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Abstract: In practice, most industrial robot manipulators use PID (Proportional + Integral + Deriva-
tive) controllers, thanks to their simplicity and adequate performance under certain conditions.
Normally, this type of controller has a good performance in tasks where the robot moves freely,
performing movements without contact with its environment. However, complications arise in
applications such as the AFP (Automated Fiber Placement) process, where a high degree of precision
and repeatability is required in the control of parameters such as position and compression force
for the production of composite parts. The control of these parameters is a major challenge in terms
of quality and productivity of the final product, mainly due to the complex geometry of the part
and the type of tooling with which the AFP system is equipped. In the last decades, several control
system approaches have been proposed in the literature, such as classical, adaptive or sliding mode
control theory based methodologies. Nevertheless, such strategies present difficulties to change their
dynamics since their design consider only some set of disturbances. This article presents a novel
intelligent type control algorithm based on back-propagation neural networks (BP-NNs) combined
with classical PID/PI control schemes for force/position control in manipulator robots. The PID/PI
controllers are responsible for the main control action, while the BP-NNs contributes with its ability
to estimate and compensate online the dynamic variations of the AFP process. It is proven that the
proposed control achieves both, stability in the Lyapunov sense for the desired interaction force
between the end-effector and the environment, and position trajectory tracking for the robot tip in
Cartesian space. The performance and efficiency of the proposed control is evaluated by numerical
simulations in MATLAB-Simulink environment, obtaining as results that the errors for the desired
force and the tracking of complex trajectories are reduced to a range below 5% in root mean square
error (RMSE).

Keywords: automated fiber placement; complex surface; neural network; classical control; force/position
tracking controller; Lyapunov stability

1. Introduction

The products required in sectors such as aerospace, submarines, automotive, wind
energy, and naval are becoming increasingly demanding in terms of material type, mechan-
ical properties, and customized geometry. To meet these demands, it has been necessary to
test numerous technological developments in the manufacturing area to improve efficiency
and quality. One such innovation is the Automated Fiber Placement (AFP) manufacturing
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process [1,2]. AFP is one of the most advanced, popular, and established automated com-
posite manufacturing techniques used to produce structures with highly complex geometry,
including surfaces with different radii and high degrees of curvature. AFP has attracted
significant interest as an advanced composite manufacturing technology due to its high
efficiency, repeatability, and effective reduction of labor intensity [3–5]. The automation of
this manufacturing process is achieved through the use of a placement head (AFP head)
mounted on the end effector of a manipulator robot. This head positions, heats, and con-
solidates the resin-impregnated fiber ribbons in a manner that is highly similar to manual
lamination [6,7]. To achieve optimal results in the final product, it is essential to precisely
follow the desired trajectories of the complex surface and maintain the compaction force
at the desired value. This requires the AFP head to be accurately positioned and oriented
by the manipulator robot [8–11]. Figure 1 illustrates the AFP system on a complex surface
mold, showcasing the main components of the system (own design).

AFP Head

Heating System

Reel of

Fiber Band

Compaction Roller

Force/Torque Sensor

Complex Surface

Six-Axis 

Manipulator Robot

Figure 1. 3D model of the six-axis robot with an automated fiber placement head.

The AFP manufacturing system presents a significant challenge due to its non-linear
and multivariable nature. It is susceptible to a range of external disturbances, including
interactions with geometry, the addition or removal of new components due to wear, the
integration of new technological developments, and electrical noise. These disturbances
can have a significant impact on the system’s performance. The technological capabilities
of the AFP system have been gradually enhanced by advances in robotics and mechatronics
over the past few decades. However, printing fiber placement remains a challenge due
to the high complexity of surface tracking and compaction force control. This presents an
important field of study and development for both the academic and industrial communi-
ties [12,13].

In the AFP process, it is essential that the robot tool maintains contact with the surface.
Therefore, it is necessary to moderate the position of the tool and the force exerted to ensure
optimal performance. Furthermore, it is essential to maintain the tool at a constant angle
relative to the surface in order to ensure uniform pressure at all contact points. There are
numerous approaches to this type of control problem, such as hybrid force and position
control of robotic manipulators, which can be found in current literature. In [14], a position
and force control scheme for automated fiber placement was presented. The proposed
method is integrated by a force control scheme based on exteroceptive sensor loops to
control the compaction force and a visual control scheme given by a camera to control the
lateral position of the tape. The objective is to improve the accuracy of fiber placement and,
subsequently, the quality of the fabricated parts. In [15], the authors proposed a variable
stiffness admittance control strategy (NVTS) for force and position tracking of a manipu-
lator to perform polishing applications on flat surfaces. This strategy employs a variable
stiffness proportional-integral-derivative (PID) law, which is designed to update the stiff-
ness coefficient of the admittance function in response to feedback from the force and
position. In [16], a novel constant position and force tracking control scheme is proposed,
based on an in-line stiffness and inverse damping force stiffness impedance controller
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(OSRDF). The objective is to track the desired force in robotic finishing operations. The
proposed approach tracks the desired contact force and reference trajectory as a function of
the reference position and velocity. In a similar vein, [17] presents an impedance control
for curved surface tracking and contact force regulation of a manipulator robot for robotic
tooling applications such as polishing and grinding. The surface geometry is tracked
and approximated through sensors installed on the robot end-effector. In [18], a coupled
force-position control (CFPC) method for a manipulator robot is presented. This method
combines the proposed adaptive impedance control method with a modified HFPC method,
which is designed for use in situations where the surface is inclined, curved, or otherwise
complicated. In [19], a novel symmetric internal and external adaptive variable impedance
symmetric control for the position/force tracking of welding process-oriented multi-robot
cooperative manipulators is proposed. In [20], the authors present a study of the complex
surface polishing process, wherein the gravity-compensated admittance control method
is employed to adjust the position and force of the manipulator robot tool. In [21], a
hybrid approach to force/position control of a robot manipulator for the machining of
complex parts (aero-engine blade) was proposed. The proposed controller incorporates
force calculation, zero drift compensation, and gravity compensation, and is combined
with proportional-integral/proportional-derivative (PI/PD) controllers to maintain a de-
sired position and contact force between the manipulator and the complex environment.
In [22], a robust hybrid position/force control (HPFC) system for multi-degree-of-freedom
(MDoFM) manipulators with torque constraints at each joint is proposed. The proposed
method simultaneously handles the response characteristics and torque constraints of the
actuators by using predictive functional control (PFC) and the model parameter errors are
compensated by the disturbance observer technique. Additionally, studies have been con-
ducted with the objective of addressing general industrial requirements. For instance, the
work [23] presents a novel symmetrical adaptive variable admittance control methodology
for the position/force tracking of two-arm cooperative manipulators. In a similar vein,
a novel voltage-based weighted hybrid force/position control algorithm for redundant
robotic manipulators is proposed in [24] with the objective of guaranteeing position and
force accuracies during contact operations. In addition, contributions have been made in
other fields, such as space [25], where the force/position tracking control problem of a
free-flying space manipulator with uncertain kinematics and dynamics interacting with an
uncertain docile surface is solved through the design of an adaptive Jacobian controller.
Another field in which this approach has been applied is medicine. In [26], the authors
put forward a comprehensive adaptive admittance control strategy for the position and
force control of an ultrasound scanning robotic system operating in a soft and uncertain
environment. While these controls have become a viable option for position and force
control, their results are limited due to the presence of unknown dynamics, such as friction,
model uncertainties and external disturbances. These factors can significantly impact the
accuracy of these controllers.

Other control techniques that have been successfully employed for the position/force
control of manipulator robots include those based on adaptive sliding mode control (ASMC)
theory. This control strategy is well-suited for the cleaning of handrails, escalators and other
flat surfaces [27], as well as for surface treatment such as polishing, grinding, finishing
and deburring [28]. Other authors have addressed this problem by employing control
techniques such as continuous terminal sliding mode control (CTSMA) [29], super-twist
sliding mode control (STSMC) [30], or model-independent adaptive fractional high-order
terminal sliding mode control (AFO-HoTSMC) [31]. The main challenge with these control
techniques is the number of design parameters involved, which makes it difficult to identify
the optimal values for achieving optimal dynamic performance.

The deployment of observers has also been instrumental in enhancing the reliability of
hybrid force/position control systems. To illustrate, in [32–34], observers are employed to
quantify disparate types of disturbances, including unknown loads, unmodeled dynamics,
and environmental interaction forces. In other documented studies, they are utilized as
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estimators of joint velocities [35], contact forces [36,37], or external interaction torques [38].
However, the construction of an observer faces significant challenges, including unreliable
sensor signals, system vibrations, and in most cases, it is necessary to perform a preliminary
identification process of the plant or to obtain the parameters of the observer that guarantee
an adequate convergence.

In addition to the aforementioned control schemes, some academics have also em-
ployed more sophisticated control techniques, such as intelligent algorithms based on
neural networks, due to their ability to detect and compensate for disturbances in sys-
tems where high precision is mandatory. In [39], we propose a force/position tracking
impedance impedance control scheme based on radial basis function neural networks
(RBFNN) and adaptive Jacobian to control a 2 DoF robotic system with external uncertain-
ties and disturbances. In [40], an adaptive hybrid impedance control (AHIC) scheme based
on radial basis function neural networks (RBFNN) is proposed as a means of approximating
saturated errors, uncertain parts and external disturbances in flexibly articulating robotic
manipulators. In [41], an adaptive neural control strategy for a 2 DoF manipulator with
unknown non-linearities and parametric uncertainties is proposed. The strategy employs
a Radial Basis Function Neural Network (RBFNN) to address the unknown dynamics,
thereby ensuring that the tracking error and estimation error exponentially converge to
a small set around zero. In [42], an adaptive impedance neural control (NAIC) scheme
with backpropagation was proposed for the position and desired force tracking of a 7-
degree-of-freedom (DoF) robot that is in contact with an unknown environment. In [43],
a backpropagation neural network (BP-NN) is employed to track a reference force signal
and compensate for the influence of unknown parameters associated with a two-degree-of-
freedom (2 DoF) manipulator and the environment. In [44], feedforward neural networks
with sliding windows are used to control the position of a 1 DoF robot, the neural network
weight coefficients are updated online using the actuator position data as the controller is
applied to the system. Another type of neural network with excellent computational power
and hardware feasibility is the recurrent neural network (RNN). This has been employed
as a new form of noise rejection and position-force control in 6 and 7 degree-of-freedom
manipulator robots [45–47]. The efficacy of neural networks has been evidenced by their
low computational cost and reduced error rate, which have facilitated their deployment in
predictive control systems [48] and observers [49]. Other researchers have even explored the
potential of combining these intelligent algorithms with other control schemes, this has led
to the development of new combinations as PID-Neuronal (NN-PID) [50], Neuro-Sliding
(NN-SMC) [51–53] and Neuro-Fuzzy (NN-FL) [54,55].

The results presented in the above studies were effective in simulation and practical
study. However, in most of them, the controller was implemented for the first 3 DoFs
on manipulator robots having at least 6 DoFs. As a consequence, most of the results
are oriented to non-complex surfaces, which does not provide a picture that guarantees
the efficiency and robustness of the proposed method for surfaces with higher degree of
complexity, as is the case of the AFP process. In addition, it has been observed that some of
these methods involve long computational processes due to the high number of operations,
which makes them unsuitable for practical application.

This article presents a straightforward and effective force/position control strategy
for n-degree-of-freedom (DoF) manipulator robots oriented towards the automated fi-
bre placement (AFP) manufacturing process. The general control strategy comprises
backpropagation artificial neural networks (BP-NNs), which are integrated with classical
proportional-integral-derivative/proportional-integral (PID/PI) control schemes. The pro-
posed strategy employs two NNs with an identical topological structure, one for the control
of the position loop and the other for the control of the force loop, thereby generating the
control structure known as hybrid force/position control. In comparison with the work
cited, the contributions of this study are summarized as follows:

1. The combination of a neural network with classical proportional-integral-derivative
(PID) and proportional-integral (PI) controllers compensates for the inherent simplicity
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of these types of controllers with the introduction of artificial intelligence, thereby
enhancing their resilience to significant alterations in their parameters. The primary
objective of NNs is to offset the dynamic effects that arise when the manipulator
interacts with its surrounding environment.

2. Another important point is that the weight coefficients of the NN are updated on-
line, without prior training, using the force/position data from the sensors and
actuators, the output of the conventional controller and the errors generated in the
force/position tracking.

3. The proposed strategy does not require a large amount of computational resources,
its structure is simple and it can be implemented on a real platform without any data
collection or training process for any n DoF manipulator robot.

The rest of this article is organized as follows. The dynamic model of the robot and
some useful properties are presented as a preliminaries in Section 2. The development of
the intelligent control algorithm and the stability analysis are presented in Section 3. The
methodology for the generation of complex test trajectories is presented in Section 4. The
3D virtual simulation scenario and the discussion of the results are presented in Section 5.
Finally, the conclusions are presented in Section 6.

2. Preliminaries
Dynamic Model and Robot Properties

The dynamic model of an n DoF manipulator robot can be described as:

M(q)q̈ + C(q, q̇)q̇ + D(q̇) + g(q) + τp = τ − τext (1)

where q, q̇, and q̈ ∈ Rn denote the joint position, velocity, and acceleration, respectively;
M(q) ∈ Rnxn is the positive definite symmetric inertia matrix; C(q, q̇) ∈ Rnxn is the matrix
of centripetal-Coriolis forces; D ∈ Rn is a positive semidefinite diagonal matrix represen-
ting viscous friction; g ∈ Rn is the vector of gravitational pairs; τp ∈ Rn is the vector of
perturbations; τ ∈ Rn is the vector of control pairs; and τext ∈ Rn is the vector of external
torques resulting from the external force, Fext ∈ Rn, exerted by the manipulator on the
environment at the contact point

τext = JT(q)Fext (2)

where JT(q) ∈Rnxn represents the transpose of the Jacobian matrix [42]. The robot dynamics
given in Equation (1) has the following useful properties [56].

Property 1. The inertia matrix M(q) ∈ Rnxn is symmetric and positive definite, and also the
inverse matrix M(q)−1 exists and is positive definite:

M(q) > 0, M−1(q) > 0 =⇒ xT M(x)x > 0 ∀x ∈ Rn (3)

Property 2. The centripetal-Coriolis matrix C(q, q) and the derivative with respect to time of the
inertia matrix M(q) satisfy the relationship:

q̇T
[

1
2

Ṁ(q)− C(q, q̇)
]

q̇ = 0 ∀q, q̇ ∈ Rn (4)

where the matrix
[
Ṁ(q)− 2C(q, q̇)

]
is an antisymmetric matrix.

Property 3. From Property 2 the derivative with respect to time of the inertia matrix and the matrix
centripetal-Coriolis matrix satisfy:

Ṁ(q) = C(q, q̇) + C(q, q̇)T (5)
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Property 4. The left side of the Equation (1) is linear with respect to the selected set of robot and
load parameters, i.e.,

M(q)q̈ + C(q, q̇)q̇ + D(q̇) + g(q) = YΘ (6)

where Y = Y(q, q̇, q̈) ∈ Rnxp y Θ ∈ Rp contains the unknown parameters of the manipulator robot
and the load.

Assumption 1. The unknown perturbations are bounded by:

∥τp∥ ≤ τN (7)

where τN is a known positive constant.

3. Adaptive Neural Network for Force/Position Control in Manipulator Robots

To ensure homogeneous fiber placement during the AFP process, the orientation of
the robot end-effector must be perpendicular to the mold surface, i.e., the end-effector must
be held in an orthogonal position to the plane tangent to the surface at each contact point,
as shown in Figure 2; another important parameter to consider is the applied tool force,
which must be constant throughout the stroke [2].

𝜙
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𝜓
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𝑭𝒙

𝑭𝒛

𝑥
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𝒏

Figure 2. Tool-workpiece contact state during AFP process.

In summary, for AFP process the deviation angle φ and the contact force Fext, must
satisfy the following conditions: {

φ = π
2

Fext = Fd
(8)

this means that it is necessary that the normal vector, n⃗, to the tangent plane at the AFP head
contact point with the surface is parallel to that of the contact force Fext and the magnitude
of the latter regulated at the desired value Fd [57,58]. In order to control Fext, the magnitude
of such a force is measured by the force sensor integrated at the AFP head (see Figure 2).

The force sensor measures the applied stress in the six degrees of freedom, this
provides an output data vector Fx, Fy, Fz, Mx, My, Mz as shown in Figure 3.

Figure 3. Rigid 6-axis force/torque sensor [59].
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The following expression is used to calculate the magnitude of Fext:

∥Fext∥ =
√

F2
x + F2

y + F2
z (9)

where Fx, Fy, Fz correspond to the components of Fext (see Figure 2).
The value of φ is obtained by the following expression:

φ = π − |π
2
+ δ| (10)

where δ is the slope of the tangent and is calculated by the derivative of the curve at the
tangent point (x, y, z), its value is obtained by the following expression:

δ = g′(x, y, z) (11)

where g(x, y, z) represents the particular trajectory curve. The numerical derivative was
computed using the Lagrange interpolation polynomial [60].

3.1. Control Scheme Design

According to [56,61,62], the PID controller is suitable for position control, however,
other control schemes, such as calculated torque control and force control loops, can also be
employed. In the case of noisy force sensor signals, a PI controller can be incorporated into
the control law to mitigate the noise effect. Based on this, the proposed control scheme is
shown in the Figure 4, it consists of a hybrid force/position system combining the classical
PID/PI controllers with artificial intelligence.

ROBOT

𝑧

𝑥

𝑦
෥𝒒

𝒇𝒓

𝝉𝒑𝒊𝒅Inverse

Kinematics

𝒒𝒅

𝒇𝒅

𝒒𝒅
𝒒𝒓

𝝉𝒒

𝝉𝒑𝒊𝒅

𝒇𝒓

𝝉𝒇

𝝉𝒑𝒊

𝒇𝒅

𝒒𝒓

PID

PI

𝝉𝜼

𝝉𝒒

𝝉𝒏𝒏𝒒

𝝉𝒏𝒏𝒇

Desired

Trayectory

𝝀𝟐

𝑥𝑦𝑧𝑑

෨𝒇 𝝉𝒑𝒊
𝝉𝒇



 

ANN
Algorithm

ANN
Algorithm

𝝀𝟏





+

+

–

–

Figure 4. Block diagram for force/position control by artificial neural network and classical control.

In the proposed control structure, the PID/PI controllers perform the main control
function, where the PID controller is used to perform the position control q, while the
PI controller focuses on the force control f . On the other hand, the intelligent system is
composed of backward back-propagation artificial neural networks, whose purpose is to
play the role of auxiliary control to learn from the environment and generate compensation
signals τnnq and τnn f for the PID/PI controllers. The hybrid control law is defined by the
following equation:

τη = (τq)(I − S) + (τf )(S) (12)

where S ∈ Rnxn is a diagonal matrix consisting of 1’s and 0’s used to specify which
directions are to be controlled by force and which by position; I ∈ Rnxn represents an
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identity matrix; τq = τpid + τnnq, τf = τpi + τnn f ∈ Rn are the composite control signals
and are computed separately. The control action τpid is described by:

τpid = Kpp q̃ + Kip

∫ t

0
q̃dt + Kdp ˙̃q (13)

where q̃ represents the position tracking error; ˙̃q corresponds to the velocity error; Kpp,
Kip, Kdp are positive definite proportional, integral and derivative gain matrices, respec-
tively [62]. On the other hand, the control action τpi, described by:

τpi = Kp f f̃ + Ki f

∫ t

0
f̃ dt (14)

where f̃ represents the force tracking error; Kp f and Ki f are positive definite proportional
and integral gain matrices for the force [62].

The NN representing the control actions τnnq and τnn f is mathematically represented
by the Equation (15), where σ(·) is the activation function, wij is the input to hidden layer
interconnection weights, and vjk is the hidden to output layer interconnection weights.

τnn = σ

[
1

∑
j=1

vjkσ

[
n

∑
i=1

wijxi + wi

]
+ vj

]
(15)

The Equation (15) of the NN can be rewritten in matrix form as:

h = VTσ(WTx) + ϵ (16)

where h = τnn, x = [x1, x2, x3, ..., xi]
T , WT = [wij]

T is the optimal weight value of the hidden
layer, VT = [vjk]

T is the optimal weight value of the output layer, ϵ is an approximation
error vector NN bounded by ∥ϵ∥ ≤ ϵN for some ϵN > 0 [63]. Replacing both control actions
in Equation (1), the dynamic model of the manipulator robot would be expressed:

M(q)q̈ + C(q, q̇)q̇ + D(q̇) + g(q) + τp = τη − τext (17)

where τη is the proposed control law and is represented by the following equation:

τη = Kpp q̃ + Kip

∫ t

0
q̃dt + Kdp ˙̃q + Kp f f̃ + Ki f

∫ t

0
f̃ dt + VTσ(WTx) + ϵ (18)

3.2. ANN for Position Control

The topological structure of the NN used for position control is shown in Figure 5a.
The NN consists of nine neurons in the input layer, three neurons in the hidden layer
and one neuron in the output layer, where qd(t) and qd(t − ts) are the desired position at
current time and desired position one sampling time before, similarly, qr(t) and qr(t − ts)
correspond to actual position outputs, τpid(t) and τpid(t − ts) are the classical PID control
signals, τq(t) and τq(t − ts) are the PID+NN associated control signals, q̃(t) is the path
tracking error; finally, τnnq corresponds to the compensation signal of the NN to achieve
the desired position. The sigmoid function was used for the activation of the neurons of
the hidden layer wij as well as for the neuron of the output layer vjk, this real function with
domain: R → (−∞,+∞) and range: R → (0, 1) has the advantage of being differentiable
infinitely many times, a fundamental aspect when the learning process is carried out by
means of the back-propagation algorithm. The back-propagation consists of moving in the
negative direction of the gradient of the cost function E(x, y) with respect to the coefficients
wij and vjk, as shown in Figure 6 [64].
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Figure 5. NN topology for (a) position control, and (b) force control.
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Figure 6. NN cost function in (a) 3D, and (b) 2D.

Developing the intelligent algorithm starts by computing the output of the hidden
layer neurons by the following function:

hj =
1

1 + e−sj
(19)

where

sj =
3

∑
i=1

wijxi + wi (20)

Similarly, the value of the output layer, scaled by a gain factor of λ1, is determined by:

τnnq =
λ1

1 + e−rk
(21)

where

rk =
1

∑
j=1

vjkhj + vj (22)
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The criterion to be minimized is defined as the following cost function:

Eq(t) =
1
2

t

∑
k=1

(q̃)2 (23)

where q̃ is the error generated in the trajectory tracking given by:

q̃ = qr − qd (24)

The gradient of the position Eq(t) is a multidimensional vector whose components are

the partial derivatives ∂Eq(t)
∂vjk

and ∂Eq(t)
∂wij

, i.e.,

∇Eq(t) =

 ∂Eq(t)
∂vjk

∂Eq(t)
∂wij

 (25)

The following partial derivatives express the first component of the gradient Eq(t):

∂Eq(t)
∂vjk

=
∂Eq(t)

∂q̃
∂q̃

∂eτq

∂eτq

∂τnnq

∂τnnq

∂rk

∂rk
∂vjk

= q̃
∂q̃

∂eτq

(−1)λ1τq(1 − τq)
(26)

The following relation was used for the term ∂τnnq
∂rk

:

∂τnnq

∂rk
=

∂
(

λ1
1+e−rk

)
∂rk

= λ1τq(1 − τq) (27)

By defining:
δ1

k = q̃λ1τq(1 − τq) (28)

Then ∂Eq(t)
∂vjk

is expressed:

∂Eq(t)
∂vjk

= −δ1
k hj

∂q̃
∂eτq

(29)

The second component of the gradient, Eq(t), is the result of the application of the
chain rule again:

∂Eq(t)
∂wjk

=
∂Eq(t)

∂q̃
∂q̃
∂qr

∂qr

∂τnnq

∂τnnq

∂rk

∂rk
∂hj

∂hj

∂sj

∂sj

∂wij

= −q̃
∂q̃

∂eτq

λτq(1 − τq)vjkhj(1 − hj)xi

= −δ1
k vjkhj(1 − hj)xi

∂q̃
∂eτq

(30)

By defining:
δ2

j = δ1
k vjkhj(1 − hj) (31)

Then ∂Eq(t)
∂wjk

is expressed:

∂Eq(t)
∂wij

= −δ2
j xi

∂q̃
∂eτq

(32)
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Using the Equations (29) and (32), the coefficients vjk and wij are adjusted using
the expressions:

vjk = vjk +
(

α
∂q̃

∂eτq

)
δ1

k hj (33)

wij = wij +
(

α
∂q̃

∂eτq

)
δ2

j xi (34)

where α is the learning constant used for position and ∂q̃
∂eτq

can be interpreted as the

equivalent gain of the unknown [65].

3.3. ANN for Force Control

For force control, we used the topological structure of the NN shown in Figure 5b,
where fd(t) and fd(t − ts) correspond to the desired force input; fr(t) and fr(t − ts) is the
actual force output provided by the force sensor (see Figure 3); τf (t) and τf (t − ts) is the
signal from the classical PI controller; fr(t) and fr(t − ts) is the control signal assigned by
the PI+NN; f̃ (t) is the error of the contact force, and finally the τnn f corresponds to the
compensation signal of the NN to achieve the desired force. The cost function, as a criterion
to be minimized, is defined by:

E f (t) =
1
2

t

∑
k=1

( f̃ )2 (35)

where f̃ is the force tracking error given by:

f̃ = fr − fd (36)

The gradient of the force E f (t) is defined by:

∇E f (t) =

 ∂E f (t)
∂vjk

∂E f (t)
∂wij

 (37)

The partial derivatives of the two components are expressed:

∂E f (t)
∂vjk

=
∂E f (t)

∂ f̃
∂ f̃

∂eτf

∂eτf

∂τnn f

∂τnn f

∂rk

∂rk
∂vjk

(38)

∂E f (t)
∂wjk

=
∂E f (t)

∂ f̃
∂ f̃
∂ fr

∂ fr

∂τnn f

∂τnn f

∂rk

∂rk
∂hj

∂hj

∂sj

∂sj

∂wij
(39)

Solving both terms with respect to the weights coefficients of the output layer vij and
hidden layer wij, we obtain:

∂E f (t)
∂vjk

= −δ3
k hj

∂ f̃
∂eτf

(40)

∂E f (t)
∂wij

= −δ4
j xi

∂ f̃
∂eτf

(41)

Define δ3
k and δ4

j as follows:

δ3
k = f̃ λ2τf (1 − τf ) (42)

δ4
j = δ3

k vjkhj(1 − hj) (43)

The coefficients vij and wij for the force are adjusted in accordance with the following
equations:
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vjk = vjk +
(

β
∂ f̃

∂eτf

)
δ3

k hj (44)

wij = wij +
(

β
∂ f̃

∂eτf

)
δ4

j xi (45)

where β is the learning constant used for the force and ∂ f̃
∂eτf

can be interpreted as the

equivalent gain of the unknown plant [65].

3.4. Stability Analysis

According to Property 4, Equation (6) can be written in terms of a nominal reference
q̇r and its derivative q̈r:

M(q)q̈r + C(q, q̇)q̇r + D(q̇) + g(q) = ŶΘ (46)

where Ŷ = Ŷ(q, q̇, q̇r, q̈r) ∈ Rnxp.
Subtracting Equation (46) from Equation (17) gives the open-loop error equation:

Mṡ = τη − τext − τp − ŶΘ − Cs (47)

The approximate value of the output ŶΘ is given by the following expression:

ĥ(x) = ŶΘ ≡ V̂Tσ(ŴTx) (48)

where V̂T , ŴT are the current values of the NN weights obtained by the weight adjustment
algorithm specified in the previous section.

Substituting the proposed control action given by Equations (18) and (48) into
Equation (47) gives the closed-loop error dynamics:

Mṡ = −KDps − KD f r + h̃ + τp − Cs (49)

where s = q̇ − q̇r and r = ḟ − ḟr is the extended error in position and force, the terms
KDps and KD f r are known as damping injections, these terms act as a mechanical brake
or damper; KDp = KT

Dp ∈ Rnxn, KD f = KT
D f ∈ Rnxn are positive definite gain matrices. On

the other hand, h̃ = h − ĥ, or put another way:

h̃ = VTσ(WTx)− V̂Tσ(ŴTx) + ϵ(x)

= ṼTσ(W̃Tx) + ϵ(x) (50)

where Ṽ = V − V̂, W̃ = W − Ŵ. Define σ̂′T = dσ̂(V̂T x)
dV̂T x

, for the scalar sigmoid case
σ′(z) = σ(z)(1 − σ(z)).

Theorem 1. Let the dynamics of the n-DOF manipulator given by Equation (1) be controlled by τη ,
given by Equation (18), then the closed-loop system given by Equation (49) is such that the tracking
errors with respect to force, f̃ , position q̃, and joint velocity, ˙̃q are asymptotically stable provided
that the control gains are positive and the weights wij and vjk are adapted according to:

˙̂W = KWσ(x)sT (51)

˙̂V = KV x(σ̂
′TŴ)T . (52)

Proof. According to Lyapunov stability analysis, if the Lyapunov function is positive defi-
nite and its derivative is negative semidefinite, then the control system is stable. Therefore,
we choose the Lyapunov function as follows to ensure the stability of the control system:
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V =
1
2

sT Ms +
1
2

tr
{

W̃TK−1
W W̃

}
+

1
2

tr
{

ṼTK−1
V Ṽ

}
(53)

which includes quadratic functions of the error and quadratic functions of the learning
weights in order to study stability of the whole system. Differentiating, we get:

V̇ =
1
2

ṡT Ms +
1
2

sT Ṁs +
1
2

sT Mṡ +
1
2

tr
{

W̃TK−1
W

˙̃W
}
+

1
2

tr
{

ṼTK−1
V

˙̃V
}

= sT Mṡ +
1
2

sT Ṁs +
1
2

tr
{

W̃TK−1
W

˙̃W
}
+

1
2

tr
{

ṼTK−1
V

˙̃V
}

(54)

so that substituting the Equation (49) we get

V̇ = sT(−KDps − KD f r + h̃ + ϵ + τp − Cs) +
1
2

sT Ṁs +
1
2

tr
{

W̃TK−1
W

˙̃W
}
+

1
2

tr
{

ṼTK−1
V

˙̃V
}

= sT(−KDps − KD f r + h̃ + E) +
1
2

sT(Ṁs − 2C)s +
1
2

tr
{

W̃TK−1
W

˙̃W
}
+

1
2

tr
{

ṼTK−1
V

˙̃V
}

(55)

where E = (ϵ + τp), and using the Property 2, we get

V̇ = −sTKDps − sTKD f r + sTṼTσ(W̃Tx) + sTE +
1
2

tr
{

W̃TK−1
W

˙̃W
}
+

1
2

tr
{

ṼTK−1
V

˙̃V
}

(56)

Using the law of adaptive learning given by the Equations (51) and (52), we obtain:

V̇ = −sTKDps − rTKD f r + sT(ϵ + τp) (57)

Since ϵ is bounded above by ϵN and by Assumption 1, the Equation (57) is expressed
as follows:

V̇ = −sTKDps − rTKD f r (58)

Since V > 0 and V̇ ≤ 0, this shows stability in the Lyapunov sense, so that s, r, Ṽ and
W̃ (and hence V̂, Ŵ) are bounded. Finally, we conclude that the origin of the closed-loop
system of Equation (49) is locally asymptotically stable, which implies that the force error
f̃ → 0, the position error q̃ → 0 and the velocity error ˙̃q → 0.

4. Complex Trajectory Generation
4.1. Surface for Trajectory Tracking Test

To perform the simulation tests of the AFP process, the surface shape of a wind turbine
blade section was designed as a solid part using SolidWorks software. The complexity of
the surface is highlighted by the following views: front view, top view, and right side view,
as shown in Figure 7.

T1 T2 T3 T4 T5 T6
Test trajectories

Top View
Side View

Front View

Front View Side View

Top View

80 mm

10 mm

846 mm

4
0

0
 m

m

Figure 7. Turbine blade section used for simulation force/position control tests.
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Due to the dimensions of the model, only one section was taken for the simulations
(see Figure 7). The section taken was divided into strips evenly distributed along the length
and width of the surface, with a spacing of 10 mm according to the width of the fiber to be
used for an intended application [2]. Forty-one trajectories were generated, marked with
a black solid line, of which six were selected for the simulation. These trajectories are the
desired cartesian coordinates (xd, yd, zd) depicted on the block diagram in Figure 2.

4.2. Methodology Overview

The process of reconstructing a surface from a point cloud is a complex task that
depends on the accuracy of the algorithm to guarantee the approximation of the final
surface to the original points as well as on the quality required for the surface [15]. In the
Figure 8 is shown in schematic form the proposed methodology for the generation of the
desired trajectories, developed in MATLAB software, the objective is to calculate a surface
as close as possible to the section of the selected CAD (Computer-Aided Design) model.

CAD 
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TRAJECTORY GENERATION ALGORITHM

STL FILE

TURBINE BLADE 

SECTION

VERIFICATIONNi < Nmax
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REACH GOAL?

𝑇1
𝑇2

𝑇3
𝑇4

𝑇5
𝑇6

Figure 8. Proposed methodology for the generation and validation of complex trajectories.

The following steps describe the process:

1. The methodology starts with the CAD design of the surface, the CAD model consists
of a section of a wind turbine blade whose main characteristic is the complexity of
its geometry.

2. We continue to export the CAD model as an STL (Standard Triangulation Language)
file, these files are a 3D CAD computer file format that defines the geometry of 3D
objects in the form of triangles, excluding information such as color, textures or
physical properties included in other 3D CAD formats.

3. STL files are processed using the trajectory generation algorithm, which includes the
following tasks:

• Generate a cloud of points with coordinates (x, y, z), these points correspond
to the corners of reading triangles that must be debugged in a way that the
manipulator robot can interpret to perform the AFP manufacturing process.

• The generated points are grouped and sorted with a separation of 10 units
forming trajectories. The separation will depend on the width of the fiber to be
used in the process.

• Debug the generated trajectories by eliminating overlapping points.
• Apply the cubic spline interpolator with the following restriction: the number

of points generated Ni by trajectory must be less than the maximum number of
points Nmax that the manipulator robot can process, i.e., Ni < Nmax.

4. After applying the algorithm, the new trajectories obtained are saved in a file with
extension “.txt” with coordinates (x, y, z).
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5. The process continues with verification, this is done by tracking tests with a 6-axis
robot manipulator. The comparison with the original part is done by calculating the
RMSE, this is presented in Section 5.

The pseudocode is presented in Appendix A.

5. Results Discussion

It is a formidable challenge to model all aspects involved in position/force control of
robots dealing with surface treatment tasks. Several phenomena affect the system, such as
sensor noise, different sensor behavior in free motion and contact motion, communication
delays, material stiffness, etc. In summary, it is a highly uncertain non-linear system. In
this section we test the performance and robustness of the proposed approach only in
simulation scenarios, leaving as future work its validation on a real platform. The proposed
approach was subjected to the following simulation scenarios:

(a) SCENARIO I. In this scenario, the effectiveness of the intelligent control algorithm is
tested under ideal conditions by following the test trajectories generated in Section 4.

(b) SCENARIO II. In this scenario, the robustness of the intelligent control algorithm is
tested in the presence of variable disturbances, such as the effects of tool friction on the
contact surface and unmodeled dynamics. Subsequently, a comparison is made with
the classical PID/PI controllers, both controls evaluated under the same conditions.

5.1. Intelligent Control Execution for Complex Surface Tracking with Force Control

The tests performed in each scenario can be considered as a two-phase movement: the
first one is a free motion, that is, when the robot moves freely towards the environment,
and the second phase starts once the robot is in contact with the complex environment.
We consider the 6 DoF Schunk Powerball LWA 4P manipulator robot model that is shown
in Figure 1. Its dynamic parameters are included in [66]. The proposed approach was
evaluated in a 3D virtual simulation environment developed in MATLAB/Simulink, using
the ODE 45 integration method with an integration step of t = 0.001 s. The computer
control platform of the robot Schunk Powerball LWA 4P is an Intel(R) Core(TM) i7-1065G7
CPU with 1.30 GHz processor and 16.0 GB RAM under Windows 11.

SCENARIO I. For this case no perturbations are considered, it is aimed to evaluate the
PID/PI controllers with adjustable neural compensation by tracking the complex trajecto-
ries generated in the previous section: T1, T2, T3, T4, T5, T6. The initial conditions for the po-
sition and orientation of the end-effector are as follows: x = −0.4 m, y = 0.2 m, z = 0.32 m,
ψ = 0, θ = π

2 , ϕ = 0. The manipulator robot begins with an initial error of 0.004357 m
in position. A constant feed rate of v = 0.01 m/s was set for the tool. The magnitude of
the contact force was set to a desired value of fd = 10 N. The values of the gains for the
PID control, obtained heuristically, were the following: Kpp = diag([70, 70, 40, 40, 40, 40]),
Kip = diag([0.5, 0.5, 0.5, 0.5, 0.5, 0.5]) y Kdp = diag([30, 30, 30, 30, 30, 30]) while the gains for
the PI control, were the following: Kp f = diag([90, 90, 60, 60, 60, 60]), Ki f = diag([0.2, 0.2, 0.2,
0.2, 0.2, 0.2]). The initial values for the weight coefficients for the neurons in the hidden
layer, wij, and the output layer, vjk, were set to −1, 0, and 1. The learning coefficients, α and
β, were assigned a value of 0.5 for each degree of freedom of the manipulator robot.

Figure 9 presents a 3D dynamic visualization of the Schunk Powerball LWA 4P manip-
ulator tracking six trajectories in a 3D virtual environment.

For a more detailed analysis of the system performance, please refer to Figures 10–15,
which have been enlarged in some parts up to 95%.

The results of the numerical simulation of tracking the six trajectories in a satisfactory
manner with isometric, top, front, and right side views can be seen in more detail in
Figure 10. The evaluation of the trajectories was conducted in accordance with the directions
of the arrows marked in orange. The green solid line represents the actual tool trajectory
(xyzr), while the red dashed line represents the desired trajectory (xyzd).

Figure 11 illustrates the movements and errors generated by the tool along the x, y, z
axes. On the left side, it can be seen that the settling time is nearly identical for each axis,
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achieved in less than 0.1 s with minimal overshoot while the weights (wij, vjk) are adapted.
On the right side, it can be seen that the errors at steady state are minimal, thus maintaining
contact and correct surface tracking.

Figure 12 illustrates the evolution of the robot links over time in response to control
torques, as well as the errors generated during the path. The controller’s robustness is
reflected in the low joint and Cartesian errors.

Figure 13 illustrates the magnitude of the linear velocity of the tool, maintained at a
desired value of 0.01 m/s.

The left side of the Figure 14 shows the value of the tool’s deflection angle φ. It is
evident that maintaining a good orthogonal orientation of the tool with respect to the
complex surface is possible, with the value remaining around π

2 throughout the trajectory.
In contrast, the force generated by the interaction between the tool and the environment is
represented in the right part of the same Figure 14. While a slight overshoot is evident at
the start of the trajectory, the control system is able to maintain the desired force level of
10 N during the interaction. These numerical results demonstrate that the conditions stated
in Equation (8) are satisfied.

It is also crucial to monitor the behavior of the control torques to prevent damage
to the manipulator motors. Figure 15 illustrates the control torques for each of the joints.
Small start duration peaks can be observed on τ2, τ3, τ5. This is due to the effort required
to transition from free motion to the restricted one when the manipulator contacts the
surface plane.

(a) (b)

(c) (d)

Figure 9. Snapshots of the robot manipulator during the trajectory tracking along a complex surface
for (a) t = 20 s, (b) t = 648 s, (c) t = 775 s, and (d) t = 1700 s.
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Figure 10. Complex trajectory tracking in Cartesian space: real trajectory xyzr (green solid line) vs.
desired trajectory xyzd (red dotted line).

Figure 11. Position tracking (left) y error position tracking (right) on the axes x, y, z.
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Figure 12. Movement of the six joints and angular (left) angular errors (right) of the
manipulator robot.

Figure 13. Real linear velocity vr (green solid line) vs. desired vd (red dotted line).

Figure 14. Numerical results of orientation (left) and force (right) along the complex surface. Actual
orientation φr (green solid line) desired φd (red dotted line). Real compaction force fr (green solid
line) vs. desired fd (red dotted line).
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Figure 15. Control torques values.

5.2. Controllers Comparison: Classical PID vs. Adaptive PID-NN

SCENARIO II. This scenario involves three tests based on the trajectory tracking T1.
In this scenario, we compare the proposed control algorithm with the classical PID/PI
controllers developed for trajectory tracking and force control. We maintain the values of
the gains of the PID/PI controllers, as well as the initial conditions for wij and vjk and their
learning coefficients α and β. New initial conditions are set for the position and orientation
of the end-effector: x = −0.4 m, y = 0.1 m, z = 0.45 m, ψ = 0, θ = π

2 , ϕ = 0. The
initial error in position with which the manipulator robot starts is increased to a value of
0.167486 m, which is challenging given the characteristics of the system. Test 1 considers
trajectory tracking under an ideal environment (without perturbation). Tests 2 and 3 present
the presence of varying external perturbations. The simulation time was t = 200 s.

Test 1. Figures 16–18 show the results of the manipulator robot’s behavior in position
and force under ideal conditions.

The results presented in Figure 16 demonstrate that the reference tracking is ade-
quate and significantly improved for the PID+NN control in comparison to the classical
PID control.

Figure 17 illustrates that the error in the PID-NN trajectory tracking rapidly approaches
zero and remains at that value for the duration of the 200 s analysis.

Figure 18 illustrates the force generated by the interaction between the manipulator
tool and the environment. It can be seen that, during the interaction with the environment,
the contact force is much better regulated to the desired value of 10 N by the PI+NN control.
This confirms that the manipulator is executing the test correctly.

Test 2. This test was conducted in the presence of a perturbation Fext = [ fext, 0, fext, 0, 0, 0]
with fext = −1 − sin(0.2t), in the sequel referred as 1 N perturbation, which is a force
perpendicular to the tangent plane and opposite to the end-effector at the contact point.
The results of the system response in position and force are provided in Figures 19–21, the
effect of the perturbation can be observed after 0.5 s.

Figure 19 illustrates that the proposed controller is capable of maintaining the ma-
nipulator robot on the desired trajectory throughout the entire path, whereas with the
classical PID the real trajectory largely deviates from the desired one once the disturbance
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occurs. The figure also illustrates the controllers’ performance in each of the x, y, z axes of
the Cartesian plane.

Finally, the position and force errors are shown in Figures 20 and 21. The effect of
the disturbance and the proposed controller’s correction can be observed throughout the
trajectory tracking.

Figure 16. Trajectory tracking without peturbation. Reference (red dotted line) vs. PID (blue solid
line) vs. PID+NN (green solid line).

Figure 17. Trajectory tracking error without perturbation.
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Figure 18. Force applied on the surface (left) and force error generated (right) without perturbation.

Figure 19. Trajectory tracking with variable perturbation of 1 N. Reference (red dotted line) vs. PID
(blue solid line) vs. PID+NN (green solid line).

Figure 20. Trajectory tracking error with 1 N perturbation.
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Test 3. For study purposes in this test, the perturbation magnitude is increased with
respecto to the Test 1, such that fext = −5 − 5 sin(0.2t), in the sequel referred as 5 N
perturbation. The results of the system response are shown in Figures 22–24. It can be
observed that the proposed controller is able to keep the manipulator robot in the desired
trajectory and at a desired force value during the whole process with a minimum allowable
error. In contrast, the classical PID is unable to approach the desired trajectory and force
once the perturbation appears.

Test results demonstrate that the PID+NN controller is capable of tracking trajectories
even in the presence of initial errors or variable disturbances, such as those that can cause
unmodeled dynamics, tool changes, or high degrees of curvature on the surface. The robotic
system is able to effectively handle the added error in a short response time, thanks to the
correct compensation by the adaptive NN controller. The application of this intelligent
control algorithm has yielded results suitable for future field testing.

Figure 21. Force applied on the surface (left) and force error generated (right) with 1 N perturbation.

Figure 22. Trajectory tracking with variable perturbation of 5 N. Reference (red dotted line) vs. PID
(blue solid line) vs. PID+NN (green solid line).
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Figure 23. Trajectory tracking error with 5 N perturbation.

Figure 24. Force applied on the surface (left) and force error generated (right) with 5 N perturbation.

5.3. Performance Index

Finally, to evaluate the performance of the proposed controller, the root mean square
error (RMSE) function was implemented in trajectory tracking.

RMSExyz =

√
1
n

n

∑
i=1

[(xi − x̂)2 + (yi − ŷ)2 + (zi − ẑ)2] (59)

where xi, yi, zi are the actual values of the response variable in the observations made;
x̂, ŷ, ẑ correspond to the predicted values of the same response variable in those same
observations and n is the number of observations [67].

Figure 25 presents the results of the three tests of scenario two. It can be seen that the
proposed control algorithm outperforms the other algorithms in each of the tests perform.
On the left side of Figure 25, the response bars of the conventional PID control are observed.
It can be seen that without disturbance (green bar), the control follows the trajectory with a
deviation of 2.11 cm with respect to the reference; as the disturbance increases (orange and
red bars), the error increases up to 63% with respect to the first test performed.

The bars on the right show the performance of the proposed control in this paper;
excellent performance is observed under ideal conditions, the control follows the trajectory
with a deviation of 0.02573 cm with respect to the reference, once the 1 N disturbance
appears, the control system responds much better with respecto to clasical PID, reducing
the error 5% with respect to the first test. In test 3, where the disturbance increases to 5 N,
the performance of the proposed control is still superior to that of the conventional control
system, achieving a reduction in RMSE of up to 96% with respect to the conventional PID.
These results demonstrate the importance of adaptive neural control in interaction tests for
a robotic system.
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Figure 25. RMSE: classical PID control (left) vs. PID+NN control (right).

6. Conclusions

This work presents a novel control architecture for force/position control in n DoF
manipulator robots. The architecture combines a neural network with a classical PID/PI
controllers, offering simplicity and ease of implementation. A Lyapunov function guar-
antees the exponential stability of the non-linear system, ensuring that the closed-loop
system state converges exponentially to the origin. The proposed approach was subjected
to rigorous testing in two simulation scenarios, using a 6 DoF robot and a complex surface.
This demonstrated the high performance and and robustness of the proposed approach
and confirmed the theoretical statements in very demanding dynamic motions. Another
highlight of this study was the ability of the neural controller to adapt to the environment
without relying on knowledge of the model parameters and structure for its real-time
design and implementation. The neural network weight coefficients were updated online
using position and force data while the controller was applied to the system, without prior
training of the neural network weights. For comparative purposes, a study was conducted
between the conventional PID and the proposed adaptive PID+NN. Two criteria were used
to evaluate the performance of each controller: the RMSE in trajectory tracking and settling
time. The results demonstrated that the proposed controller achieved the best performance
and throughput. The RMSE values demonstrate that the adaptive PID+NN action achieved
the best performance. Therefore, the combination of both controllers results in a more
robust and versatile controller. The implementation and tracking of trajectories on a real
platform will be addressed in future work.
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Appendix A

Algorithm A1 Pseudo-code for complex trajectory generation

Input: New file of type “∗.stl” extension.
Output: Desired trajectory matrix Td with coordinates x, y, z.

1: function S=DESIRED_TRAJECTORIES(NameFile)
2: points = readfile(NameFile); ▷ NameFile = “./SectionAlabeTurbine.stl”
3: X=points(:,1); ▷ Number of points on X-axis
4: Y=points(:,2); ▷ Number of points on Y-axis
5: Z=points(:,3); ▷ Number of points on Z-axis
6: Txyz =

[
X Y Z

]
; ▷ Trajectory matrix to interpolate

7: Nmax=a; ▷ Maximum number of points per trajectory
8: function S1=SORT_COORDINATES_XYZ(Txyz)
9: [row, col] = size(Txyz);

10: for i = 1 to length(row) do
11: while (i > 0)&(Txyz(i, 2) < Txyz(i − 1, 2)) do
12: Sort the matrix Txyz as a function of the terms of Y;
13: end while
14: end for
15: end function
16: function S2=GROUP_TRAJECTORIES(Txyz)
17: vu = unique(Txyz(:, 2));
18: for i = 1 to length(vu) do
19: Form matrix trajectory: T =

[
T1 T2 T3 ... Tn

]
;

20: end for
21: end function
22: function S3=REMOVE_DUPLICATE_COORDINATES(T)
23: Remove duplicate coordinates in T;
24: end function
25: function S4=SORT_COORDINATES_XYZ(T)
26: [row, col] = size(T);
27: for i = 1 to length(row) do
28: while (i > 0)&(T(i, 1) < T(i − 1, 1)) do
29: Sort the matrix T as a function of the terms of X;
30: Compute new matrix to interpolate: Tnew;
31: end while
32: end for
33: end function
34: function S5=CUBIC_INTERPOLATOR(Tnew, Nmax)
35: Apply the cubic interpolator to matrix Tnew;
36: Compute the desired trajectory matrix: Td =

[
T1 T2 T3 ... Tn

]
;

37: if Td is optimal then
38: S = Td;
39: else
40: return S5
41: end if
42: end function
43: end function
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