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ARTICLE INFO ABSTRACT
Keywords: This paper presents a novel approach for controlling the DLR-HIT II robotic hand by leveraging
Machine learning in robotics physics-informed neural networks (PINNs) for torque and position control. This method eliminates

Computed torque control

; (e & the need for additional control inputs or external controllers, achieving high precision and
Real-time applications of dexterous

manipulation simplified dynamics, which is validated through extensive simulations that closely replicate

Neural network-based control experimental conditions, demonstrating the system’s ability to handle external disturbances and

DLR-HIT I hand maintain accurate trajectory tracking. The strategy only requires time and joint position data as

Normalization method inputs, allowing the network to compute velocity and acceleration internally. Time normalization
enhances the model’s ability to generalize across different time scales and ensures stable training.
The method demonstrates strong generalization from a limited training set and successfully
performs across diverse trajectory types. This simplification significantly reduces computational
complexity and facilitates real-time control in advanced robotic applications.

1. Introduction

The primary limitation of general Deep learning algorithms is sampling incompetence, which results from the requirement to
extract every detail of a task from the dataset [1,2]. Significant findings have been accomplished across a variety of scientific dis-
ciplines, including the recognition of images [3], cognitive sciences [4], and biology [5]. These achievements can be attributed to
the exponential rise of available data and computational resources. However, the cost of acquiring data becomes expensive when
analysing complicated physical systems [6]. Another challenge faced by machine learning algorithms arises when a neural network
is trained on a specific range of data, such as certain time periods. In such cases, the network becomes adept at identifying and
simulating the dynamics and behaviours within the confines of that particular time frame [7]. Therefore, the neural network may
lack the capacity to discern patterns effectively, leading to imprecise predictions when confronted with diverse data intervals, such
as varying time scales and time steps [6,8].

Control systems often use discrete feedback due to digital processing, which impacts real-time applications [9]. While this study
uses continuous-time analysis, adapting to discrete feedback is essential for practical use and introduces challenges like sampling
delays that affect stability and tracking. Stability can be verified using discrete Lyapunov functions, as discussed in [10], and neural
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network performance may require adjustments for discrete implementation, as shown in [11]. Discrete feedback also poses com-
putational trade-offs; shorter sampling intervals improve accuracy but increase processing demands, while longer intervals reduce
precision. Insights from [12] suggest balancing these trade-offs for real-time use. Future work should include discrete-time stability
verification and retraining the PINN for sampled data to ensure robust, real-world performance.

In the field of robotics, using low-dimension inputs and limited features in Deep Learning algorithms are challenging. Most machine
learning methods demand multiple inputs to capture a complex system such as the dynamic of the robots as the robotic dynamic
equation is a non-convex function [13]. Specifically, the toque control requires high dimensional inputs since the torque depends on
multiple parameters. Therefore, fewer inputs might not be enough to interpret the non-linearity of the dynamics system’s behaviour
[14]. Extrapolating deep learning algorithms to unseen data poses one of the most challenging obstacles within the robotic community
[151, Achieving generalization in a neural network to predict a robot’s trajectory across multiple types of trajectories demands a large
and diverse dataset. It necessitates numerous scenarios for each trajectory type to enable the neural network to discern patterns
effectively and produce accurate predictions.

Most contemporary machine learning approaches such as deep recurrent, and convolutional neural networks are not robust and
are unable to ensure convergence over a small range of datasets [16]. As a result, there are an increasing tendency to improve the
effectiveness of robot learning by explicitly incorporating physical laws into data-driven methods to solve these challenges. PINNs
integrate physics equations into the neural network’s structure [17]. Hence, they are especially beneficial in situations where the data
is inadequate. Some research endeavors utilize (PINNs) to model manipulator dynamics, enhancing these networks with innovative
methodologies and techniques. For instance, one approach involves the integration of a hybrid-PINN, combining a recurrent neural
network with Runge-Kutta cells [18]. Another avenue explores the fusion of traditional PINNs with memetic nonlinear transform
layers, utilizing liquid layers to create an equation-embedded neural network [19]. On a different note, additional research endeav-
ors focus on utilizing PINNs for robot control. This involves integrating PINNs with other processes, such as merging them with
non-linear model predictive control [20]. Additionally, researchers explore the integration of multiple neural networks to address dy-
namic equation terms. Subsequently, these terms are utilized within the PINNs framework to derive Lagrange or Hamilton equations,
providing a comprehensive solution for effective robot control [21]. However, these works still have not been addressed sufficient
solutions for the all mentioned challenges. Moreover implementing PINNs with multiple processes to enhance their performance can
be computationally expensive. The presented work in this paper introduces a novel solution to overcome the mentioned barriers.
Here, the dynamic equation serves as a foundation for implementing torque and position controls, employing PINNs model without
the necessity of additional control inputs. Importantly, the integration of PINNs with other controllers is deemed superfluous for task
accomplishment. In addition, minimum variables time, desired positions, and actual position are used as inputs for PINNs, harnessing
the ability of the PINNs to compute the derivatives of actual and desired positions instead of feeding them as an input. Furthermore,
the time is normalized to be in range [0 1] second for any time input for the neural network in order to generalize the PINNs for
different time steps and time periods as well as make the training process more stable and faster. Despite being trained on a relatively
modest dataset of 13,314 samples and exclusively utilizing a fifth-degree polynomial trajectory during training, the PINN demon-
strate impressive generalization capabilities across multiple trajectory types. Notably, the model exhibits accurate predictions for the
specified trajectory and has undergone rigorous testing on various trajectories, including third-degree polynomials, seventh-degree
polynomials, third-degree splines, fifth-degree splines, seventh-degree splines, and sinusoidal trajectories. To validate its performance,
Mean Absolute Position Error (MAPE), Mean Absolute Torque Error (MATE), Maximum Absolute Position Error (MaxAPE), and Maxi-
mum Absolute Torque Error (MaxATE) were computed to compare the developed PINN with PD computed torque control across these
various trajectories. Although this study focuses on simulations conducted in MATLAB/Simulink, these simulations are designed to
mimic experimental conditions closely, including the introduction of external disturbances to evaluate the controller’s robustness.
The results provide a strong foundation for future physical implementation and testing.

In the following sections, Modelling of the DLR-HIT II hand is provided in section 2. After that, section 3 demonstrates the proposed
work and section 4 illustrates the experimental studies. Finally, the main conclusions of the paper are presented in Section 5.

The novelty of the paper can be summarized as follows:

* A new control strategy using physics-informed neural networks for robotic hand control, eliminating external control inputs.
« Internal computation of velocity and acceleration by the network, reducing the need for high-dimensional input data.

+ Enhanced generalization capability from a limited training dataset across multiple trajectory types.

« Simplified and efficient handling of dynamic equations for multi-joint robotic systems.

- Effective performance under simulated external disturbances, showing robustness.

2. Modelling the DLR-HIT II hand

This section will cover the steps involved in building a robotic hand kenimatic model along with its dynamic equation. As Fig. 1
illustrates the DLR-HIT II hand has a total of fifteen degrees of freedom (DOFs). Every finger is built symmetrically with four joints
and three DOFs, ensuring a high degree of flexibility. A coupling mechanism that maintains constant angles is used to mechanically
connect the final two joints of each finger via metallic cables [22]. Table 1 displays the joint constraints for each finger [22].

In order to simplify the forward kinematic, Denavit-Hartenberg method (DH) and composite method are used. The DH model
makes use of the system’s geometrical structure to express the correlation between the joints and links of the robotic hand by utilising
the geometrical structure of the system [24]. This method determines the coordinate on every robot’s link. The relationship between
two neighbouring links is produced by the homogeneous transformation matrix. The robot’s kinematic solution can be calculated
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Fig. 1. The DLR-HIT II hand [23].

Table 1
Joint constraints and DH parameters for one finger. Unspecified values in DH
parameters are zero.

Joint Constraints DH Parameters
Joint Angle Constraint (rad) Frames a; a; 0, d;
xox
0, [— 5’[ 251 1 0,
0, [0, Z] 2 0,
0, [0, Z] 3 Ly 6
0, =0, [0.71 4 L, 0,=06;4
5 Ly

Fig. 2. The coordinate system for the DLR-HIT II hand.

through implementing the transformation sequence to obtain the end-effector’s pose in regards to the base frame [25]. In this work,
the fixed robot frame is assumed to align with the first frame, which is attached to the first joint of each finger. Thus, the same DH
parameter table can be used for all fingers as shown in Table 1. Knowing that all the fingers of DLR-HIT II hand have the same link’s
length (L, L,, L3). By doing so, the dynamic equation will be simplified, as detailed later in Section 3 A.

Fig. 2 shows the coordinate system for the DLR-HIT II hand. As the palm contains no motors or joints, only the fingers need to
be considered in its structure. The length of a link between two adjacent finger’s joints is expressed by L;, and the fixed robotic
frame coordinate frame is represented by the letter “0”. Finding the DH parameters for each finger makes it simple to build the DLR-
HIT II hand framework. This enables a comprehensive comprehension of the kinematic structure of the hand and promotes efficient
execution. By utilizing the general DH transformation matrix (1), the transformation matrix for each frame is derived.
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hence, Tﬁ_l € R** is the homogeneous transformation matrix between two frames, the translation between two frames is denoted
by Pi~! € R®*!, while the rotational matrix is represented by Ri~! € R3*3. Hence, the following equation can be used to multiply the
calculated transformation matrix for each frame in order to determine the finger pose’s tip with respect to its first joint:

234
T, =T, TIT2T3T @

TSl " is the transformation matrix between the tip of the finger with respect to first joint, subscript (r = 1,2, ..., 5) indicates which finger
the rotation matrix of the first joint belongs to, where r=1 represents the thumb, r =2 the index finger, r=3 the middle finger, r=4
the ring finger, and r=5 the pinky finger. Whereas, the composite method [26] is utilised to find the relationship between fixed
robot frame and the first joint of each finger. Then, the forward kinematic of each finger can be obtained through multiplying the
transformation matrix TSlr with the transformation matrix that describes the pose of the first joint of the corresponding finger relative

to the fixed robot frame as follows:
0 _ 0 plr
Ts=T, T, 3)

where TO is the transformation matrix between fixed robot frame and the first joint, which it will be different for each finger

dependmg on its position and orientation to the fixed robot frame. The general transformation matrix between fixed robot frame and
first joint of each finger can be stated as follows:

Ry, Ry, Ry, P
10 —| Rar, Ry Rz P, (4
' | Rs1, Ry, Rsz P

0 0 0 1

The order of operation in composite method matters. For instance, the transformation matrix between fixed robot frame and first
joint of the thumb finger can be as follows:

T° = ROT(Z,a))TRANS(X.,Y,Z,P YROT (Y, f,)ROT(X,¢,) 5)

1y > hxp J’1’ Z]

ROT(Z,a) denotes the rotation around Z-axis with angle a;, TRANS(X,Y,Z, P, .+ Py,» P.,) presents the translation among X-axis,

Y-axis and Z-axis with Px s Py ,and P, respectively, where ROT (Y, §,) and ROT(X ¢,) are rotation around Y-axis and Z-axis with
angles f; and ¢, correspondingly. Slnce the dynamics of each finger can differ due to variations in transformation matrix T0 between
the fixed robot frame and the first joint of each finger, the dynamic equation will be derived separately for each finger rather than for
the entire hand collectively. This finger-by-finger approach allows for a more precise and modular dynamic analysis. The dynamic

equation for each finger of the DLR-HIT II hand will be calculated using the general Lagrange equation:

4 (oL _oL _, 6
dt \ 0q Jq
where;
q, q,
q=| : [, q=| : @
dn Gn

q € R™! is the vector of joints’ angles, n is the number of joints (n = 4 as each finger has four joints). Here ¢, = 8,, g, = 6,, and
g4 = g3 = 05 (because of the mechanical coupling of the last two joint in each finger). ¢ € R™! is the vector of joints’ angular
velocities, T € R"™! is the torque vector, and L = K — U, where K is the system’s kinetic energy for one finger and U is its potential
energy. Since q is the only factor influencing the potential energy U, consequently, the Lagrange equation will be as follows:

(o)
On the other hand, the total kinetic energy for one finger can be expressed as follows:
k=3 K = Lirv@a ©
J=1 T2
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M(q) € R™" represents the inertia matrix for one finger, the index (j = 1,2, 3; as each finger has three links) refers to each individual
link within the system. Each term K; represents the kinetic energy contribution of the j-th link. The partial derivative of the kinetic
energy with respect to the joint velocities ¢ represents the generalized momentum associated with each joint’s velocity:
0K 0 1. . )
S = [Fa"M@d| =M@q (10)
aq 0ql2
The time derivative of the partial derivative of kinetic energy with respect to q describes how the generalized momentum changes
over time. This term incorporates both the inertia matrix and its time derivative:

d (0K d .
— | — ) = — M(@)q) =M(q)q + M(q)q 11
T < 24 > 7; M@d) =M@i +M@q an
{q € R"™! is the vector of joints’ accelerations. Finally, the partial derivative of the kinetic energy with respect to the joint positions
q captures how the kinetic energy varies with changes in the joint positions:

-7 OM(q) - ]
9q;
9k _1 : 12)
oq 2| ;oM -
9q, q_
Thereafter, by substituting (10), (11), and (12) in (8):
[ .7 OM(q) .
qT dq(q)q
1 = ) ou
P |=1-G@: Ga@=3- (13)
. T 0M(q) q dq

94y

M(@)d +M(@)q —

[\ 3

G(q) € R™! is the gravity vector. That leads to the following equation:

M) +H(q,9)+G(@ =T a4
where:

-7 0M(q) .
q' 5

H(q.q) = M(q)q - » (15)

2| .7 oM -
aqn

H(q,q) € R™! is the Coriolis and Centrifugal vector. For every finger’s j-link, the kinetic energy K ;s

LT T
Kj:f( Cjmjvc/+a)j chcoj) (16)

the mass of the j-th link is m;, and its centre’s linear and angular velocities are v; € R3*! and » ; € R3*¥1, respectively, and I, ¢ denotes
the mass centre of the j-link’s inertia in the direction of the rotation axis. Thereafter the total kinetic energy for one finger is computed
to find its inertia matrix M(q), by substituting (16) in (9):

3

1 1. .
2 Q(Vchmchj +“’/'T1c,“’j) = §(ITM((1)(1 a7
j=

ch :JVc‘/- q’ a)j :ijq (18)

J, € R3*" is the linear velocity Jacobin matrix of the mass centre of the finger’s j-link, whereas J w; € R3*" is the angular velocity
J

Jacobin matrix of the finger’s j-link. Consequently, substituting (18) into (17) yields the following:

3
L. T T L 1.7 X
74 [; (JvcjijVcI +Jw/_ICijj)]q— 54" M@q (19)
then
3
— T T
s [ZT (g iy o Lo B, )] 20)

After calculating inertia matrix M(q), H(q, q) can be obtained using equation (15). The general potential energy can be calculated
as follows:

U;=—m;gh;. (21
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h; is the height of the centre of mass of the link relative to a reference point, typically the ground, g represents the acceleration due
to gravity. In order to calculate the total potential energy for a finger with m links, such as in the case of the DLR-HIT II robotic hand
(which has 3 links per finger), the total potential energy for one finger can be computed as follows:

3
U=2Uj=

3
—m; [T g 22)
Jj=1 J

1

the P, € R3*! expresses a point located at the centre of the mass distribution on the j-th link of the finger, g € R¥*! (g=[00 g]7) is

the vector of gravity. h; is substituted with the term pfg since the height is in the direction of Z-axis of fixed robot frame as shown
J

in Fig. 2. The gravity term G(q) of one finger can be computed by finding the derivative of the potential energy with respect to joint

variables q:

oU
G = —_—=—
(@ oq

ap, 1"
D m;g (23)

= Lo

ap,
here, the term a—;’ represents the Jacobian matrix that describes how the position of the j-th link’s centre of mass of the finger

changes with respect to the joint variables. This term is the linear velocity Jacobian matrix of the centre of mass position with respect
to the joint variables:

op,,
Jq
Thus, substituting (23) into (22) yields the gravitational force vector G(q) as:

=T, (24)
J

mg
’ (25)
mp,g

G(q)=- [Jll m]g+JIc2 myg + -+ +J;rc,,, mmg] s

Since the last two joints are coupled, the DLR-HIT II hand’s finger has three actuators despite having four joints; meaning, each
finger of the robotic hand has three torques. Therefore, the dynamic equation (14) should be represented in matrix form to account
for the four torques acting on the finger, as follows:

7 my mp o omyz omy || g H, G,

Ty [_[ My myp myz myy || 4o H, G, 9
= S+ + (26)

T3 Mz M3y M3zzr My q3 H3/ G3r

Ty myyr Mypr Myzr Mgy é‘]‘4 H4/ G4/

where the prime (') notation indicates terms associated with the coupling effects. The actual torque for the third actuator is then
calculated by adding 73 and 7, since the third and fourth joints are driven by the same motor (g5 = gq,). Hence, 73y + 74 can be
expressed as 73, leading to the following equation:

7| myp myp myy my || 4 H, G
Ty |=[my my myy moy || Gy [+ Hy |+| Gy (27)
73 my; mz my3 myy || 43 Hj Gs

where the new values for the third torque term 7; are derived as follows:

mzy =mzy +myyp,
M3y = M3y + Myyr,

M3z = M3z + Myar,

(28)
M3y = M3y + My,
H3 = H3/ + H4/,
G3 = G3/ + G4r‘
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3. The methodology
3.1. Simplification of the dynamic equation

In this subsection, the dynamic equation will be simplified using a novel mathematical method. As stated in section 2, the fixed
robot frame is considered to be aligned with the first joint frame of each finger. Then, its assumed that the transformation matrix T?
.
has only translation without any orientation:

100 P
0 0 P

0 _ Yr

L P 29)
0 0 1

r

(=N}

Then, the new translation for Tg of the mass centre for any finger’s first link will be:

100 X, +P

o_mopl, |0 1 0 Y, +P,

TL=T.1=o o 1 Z, +P, (30
000 1

where (X, .Y, ,Z, ) is the location of mass centre for first link of any finger. Next, the linear velocity Jacobin matrix for the mass
centre of the first link can be determined as follows:

OX +P)  OX +P)  0Xe +Py)  OX 4Py

9q) 9q; 9q3 e
oY +Py) O, +Py) oY +Py) (Y. +Py)

31
v aq, oqy 9q3 n (31)
NZo 4Py 0Zo$Py)  OZytPs)  OZy+Ps,)

2 oqy 9q3 0qy

As long as er, Pyr’ and Pzr are constant value, then their derivatives will be zero. Thus the linear velocity Jacobian matrix states as
follows:

X, Xy  0Xy  0X,
9q; 99, 9g3 9,
) A ) AR A

- (32)
°l 99, 0g; 9q3 n
o 0Ze) 0Z, 0Z,
9q, ) 9q3 o

Subsequently, by multiplying the orientation matrix R(l) € R>3 from the fixed robot frame to the first joint by the linear velocity
r
Jacobian matrix from first joint to the mass centre of the firstlink J, € R3*", we obtain:
1

J = R?rJv (33)

vV,
c c
Lnew 1

whereJ, € R3*" is the linear Jacobian matrix from the fixed robot frame to the mass centre of first link. And same goes for the

new

angular velocity Jacobian J,, € R3xn

—_ RO
lenew - erJwﬁ'] (34

hence, J,, € R¥" is the angular velocity Jacobian. Same process will be implemented for each link. In order to find the simplified

new

M inertia matrix, the new Jacobians will be substitution in equation (20):
3
_ T o" 0 T 0" 0
M(q) - [ Z (JVCI' er ijlrJvt‘j + waer ICJerJw/' ):| (35)

j=1
The mass m; and the inertia I, are scalar values, as the parallel axis theorem is applied to calculate the inertia solely around the
z-axis (the axis of rotation). This ensures that the multiplication of matrices is unaffected by those values. One of the properties of

a rotation matrix is that when you multiply it by its transpose, the result is the identity matrix. Thus, the inertia matrix M can be
expressed as follows:

3
M(q) = [Z (Jfﬁj md, + ng_ J, )] (36)

j=1

The Centrifugal and Coriolis matrix H(q, q) is depending on the inertia matrix as stated in equation (15), whereas, the gravity
term G(q) can be computed as follows:
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Fig. 3. The structure of DLR-HIT II finger model in Simulink.
Table 2
DLR-HIT 1II robotic hand dimensions and weights.
Parameters Length (mm)  Width (mm)  Weight (g)
Distal Phalanx 25.0 19.2 24.0
Medial Phalanx 25.0 20.0 25.0
Proximal Phalanx  55.0 20.0 61.0
Hand Palm 140.4 126.2
T T T
G@=— 1" m +3" my+..+J mm] A, (37)
] ) (o
where
, Ry, Ry, Ry |0 &Ry,
—RY 6= —
A,=R| g=| Ry, Ry, Ry (|0]=|8Ry, (38)
Ri;, Ry, Ry || 8 &R,

The r here is only two values 1 and 2 because the x-axis of index, middle, ring, and pinky fingers align with z-axis of fixed robot
frame, which means the last row of rotation matrix is the same for all the mentioned fingers, consequently, all the fingers of the DLR-
HIT II hand excluding the thumb finger has the same dynamic. Therefore, r =1 is for thumb finger and r =2 is for all other fingers.
This method is highly beneficial for simplifying the dynamics of complex systems, such as parallel robots and multi-fingered robotic
hands. By reducing the computational complexity, it allows for more efficient and accurate modelling of these intricate systems.
This simplification is crucial for real-time control and simulation, enabling the implementation of advanced control algorithms and
improving the overall performance of robotic systems. Additionally, it facilitates the design and optimization processes, making it
easier to analyze and fine-tune the mechanical and control aspects of complex robotic structures.

3.2. Simulation of the DLR-HIT II hand in MATLAB

In robotics, simulation is an essential tool for system evaluation to reduce the risks involved in testing and deployment in the
real world. It makes it easier to simulate intricate situations, making it possible to optimise designs and experiment successfully
and economically with various control methods. Additionally, simulations speed up development and improve the resilience and
dependability of robotic solutions by offering crucial insights into system performance under various circumstances. MATLAB is a
powerful platform widely used in robotics for its robust capabilities in algorithm development, data analysis, and simulation which is
employed as an evaluating platform. It offers a powerful toolkit for simulating dynamic environments, creating and executing complex
control systems, and optimising robotic algorithms. Accurate simulations and analyses are essential for assessing the operation of
robotic systems under varied settings, and MATLAB’s numerical computation precision guarantees them. MATLAB’s integrated support
for Simulink makes it easy to simulate robotic models. This allows for design testing and refinement before real-world deployment,
which improves the reliability and efficacy of robotic solutions. Therefore, for a more comprehensive evaluation, we utilize the CAD
files of the DLR-HIT II hand, which are sourced from a GitHub repository, ensuring detailed and accurate modelling of the robotic
hand [27]. The DLR-HIT II robotic hand physical characteristics are shown in Table 2 and some other specifications of the robotic
hand are mentioned in section 2. The work in [22] declares that each finger weight is 220 g including motors, electronic boards,
and other components, and the whole robotic hand weight is 1.5 Kg. Simulink and specifically the Simscape Multibody library can
provide robust robotics simulation capabilities that make it possible to precisely model, visualise, and analyse intricate mechanical
systems and their dynamic interactions inside of a virtual environment. To simulate each finger of the DLR-HIT II robotic hand in
MATLAB/Simulink, the Simscape Multibody library of Simulink is employed for modelling the physical model of the whole hand
as shown in Fig. 2. The DLR HIT II has an intricate mechanical construction whose capabilities and proficiency are intended to be
similar to those of the human hand [28]. As shown in Fig. 2, each finger can rotate around two axes from its base, which requires a
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Fully-connected NN PINN
Hidden layers
Input layer tanh — — — — tanh relu Output layer
t 4 [
¢ 5t
tanh ———— tanh relu
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| | |
| | |
| | |
I I I 2 5
q, | [ 1 T 5t
tanh ———— tanh relu
T Optimizer 4

MSE,, = MSEgy, + MSE

total ‘physics

Fig. 4. The architecture of the PINN with 9 inputs (one input for time #, 3 inputs for the desired position q,, and 3 inputs for the feedback q,), 4 hidden layers (the
first three hidden layers have 64 neurons for each with tanh activation function and the last hidden layer has 80 neurons with relu activation function), and 9 neurons
at the output (3 outputs for the predicted desired positions §,, 3 outputs for the prediction of tracking the positions §,, and the last three outputs are the predicted
actual torque 7).

universal joint to be modelled. There is a universal joint block provided in the Simscape library, but this block is designed to rotate
around the X and Y axes which is not suitable for our model as rotation around the Z axis is required. By using a cross shaft between
two axes with similar weight and dimension, this 2 DOF joint is identical to the actual DLR-HIT II robotic hand. As mentioned in
section 2, the other complexity in each finger belongs to the final two joints which coupled together using a metallic cable. A cable
and pulley constraints mechanism considered for the final joints, so actuation is only applied to the third joint and the final joint will
rotate using the torque applied to the third joint. Fig. 3 represents the structure of each finger of DLR-HIT II robotic hand made in
Simulink. The damping coefficients for the joints are set as follow: 0.011 N-m-s/rad for the first joint, 0.02 N-m-s/rad for the second,
and 0.0145 N-m-s/rad for the third. These values are selected to optimize the performance of the PINNs, which will be discussed in
detail in the following section.

3.3. Employing the PINN to implement PD torque control

In this section, two PINNs are employed to solve the dynamic equation of all the fingers and to control the robotic hand. One
is for all the four fingers excluding the thumb of the DLR-HIT II hand since they share the same dynamics, and one for the thumb
finger. The architecture of the developed PINN is shown in Fig. 4, the input of the PINN is the time, the desired joints positions, and
the actual joints positions (¢, q,, and q,) € R7%!, while the outputs are the desired and actual positions of the finger joints, and the
torques (§,, §,, and %,) € R, Four hidden fully-connected layers are utilized, the first three hidden layers have 64 neurons for
each layer with hyperbolic tangent activation function (tanh) while the last hidden layer has 80 neurons and its activation function is
rectified linear unit (relu), it is trained over 2500 epochs. All weights and biases employ the regularization method L2 [29] to prevent
data overfitting. In order to avoid the limitation of multi-dimensionality in PINNs, each output has its own physics loss equation. The
foremost three outputs values of PINN are assumed as follows:

D =4q,,0),

P2 =5, (D), (39)

93 = 3, (.
zjld(i),tizd (i), and 63,1 (i) are the predicted desired position, i = 1,...,B Iz where B r C N /> representing the subset of samples
used for the physics loss function, which is updated every 100 epochs to enhance training variability. The first three outputs
(tjld(i), qzd (i),¢j3d (7)) are crucial for solving the system’s dynamic equations. They help determine the desired joint positions and
their derivatives, which are then substituted into other equations. In the first equation, 41d(i) and its derivatives (q'ld(i),qld(i)) are
assumed the only unknown parameters and the other variables ¢ (/) and g3 (i) are known from the input of the PINN. In the second
and third equation, the same concept is implemented, 9@, (i) and its derivatives (fizd (O q‘zd (1), 4, (i) and its derivatives (ij3d (), q'3d (i)
are unknown while ¢, d(i), a3, (i) and g, d(i), @, (i) are the inputs for second and third equations respectively. Hence, the first three
equation would be:

fih)=e€ <Md(1, DAy () + Hi(qy (), 44()) + Gl(qd(i))) >

foD) =€ (My(2, D) + Hy(qu(i). 4,()) + Go(qu () » (40)

f3(0) =€ (My3, )iy () + H3(qa (), 44()) + G3(qq(0))) -
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€ is a constant to maximize the torque owing to the fact that the torques of the fingers’ joints of the DLR-HIT II hand is low value
considering the measured unit for the torque is Newton.meter (N.m) according to the International System of units (SI) [30] and this
small value is difficult to be predicted by neural network since the neural network is an approximation algorithm, therefore, a constant
factor e is multiplied by the equations to keep the consistency of the system compatible with SI. M,(1, :), M,(2, :), and M;(3, :)
represent the first, second, and third raw of the inertia matrix M(qq(i)) correspondingly, whilst §,(i) and ¢,(i) can be expressed as
follows:

04y, (i) o4, ()
2012 ot
Pga, () 9, (i)
G .(i) = or2 o () = ot
q,() = P, () |° q,() = 243, (i) (41)
2 Jat
0zg3td ® 943, ()
o2 ot

In equation (41), the third and fourth components of §, (/) and q,(i) are intentionally repeated, as they represent identical values
in the system. This redundancy is due to mechanical coupling between the third and fourth joints. The PINN can incorporate the
derivative from one equation into other equations because all physical equations are related to the same system as seen in Equations
(40). The physics loss for the first three outputs will be:

2
MSE;, () =|f1()-7,0)| .
2
MSEy, (i) =| 1), . (42)

2
MSE; ()= |£30) =73, -

rld(i), 7, (i), and T3d(f) are the desired toque for each joint of one finger. The same idea is applied on the equations of tracking
position harnessing the derivatives of the desired values from the Equations (40). As a result, the following three output values of
PINN are presumed to track the actual joints’ position:

5’40) = éla(i),
P50 =4y, (), 43)
Fe(i) =43, (i).

Then, the subsequent equations are formulated to trace the joints’ positions:

Fa=e (M1, 2) (i4G) + K peli) + Kpé(@) + Hy(q,(), 4,0)) + G (a,())) ,
fs() =€ (My(2, 1) (440) + Kpe(i) + Kpe()) + Hy(q,(0), 4,()) + Go(q, (1)), (44
Foli) =€ (M3, 2) (g (D) + K pe(i) + K pé(i)) + Hy(Qy(i), (i) + G3(q, (1)) -

The rows of the actual inertia matrix M(q,(i)) are indicated by M, (1, :), M,(2, :), and M,(3, :), K » and K, are the proportional
and derivative gain of the controller, e(i) = qq(i) — q,(i) denotes the position error and é(i) = q,(i) — q,(i) refers to the velocity error,
q,(i) is a vector of the actual joints’ velocities and can be stated as shown in the next equation:

94, ()
E
dda (i)
q,()= aqf;(i) (45)

a1
g5, ()
at

The third and fourth terms of q,(i) in equation (45) are identical due to the mechanical coupling between these two joints, as
previously explained. The following equation stand for the physics loss of tracking position:

2
MSE, ()= £y =7,0)| .
2
MSE ()= |fs() =70, )| . (46)

2
MSE;, (i) =| (D) = 3,0 -

Tla(i)’ 7, (i), and T3, (i) are the actual torques for the joints of one finger. The actual torques of the joints are presumed as illustrated
in the subsequent equation:

10
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Y1) =21, (D),

Ps(i) =2, (D), 47)
Folh) =13 (D).

The actual torques’ values are determined by leveraging the desired and actual joints positions (q,(i), q,(i)) and their derivatives

(4,40, 44(), q,(i)) that are computed in the Equations (40) and (44). Subsequently, the outputs’ equation of the predicted torque
would be:

F10 =€ (M1, ) (g0) + K pe) + K ) + H (6,(00.8,(0) + G (@) =, D) ).
feliy=¢ (Ma(z, D) (g () + Kpeli) + K pé(i)) + Hy(au(0), 4,()) + G(q, (i) — fza(i)) , (48)
Foli) =€ (My3, ) (igD) + Kpe) + Kpe() + H3(@,(0), 4,(0) + G3(@,(0) = 3, 0))

and the physics loss for the computed torque control is described as follows:
MSE, (i)=|f;() -0,
MSE (i)=|f3(i) 0| (49)
MSEj ()=o) -0,

by setting the target value to zero, the loss function encourages the predicted control torques 1, (D), £y, (D), and 3, () to satisfy the
system’s physical equations. This formulation ensures that the predicted torques correspond to an equilibrium state. The total physics
loss can be written as shown in the following expression:

9 By
1 .
MSEphySic,\': B_ ZZMSE/"I(I) (50)
j=1li=1

while the loss fitting data is obtained using the following equation:

9 By )
MSEga= 5 30 3% (3,00~ e, ) D)
d j=1 k=1

here, M S E4,, describes a Euclidean distance measure, which by definition produce a scalar quantity, it represents the sum of squared
differences between actual and predicted data for each k. The set B; C N, denotes the number of samples used for the data loss
function, which is updated every 100 epochs to ensure diversity in training. §;(k) represents the predicted outputs from the PINN,
which correspond to the predicted joints’ desired positions, actual positions, and actual torques: 4,(k), 4,(k), and % ,(k), respectively.
While Hdata, (k) contains the actual output whose samples are carefully selected to satisfy the constraints of the robotic hand’s finger
joints. Then the total loss of PINN would be the combination of the physics loss and data fitting loss as illustrated in the following
equation:

MSE,,,, = MSE

physics + MSEdara (52)

where M SE,,, is the total loss function throughout all dimensions and samples. The following lines of pseudocode illustrate the
steps to achieve convergence for the PINNs:

4. Experimental studies
4.1. Data generation and preprocessing

The training data for the physics loss are generated using a fifth-order polynomial equation, with a final time of 10 seconds and a
time step of 0.01 seconds, across 12 different trajectory scenarios (totalling 12,012 samples, including the initial time at 0). This data
is then input into the dynamic equations of the DLR-HIT II hand to determine the desired torque. Simultaneously, 12 distinct points for
the actual joint positions and zero velocities of the artificial hand’s joints are substituted into the computed torque control equation
to track the actual torque and trajectory. For the loss function related to the fitting data, 1,302 samples are carefully selected to
encompass the constraints of the robotic hand’s joints, covering both desired and actual values, using the same polynomial equation.
The positions and velocities are updated using the following equations:

a(:, ) =M(q(i)™! (? —H(q(),q()) — G(q())),
qC,i+ D) =qC, ) +§C, DAt (53)

q(:,i+ D =q:, ) +q(, )AL+ %ij(:,i)Atz

11
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Algorithm 1 PINN to Control the Hand.

Input: (1(1),q, (), q,()), (1(k),q,(k),q,(k)), i€ N, k€ Ny,

Output: (d, (1), 4,(1). 2,). (@, (k). 4,(K). 2,(5)

: 6 ~Random {Neural network parameters}

: Set £ > 0 {Convergence threshold}

: Set By, B;; By C Ny, B, C N, {Mini-Batch sizes for physics and data loss}

: epoch < 0

: converged « False

: while MSE, >¢ do

if epoch mod 100 ==0 then
Select mini-batch B, C ./\f {Sample mini-batch for physics loss}
Select mini-batch B, C /\/ 4 {Sample mini-batch for data loss}

end if

q,(0),q,(0), T, (i) < NNy (1(i), q, (i), q,(1),i € B, {NN, represents the neural network parameterized by 6}

_

-] e 1231 @ 2
12 MSE =7 [ se 46, @ e
|7, -0f.  je7.8.9), ®a (ao»

13t MSEy =5 5, 54 MSE (), (Eq. (50)
14: q,(k),q,(k), (k) < NN, (t(k),q,(k),q,(k)), k € B,

2
150 MSEgu =3 T Z0 (500 — e, ®)) » (Bq. (512)

16:  MSE, =MSE,;,+ MSE,, .., (Eq. (52))

17: 0 « 0 —-nVyMSE,, {Update parameters using gradient descent}
18:  epoch < epoch + 1

19:  converged « (M SE, <¢&)

20: end while

Torque (Nm)
orque (Nm)

Time (s)

(@)

Fig. 5. (a) Comparison of the simplified dynamic and the original dynamic of the thumb finger, where 7, .7, .+ T3, Tepresent the torques of original dynamlc, and

7,272, 73,, Tepresent the torques of simplified dynamic. (b) Comparison of the simplified dynamic and the orlgmal dynamic of other fingers, where T, T3

Znew org " dorg

denote the torques of original dynamic, and 7, ,7; denote the torques of simplified dynamic.

new

new zm'u

where At is the time step, which is #(i + 1) — #(i). In our formulation, At is constant throughout the trajectory, ensuring uniform time
discretization. This assumption is standard in robotic trajectory planning and numerical integration, facilitating consistent control
updates and real-time execution. Since At does not carry an index, it remains fixed for the entire trajectory. After collecting the data,
the time for each trajectory is normalized to the range [0, 1]s using the normalization method [25] for all training samples, as defined
in Equation (54). This scaling ensures that the PINN can effectively generalize to different time horizons and steps.

t(l) mln
= Tmin

l()— (54)

m X

Here, the normalized time is denoted as 7, (i), where i represents the index within the normalized time array. Similarly, #(i) refers
to the time value at index i, with i corresponding to the length of the time array that defines the temporal evolution of a trajectory,
given by t = {#(1),#(2), ..., #(N')}. This array consists of discrete time values sampled at regular intervals of At starting from the initial
time 7(1) and progressing up to the final time #(N'). The terms ¢,,;, and t,,,, represent the minimum and maximum time values within
the array t, respectively. Applying the normalisation method on the time lessens the training time, stabilizes the training, improves
PINNs’ ability for generalisation as well as the loss function converges faster.

The proposed control strategy was tested through comprehensive MATLAB/Simulink simulations. The Simscape Multibody library
was employed to accurately model the physical structure of the DLR-HIT II robotic hand, replicating its kinematics and dynamics. The
simulations involved various trajectory types, including polynomial and sinusoidal paths, to evaluate the controller’s performance
under typical conditions. To enhance the realism of the collected sample set and simulate practical operating conditions, we assured
our data generation process to include external disturbances. Specifically, the simulations were subjected to disturbances in the form

12
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Fig. 6. (a), (b), and (c) show the predicted torque by the PINN for the cubic, sinusoidal, and spline trajectories with seven control points, respectively, compared to
the desired torque over time periods of 8s, 10s, and 15s, with time steps of 0.004, 0.002, and 0.005 seconds. In contrast, (d), (), and (f) present the torque generated
by the PD computed torque control for the same trajectories, time intervals, and time steps.
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Fig. 7. (a), (b), and (c) depict the position tracking performance of the PINN for the cubic, sinusoidal, and spline trajectories with seven control points, respectively,
compared to the desired trajectory over time periods of 8s, 10s, and 15s, with time steps of 0.004, 0.002, and 0.005 seconds. Meanwhile, (d), (e), and (f) illustrate the
position tracking of the PD computed torque control for the same trajectories, time durations, and time steps.

of Gaussian noise applied to the joint torques and external forces acting on the robotic hand. These disturbances were modelled with
a mean of zero and a standard deviation of 5%, 10%, 20%, and 30% of the joint’s maximum torque, simulating typical noise and
perturbations experienced in real-world scenarios.
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Fig. 8. (a) and (d) show the torque and tracking position of the PD computed torque control for the fifth polynomial trajectory, without velocity feedback, relying
on the velocity generated from Equation (53). (b) and (e) display the torque and tracking position with actual velocity feedback for the same trajectory under PD
computed torque control. Meanwhile, (¢) and (f) present the predicted torque and tracking position using PINNs for the same trajectory, without velocity feedback,

relying on low-dimensional inputs.

Table 3
MAPE, MATE, MAXAPE, and MAXATE for cubic trajectory.
Joints MAPE MATE MaxAPE MaxATE
PD PINN PD PINN PD PINN PD PINN
1 0.0193  0.0143  0.0012  0.0015 0.3000  0.3000 0.0823  0.0848
0.0341 0.0155  0.0054  0.0055  1.3000 1.3000 0.4962  0.5032
3 0.0257  0.0162  0.0022  0.0026  0.9000  0.9000  0.2370  0.2408
Table 4
MAPE, MATE, MAXAPE, and MAXATE for sinusoidal trajectory.
Joints MAPE MATE MaxAPE MaxATE
PD PINN PD PINN PD PINN PD PINN
1 0.0091 0.0110  0.0013  0.0014 0.3994 0.3994 0.1016  0.0921
0.0102 0.0073 0.0040 0.0039 0.6520 0.6522 0.2637 0.5260
3 0.0210  0.0210  0.0024  0.0024  0.5921 0.5942  0.1299  0.1244
Table 5
MAPE, MATE, MAXAPE, and MAXATE for spline trajectory.
Joints MAPE MATE MaxAPE MaxATE
PD PINN PD PINN PD PINN PD PINN
1 0.0027  0.0017  0.0003  0.0004 0.1000 0.1000 0.0303  0.0310
0.0103  0.0032  0.0019  0.0019 0.3000  0.3000 0.1185  0.1067
3 0.0271 0.0176  0.0014  0.0014  0.2000  0.2000  0.0593  0.0559

4.2. Results and discussion

This section presents the findings and analysis of the novel method for simplifying the dynamic equations of the robotic hand
and the application of PINNs for executing PD torque control. The dynamic equations are simplified using our novel method, which
is mathematically refined and detailed in Section 3-A. The simplified dynamic is tested with fifth-order polynomial trajectories and
integrated into the dynamic equations. This process is illustrated in Fig. 5a and 5b, which show that the curve for the simplified
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Fig. 9. (a), (b), (c), and (d) show the position tracking by the PINN for a cubic polynomial trajectory under Gaussian noise disturbances, with zero mean and standard
deviations of 5%, 10%, 20%, and 30% of the joints’ maximum torque, respectively. These results are compared to the desired position over a 10-second duration with a

time step of 0.001 seconds. In parallel, (e), (f), (g), and (h) present the torque predictions by the PINN under the same Gaussian noise conditions, trajectory, duration,
and time step.

Table 6
MAPE by the PINN under varying disturbance percentages of Gaus-
sian noise for a cubic trajectory.

Joints ~ MAPE for tracking position (PINN) under noise levels

0% 5% 10% 20% 30%
1 0.0051 0.0051 0.0054 0.0062 0.0069
2 0.0067 0.0059 0.0060 0.0070 0.0082
3 0.0056 0.0047 0.0087 0.0157 0.0214
Table 7

MATE by the PINN under varying disturbance percentages of Gaus-
sian noise for a cubic trajectory.

Joints MATE for predicting torque (PINN) under noise levels

0% 5% 10% 20% 30%
1 0.0011 0.0011 0.0012 0.0014 0.0018
2 0.0026 0.0024 0.0024 0.0023 0.0022
3 0.0013 0.0011 0.0011 0.0010 0.0009

dynamics exactly matches the original dynamic curve for thumb finger and other fingers, thereby demonstrating the method’s effec-
tiveness. This study presents a streamlined approach that employs two PINNs to address the dynamics and control of a robotic hand.
The developed PINNs successfully predict torques and tracks positions without requiring velocity input q. This is achieved because
the desired torques 7, and actual torques 7, as shown in Equations (42) and (46), respectively, serve as targets in the physical loss
Equations (40) and (44). The time required for the finger’s joint to move from the initial to the final position is normalized between 0
and 1 second, as illustrated in Equation (54). Consequently, the PINNs are generalized to accommodate various time steps and periods,
enhancing their applicability and robustness as shown in sub-Figs. 6¢, 6a, and 6b for predicted torque and sub-Figs. 7a, 7b, and 7c¢
for tracking position. The PINNs perpetually follow the trajectory even if the initial velocities differ from zero, even though they
were trained with zero initial velocities. This flexibility of PINNs to disruptions guarantees steady performance, allowing it to stay on
course even when it counters unforeseen changes in initial circumstances. Furthermore, the approach utilizes low-dimensional inputs,
including desired joint positions q,, actual joint positions q,, and time ¢, without requiring feedback of the actual joint velocities
q,- This leverages the PINN’s ability to internally generate the derivatives of the desired joint positions (q,, §;) and the derivative of
the actual joint positions q,, enabling precise control without relying on additional feedback. The developed PINN, although trained
on a limited dataset of just 13,314 samples from a fifth polynomial trajectory. The PINNs are validated by comparing their output
with the output of the PD computed torque function. This comparison is made by generating the velocity using Equation (53) with-
out relying on actual feedback velocity. The PD controller fails to follow the desired trajectory under these conditions as shown in
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sub-Figs. 8a and 8c. However, despite being trained on the same equation with the same generated velocity, the PINNs successfully
predict the torques, demonstrating their effectiveness and accuracy. Additionally, the results are validated by comparing them with
the PD computed torque control, this time incorporating the actual velocity feedback. Sub-Figs. 8b and 8e show the generated torque
position tracking for PD computed torque control using fifth polynomial trajectory, while sub-Figs. 8c and 8f show the predicted
torque by PINNs and its tracking position for the same trajectory. The PINNs’ ability to generalize across different trajectory classes
can be attributed to two key factors. First, the network is trained using normalized time and a carefully sampled dataset to cover the
joints constrains. Second, the first three physics-informed equations of the PINNs (Equations (40)) encode the fundamental physical
laws governing the system. This interpretative capability enables the PINNs to accurately predict outputs across various trajectory
types. The PINNs demonstrate strong generalization across diverse trajectory types. Fig. 6 and 7 demonstrate the performance of the
PINNs compared to PD computed torque control in real-time simulation across various trajectory types, highlighting both position
tracking and the generated torque by the PINNs and PD control. MAPE, MATE, MaxAPE, and MaxATE were calculated for both PD
computed torque control and the developed PINNs across the cubic trajectory (Table 3), sinusoidal trajectory (Table 4), and spline
trajectory with seven control points (Table 5). The real-time error comparison reveals that the PINNs outperformed PD computed
torque control for the spline trajectory, while achieving comparable performance in the sinusoidal and cubic trajectories. To evaluate
the robustness of the PINN-based control system against external disturbances, a series of simulations were conducted with varying
levels of Gaussian noise perturbations. The noise was introduced with a zero mean and standard deviations set at 5%, 10%, 20%,
and 30% of the joints’ maximum torque. These levels simulate real-world uncertainties and external forces that the control system
might encounter. Fig. 9 illustrates the torque response and trajectory tracking performance under these noisy conditions. Despite
the increasing intensity of the noise, the control system consistently maintained an error rate within acceptable bounds, effectively
mitigating the effects of the perturbations. This highlights the inherent stability and adaptability of the PINN-based controller. Fur-
thermore, Table 6 compares MAPE under noise-free and noisy conditions, while Table 7 presents a similar comparison for MATE.
The results indicate that, while the introduction of noise led to a slight increase in tracking error, the overall performance of the
PINN-based controller remained robust. These findings demonstrate the controller’s resilience and its ability to handle unexpected
external forces with minimal degradation in accuracy.

5. Conclusion

This study highlights the effectiveness of the developed PINNSs in controlling robotic tasks that are either costly or have limited
data availability. Unlike purely data-driven algorithms, the developed neural network requires significantly less training data. More-
over, the PINNs can model the nonlinear relationships inherent in complex robotic dynamics while incorporating prior knowledge
of the system’s physics directly into its learning process. This approach results in more accurate control by enabling the neural net-
work to inherently understand and govern the underlying physical principles. Two PINNs are employed to solve the dynamics of the
robotic hand and to implement computed torque control with position tracking, all without the need for integration with additional
controllers or sub-networks. Furthermore, treating each output with its own equation effectively avoids the multi-dimensional lim-
itations typically encountered in PINNs. By applying a normalization method to scale time and carefully selecting training data to
cover the constraints of the robotic hand’s joints, the PINNs are able to generalize across various trajectory classes, even when the
training dataset is limited and belong to one type of trajectory. A low-dimensional input is fed into the PINNs, which leverages its
capability to internally derive joint velocities, thus eliminating the need for external velocity feedback. The validity of this approach
is further supported by the findings from the simplified dynamic equations. These equations were shown that accurately match the
original dynamics of the robotic hand’s thumb and other fingers. This alignment confirms both the accuracy and robustness of our
method. The PINNs were validated through real-time simulation of the DLR-HIT II hand and demonstrated the potential to outper-
form traditional PD computed torque control. This is particularly evident in spline trajectory as well as when the PD control relies
on generated velocities in the absence of actual velocity feedback. By integrating theoretical stability proofs and simulation results,
we confirmed that the proposed method ensures stability and convergence. The simulations, which included external disturbances,
demonstrated that the control approach is robust and suitable for real-time applications. Future work will focus on validating these
findings with physical experiments, paving the way for practical deployment in real-world robotic tasks.
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