . , . £ o . . . . . . . .
0 2 4 6 8 10 2 1 16 18 2 T os 0 2 4 3 s 10 2 14 16 18 20
ime (s H .
time (s) H S time (s)
@ 02 Method 2 1
04 , , , , : : : : : ] 04 , . . , , : . . :
2 o T ! ! T T n n T
£ 0 2 4 6 8 10 2 14 16 18 20
~ 03l ] ) . ~ o3|
g time (s) E
g o Miethod T ) E 02
< o Methed 2 1 r T T r T r T T r <
H M z 5 Sethod
£ = £ Method 2
g o < N g o1
] 2 JR—rT g
& 2 o Methoa2 E)
£ o 2 o . . . . . . Z o
0 2 4 ) 8 10 12 14 16 18 20 ‘5. o 2 4 € 8 1 12 1 16 18 20 o
time (s) time (s) time (s)

Scheme 5 (b) Scheme 6 (a) Scheme 6 (b)

Figure 11. Displacement tracking of two control schemes under different sinusoidal signals.
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Table 5. Comparison of error values between two control schemes under sinusoidal signal.
Experimental Plan 1 2 3 4 5 6
Control plan 1 2 1 2 1 2 1 2 1 2 1 2
MAE (mm) 0.26 0.01 0.29 0.02 0.24 0.01 0.27 0.02 0.26 0.01 0.27 0.02
RMSE (mm) 0.28 0.02 0.31 0.03 0.26 0.03 0.28 0.04 0.27 0.03 0.28 0.03
(2) Complex Harmonic Signal

pressure (bar) pressure (bar)

pressure (bar)

(a) Compensation amount for two control schemes

To verify the applicability of the control model, a complex harmonic input signal
was used to validate the model’s accuracy. A complex harmonic signal contains multiple
frequency components, exhibiting more complex fluctuation characteristics and a larger
dynamic range, which poses higher demands on the adaptability and real-time performance
of the controller. The comparison of the two control schemes under complex harmonic
signals is shown in Figure 12. Figure 12a sequentially displays the changes in feedforward
control compensation, the compensation amounts of the two feedback control schemes, and
the total compensation under the complex harmonic input signals, where the compensation
of Control Method 2 is smoother and responds faster. Figure 12b shows the real-time
fitting results and error variations of the two control schemes. Control Method 2 exhibits
significantly smaller errors during rapid signal changes, with the final error converging
within 0.2 mm, while the error convergence speed of Control Method 1 is slower, stabilizing
at around 0.4 mm. Overall, the comparison shows that Control Method 2 reduces the error
by approximately 30%, and its response speed is about 20% faster than Control Method
1. The use of iterative learning in Control Method 2 allows it to achieve stability more
quickly and smoothly than Control Method 1 during rapid signal changes. Therefore,
Control Method 2 is not only suitable for sinusoidal input signals but also exhibits high
accuracy for complex harmonic signals, proving the model’s broad applicability. This
also demonstrates that the addition of iterative learning allows the controller to directly
compensate for memory-based compensations, rapidly suppressing tracking errors and
improving positioning accuracy.
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Figure 12. Comparison of two control schemes under complex harmonic signals.

The comparison of the error values between the two control schemes under complex
harmonic signals is shown in Table 6. Compared to Control Method 1, the error in Control
Method 2 is significantly reduced, with both the MAE and RMSE values decreasing by an
order of magnitude. This indicates that Control Method 2 demonstrates higher accuracy
and better stability when handling complex harmonic signals, with minimal error and
significantly improved displacement tracking control precision.
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Table 6. Comparison of error values between two control schemes under complex harmonic signals.

Control Plan 1 2
MAE (mm) 0.189 0.0185
RMSE (mm) 0.221 0.0267

(3) Complex Triangular Wave Signal

Finally, to further verify the applicability and accuracy of Control Method 2, a complex
triangular wave input signal was used to test and validate the control model. The fitting
results and real-time errors are shown in Figure 13. Figure 13a sequentially presents the
changes in the feedforward control compensation, the compensation amounts of the two
feedback control strategies, and the total compensation under the complex triangular wave
input signal. Control Method 2 exhibited smoother adjustments and faster responses. It was
able to significantly reduce delay compensation during rapid signal changes, demonstrating
stronger adaptability. Figure 13b shows the real-time displacement fitting results and error
variations for both control schemes. Control Method 2 quickly converged the error to within
0.2 mm, while Control Method 1’s error stabilized at around 0.4 mm. Overall, Control
Method 2 reduced the error by approximately 30% and increased the response speed by
about 20%. Additionally, the error curve for Control Method 2 was smoother with smaller
fluctuations, indicating higher control accuracy. The corresponding MAE and RMSE error
values are shown in Table 7. The results confirm the applicability of Control Method 2
for triangular wave signals. It demonstrates that the hysteresis characteristics of the PAM
can be compensated using Control Method 2, reducing the maximum error to around
0.01 mm, which is a significant improvement in accuracy compared to Control Method 1.
Moreover, Control Method 2 showed a notable increase in convergence speed, meaning
that the system can not only respond more quickly to input signals but also achieve precise
tracking in a shorter time, thereby further enhancing the overall control performance.

Target data

Method 1
Method 2

10 Method 1 B
Method 2

4 6 8

time (s)

10 12 14 16 18 20

displacement (mm)

Method 1

Method 2

T T T 0 I I I I I L L L L

0 2 4 6 8 10 12 14 16 18 20
time (s)

0.4

4 6 8

10 12 14 16 18 20

time (s) 03 [ 4

Method 1
Method 2

0.2 | 4

0.1 Method 1 3

Method 2

time (s)

displacement (mm)

10 12 14 16 18 20

0 2 4 6 8 10 12 14 16 18 20
time (s)

(b) Comparison chart for fitting two control schemes

Figure 13. Comparison of two control schemes under complex triangular wave signals.

Table 7. Comparison of error values between two control schemes under complex triangular wave signals.

Control Plan 1 2
MAE (mm) 0.257 0.0122
RMSE (mm) 0.277 0.0192

Overall, the combination of feedforward control and PID-type iterative learning
feedback control significantly improves the trajectory tracking accuracy of PAMs. The order
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of magnitude for the mean absolute error and the root mean square error can reach 0.01 mm,
with a maximum error of 0.2 mm. Compared to open-loop control with only feedforward
control [22], the control accuracy is greatly enhanced. In contrast, the maximum tracking
error of the existing PI inverse model feedforward control combined with the adaptive
projection algorithm in closed-loop control is 3.62 mm [23], indicating that the control
method proposed in this paper achieves higher precision.

5. Conclusions

To enhance the precision of the output displacement affected by hysteresis in PAMs, the
FN-QUPI model and the inverse model of QUPI are introduced. The modeling outcomes
indicate that the FN-QUPI model is able to efficiently forecast the output displacement
corresponding to the PAM input signals under different conditions. Based on this, to make
up for the displacement deviation caused by hysteresis in PAMs, this paper proposes a
composite control of feedforward control-incremental PID-type iterative learning feedback
control of the QUPI inverse model, proving that the model has high accuracy for different
input signals. The conclusions can be reached as follows:

(1) The FN-QUPI model reduces the number of unknown parameters and simplifies
the process of parameter identification, effectively predicting the output displace-
ment corresponding to the input signals of the pneumatic artificial muscle under
different conditions.

(2) The QUPI inverse model proposed in this paper, combined with the incremental
PID-type iterative learning composite control model, can achieve high-precision
displacement tracking of the pneumatic artificial muscle, and the control system
demonstrates good robustness to different input signals of the PAM.

(38) The results demonstrate that the FN-QUPI model and composite control model have
high accuracy and fast convergence speed for different input signals. The FN-QUPI
model can be used for hysteresis modeling of pneumatic artificial muscles or other
flexible actuators. Composite tracking control is significant in improving control
accuracy and robustness, adapting to various working conditions, and effectively
compensating for hysteresis and nonlinear effects. It is widely applicable in fields
such as robotics, rehabilitation devices, and industrial automation.
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