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Physics-Informed Neural Network for Model
Prediction and Dynamics Parameter Identification of
Collaborative Robot Joints

Xingyu Yang ®, Yixiong Du ®, Leihui Li

Abstract—Collaborative robots have promising potential for
widespread use in small-and-medium-sized enterprise (SME)
manufacturing and production due to the development of increas-
ingly sophisticated Human-Robot Collaboration technologies.
However, predicting and identifying the behavior of collaborative
robots remains a challenging problem due to the significant non-
linear properties of their unique gearbox, the harmonic drive.
To tackle the engineering problem, this work proposes a physics-
informed neural network (PINN) to predict and identify collabo-
rative robot joint dynamics. The procedure involves deriving the
state-space dynamic model, embedding the system’s dynamics
into a recurrent neural network (RNN) with customized Runge-
Kutta cells, obtaining labeled training data, predicting system
responses, and estimating dynamic parameters. The proposed
method is applied to predict and identify collaborative robot
joint dynamics, and the results are verified and validated through
numerical simulations and experimental testing, respectively. The
obtained results demonstrate a high level of agreement with
the ground truth and exhibit superior performance compared
to the conventional PINN and the non-linear grey-box state-
space estimation algorithm when confronted with non-linearity
and dynamic coupling. Moreover, the PINN exhibits the potential
for extension to various dynamic systems.

Index Terms—Calibration and Identification, Deep Learning
Methods, Dynamics, Actuation and Joint Mechanisms, Human-
Robot Collaboration

I. INTRODUCTION

OLLABORATIVE robots are a key feature of future
small-and-medium-sized enterprise (SME) manufactur-
ing and production. Accurately controlling a collaborative
robot is always a top priority [1], as it requires precise
dynamic modeling of the robot, interaction with humans or
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environments [2], [3], intelligent control strategies to adapt to
various tasks [4], hardware innovation to increase the robot’s
perception of uncertainties in the environment, and active
learning algorithms to update its production skills [5]. Of these
requirements, the precise dynamic modeling of collaborative
robots is still a hot topic after decades of research [6]-[9]. This
is due to the unique and highly integrated joint design of col-
laborative robots, which introduces challenges to the dynamic
model structure and parameter calibration because of their
non-negligible joint flexibility. One of the main components
inside a collaborative robot is the gear reducer or harmonic
drive, which is different from conventional gearboxes in both
stiffness and transmission principles. As a result, an apparent
non-linearity can be observed in collaborative robots [10],
[11]. Moreover, the primary control of the robot is still
performed in joint space by transforming from task space to
joint space with Jacobian Matrix. Therefore, to better control
the robot’s performance, it is essential to develop a dynamic
model of the robot joint and to predict and identify the system
with these nonlinear behaviors [7], [8].

Model prediction and parameter identification are com-
monly referred to as forward and inverse problems, respec-
tively. The forward problem involves mapping the system input
and output using available data, while the inverse problem
focuses on discovering the system’s underlying structure and
parameters based on the collected data [12]. The inverse prob-
lem, also called system identification, is a traditional topic in
control that has been explored for over half a century. The final
goal of system identification is to infer the model parameters
based on the evaluation of the collected experimental data [13].
By choosing or developing the appropriate model structure to
construct the regression model, the regression algorithms are
then applied to minimize the objective function and obtain the
estimated values of the parameters, empowering the model to
map the inputs to outputs as the actual system. While con-
ventional system identification algorithms have demonstrated
high efficiency in linear systems, their application in nonlinear
systems remains an active area of research [14], [15]. In recent
years, machine learning techniques have gained significant
attention in the field of modeling and estimation [16], [17].
A conclusion that can be drawn from existing research is
that black box machine learning models are efficient tools
to address the forward problem and replace the traditional
physical law-based models if only the relationship between
system inputs and outputs is desired. This could have many
benefits for model prediction and system control [18]-[20].
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However, conventional neural networks are often treated as
black boxes, lacking explicit physical interpretations for their
neurons. Moreover, the complex mathematical mapping makes
it challenging to represent this conventional machine learning
model more intuitively as physical laws, making it difficult
to infer the physical system parameters and provide guidance
on designing the system. In addition, conventional supervised
learning algorithms have a strong dependence on the quality
and amount of data, which further increases the difficulties of
training the model to represent model dynamics [12].

The traditional physical law-based modeling approach still
offers irreplaceable advantages in terms of simplifying the
model while maintaining high precision [21], [22]. Further-
more, it is less dependent on data. Therefore, the concept
of Physics-Informed Neural Networks (PINNs) [12], [23]
has been proposed and developed by combining physical
knowledge with advanced machine learning models, where
the physical laws are colocated to the neural networks to
serve as constraints. As a result, it has the benefits of both
physical and machine learning models and overcomes their
respective shortcomings. For instance, the machine learning
models excel in regression tasks and can effectively handle
uncertainties, while the incorporation of physical laws reduces
the reliance on extensive data and provides valuable guidance
for optimizing the loss function. The PINNs were first pro-
posed to solve partial differential equations and identify system
coefficients in both continuous and discrete-time systems, such
as the Schroedinger equation and Allen-Cahn equation [12].
Subsequently, the PINN has gained much attention from the
research community and has been widely applied to fluid
dynamics [24], chemical kinetics [25], and mechanics [26],
among others. PINNs perform as well as other machine
learning algorithms for model prediction [27] and and have
excellent performance in identifying model parameters due to
their transparency [28]-[30]. Moreover, some Python libraries,
such as DeepXDE [31], which are based on the original
concept of PINNs, have been released and have facilitated the
application of PINNs across various domains.

In a nutshell, the conventional PINN [32] involves a two-
stage process without modifying the neural network structure.
Instead, additional trainable hyperparameters are only assigned
to represent the physical system parameters in the loss function
computation. The neural network acts as a general function
approximator and is typically a conventional neural network.
However, this approach may face challenges when dealing
with complex systems that have a large number of parameters,
particularly systems governed by non-linear and dynamically
coupled ordinary differential equations (ODEs), due to the
simplicity of the network structure. While PINNs have been
extensively explored in fluid dynamics applications [33], their
application to mechanical systems has mainly been limited to
linear systems [29], [30]. Therefore, there is a pressing demand
to extend the concept of PINNs to complex ODEs systems
with non-linear characteristics, especially in the context of
joint dynamics, where precise model prediction and parameter
identification pose significant research challenges. Therefore,
the main objective of this work is to address the challenges
by revising the structure of conventional PINNs from a two-

stage approach to a hybrid form (H-PINN), where the physical
laws are embedded into the neural network, to enhance the
capability of PINNs in handling non-linear ODE systems.

The remainder of this paper is organized as follows: Section
IT outlines the pipeline of using H-PINN for model prediction
and parameter identification, Section III describes the princi-
ples and construction of the H-PINN in detail, Section IV ex-
plains the parametric modeling process for collaborative robot
joint dynamics, Section V presents the acquisition of labeled
data for training, Section VI demonstrates the prediction and
identification results obtained using H-PINN, and Section VII
concludes the paper and discusses future work.

II. PIPELINE OF PREDICTION AND IDENTIFICATION WITH
H-PINN

In this section, a framework is presented that follows the
pipeline of typical supervised learning to address the problem
of model prediction and parameter identification by utilizing
the physics-informed neural network, as shown in Fig. 1. The
framework comprises three main parts: 1) A labeled dataset
for training the network; 2) A hybrid PINN implemented on
the RNN with customized 4th order Runge-Kutta (RK4) cells,
which will be detailed in the next section; and 3) The outcomes
of the H-PINN, which are the estimation of system parameters
and prediction of model behaviors.
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Fig. 1. Framework of using the H-PINN for model prediction and parameter
identification following the pipeline of a typical supervised learning

The labeled dataset can be acquired from physical experi-
ments or numerical simulations, with experimental data being
preferred as it can best resemble the real system behaviors.
However, the simulated data can also be used to verify whether
the machine learning model can capture the ground truths
of the system, while the ground truth parameter value of a
physical system is not available most of the time. Regarding
the H-PINN, the RNN is chosen to serve as the backbone by
replacing the cells with customized RK4 cells. The physical
law, which represents the state space system dynamic model,
is embedded into the cells to reveal the relationship among

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



YANG et al.: PINN FOR PARAMETER IDENTIFICATION OF COBOT JOINTS

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

the system inputs, current states, and previous states. The
non-linearity can be modeled and coupled to each state with
trainable weights, enabling the H-PINN to be extended to
both linear and nonlinear systems. After adequate training,
the system dynamics can be estimated parametrically and
corresponding model predictions can be made using the H-
PINN. The H-PINN offers several advantages over the con-
ventional system identification approach [34], including its
ability to estimate unknown states as if the required ground
truths are appropriately labeled. Additionally, after obtaining
the dynamic model, the construction of the parameter vector
and regressor matrix is not required by the H-PINN.

ITI. CONSTRUCTION OF H-PINN

The RNN offers advantages in capturing sequential features
in input data, where previous states and system inputs will
impact subsequent states. This aligns with the state space
system dynamics, where the solution is a time series. The
RNN also allows for parameter sharing across time steps,
reducing the number of model hyper-parameters and enabling
assigning physical meaning to those parameters [35]. As such,
the proposed H-PINN utilizes the RNN as its backbone. The
Runge-Kutta method is widely used to obtain numerical solu-
tions of differential equations with simple equations but high
precision, both explicitly and implicitly. Thus, the proposed H-
PINN embeds the physical law of the system into RNN using
RK4. The implementation of the proposed H-PINN is shown
in Fig. 2 (a). The neural network takes the system input u,
initial condition of the system states vy, and the initial guess
of the system parameters 0 as inputs, while the outputs of the
network are the estimation of the system states ¢ and system
parameters 6. In each epoch of the training process, the H-
PINN predicts the system states and compares them with the
ground truth data to compute the loss function. Subsequently,
the loss is utilized to optimize the estimation of the system
parameters for the next epoch of training.

The detailed structure of the RK4 cell is depicted in Fig.
2(b) and its mathematical representation is shown in Eq. 1.

Y1 = P(ug, Yy, At) (D

where the next state, vy, , is determined by the system input,
u,, the current state, y,, and the time increment, At. The
function operator ¢, which governs the relationship between
the current and next states, is also detailed in Fig. 2(c). The
function f(u:,y,) corresponds to the embedded physics of
the dynamic system. Here, the state-space dynamic model is
chosen, but it can theoretically be any form of ODEs. The
linear terms of the system, such as time-invariant mass/inertia,
viscous friction, and linear stiffness, lie in the state matrix
A. The input matrix B maps the exogenous inputs of the
system to their corresponding states. The non-linearity of the
system, for instance, the non-linear stiffness and the Coulomb
friction, can be formulated as a non-linear vector NL(y, ), and
C represents the selecting matrix of the non-linearities.

The RK4 cell recursively calls the state equation with
the RK4 method to perform the numerical integration for
predicting the next state y, , ;. While the state matrix A, input

matrix B, and non-linear vector NL(y,) are constructed with
trainable variables, which are assigned with physical meaning.
During the training process, the value of those trainable
variables will approach the ground truth according to the error
between the labeled state data and network prediction (the
forward problem), and provide the answer to system discovery
(the inverse problem). In terms of the implementation of the
H-PINN, the TensorFlow platform (version 2.9.1) and Keras
API are used, where the native RNN in Keras is modified
by replacing the cells with the RK4 cells shown in Fig. 2(b).
During the training process, the values of trainable variables
are optimized with the RMSProp optimizer through loss back-
propagation to approximate the ground truth. Particularly,
constraints will be applied to ensure that the mass/inertia terms
are positive if they are set as trainable.
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Fig. 2. (a) The proposed H-PINN implemented on RNN with RK4 cells, (b)
the detail structure of the RK4 cell, and (c) the interpretation of physics of
the RK4 cell

In the H-PINN construction process, another crucial aspect
to consider is the selection of an appropriate loss function. In
the context of parameter identification, the problem is typically
treated as a regression problem. The mean square error (MSE)
and mean absolute error (MAE) are the two most commonly
used loss functions, which have shown great success in various
applications. However, for dynamic systems with multiple
states, the magnitude of each state’s response may differ sig-
nificantly. If only the MSE loss is employed, the contribution
of states with smaller responses may be overlooked since their
loss values would be relatively insignificant compared to those
of the larger response states. To address this issue, the weight
of each state in the loss function is computed as shown in Eq.
2 to normalize the contributions from different states.

wy; = |ymaz/yi,maz| (2)
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where w; denotes the weight of each state, y,,4, represents
the maximum steady-state value of all states obtained from
the labeled data, and ¥; .4, represents the max value of
each state. By doing so, smaller response states will not
be neglected during the training process. Therefore, the loss
function utilized in the proposed H-PINN is the weighted mean
square error (WMSE) loss, as shown in Eq. 3.
n
wmse =Y _[wi(§; — y;)]*/n 3)
i=1

where n is the number of states. y, and y, are the prediction of
H-PINN and labeled training data for each state, respectively.
In addtion, to achieve a faster training process, a learning rate
schedule with a piece-wise learning rate decay is employed.

In terms of the network structure, while the cells of the RNN
have been replaced with RK4 cells, the overall structure of
the network still consists of interconnected processing nodes
that are processing and analyzing data. Therefore, although
the specific type of processing units has changed, the overall
structure and function of the network still meet the definition
of a neural network [36].

IV. DYNAMIC MODEL OF ROBOT JOINT

A typical collaborative robot joint can be divided into three
major parts: the control circuits, the brushless DC (BLDC)
motor, and the gearbox [6]. This section presents dynamic
models of the motor and gearbox of a collaborative robot joint.

A. Dynamic Model of the Motor

The dynamic equations of the BLDC motor can be ex-
pressed as follows, based on its working principle:

Ri+ Li + kyb,, = V. @)
O, + o0 — kyi + Tf’csign(ém) =T, (5)

where J,., R, L, and 7 represent the rotor inertia, resistance,
inductance, and armature current, respectively. k;, kp, and ¢
are the torque constant, back electromotive force constant, and
viscous friction coefficient from the bearing, respectively. O,
represents the velocity of the rotor, 7. stands for Coulomb
friction, V, is the supply voltage on the terminals of the
armature, and 7, represents the output torque of the motor.
By choosing the system’s state vector as g; = [i, ém]T, the
dynamic equation in Eq. 4-5 can be expressed in the following
state space form, which is referred to as Model 1.

i~ et o) ©®
L5 ] B

B. Dynamic Model of the Gearbox

In addition to the dynamic model of the BLDC motor, the
gearbox, or harmonic drive, is another major component that
significantly affects the dynamic behavior of robot joints. Due
to its unique transmission principle, it introduces nonlinear
friction, flexibility, and kinematic error to the joint. One

common method to model the dynamics of the harmonic
drive is to simplify it as a nonlinear torsional spring and add
additional terms to approximate the actual behavior [10], [11],
[21]. Therefore, Fig. 3 and Eqgs. 7-10 represent the schematic
diagram and equations of the dynamic model of the gearbox.

Circular

Fig. 3. The simplified dynamic model of harmonic drive in the robot joint
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— ko AG® + Tr,qSign(q) = —Tewt

where 7, represents the motor torque, .J,, is for the concen-
trated inertia of the motor rotor and wave generator, J; is the
concentrated inertia of the circular spline and load, k1 and ¢;
are the linear torsional spring and damper, while k5 stands for
the nonlinear torsional spring, and 0. is the kinematic error
of the harmonic drive. 7.,; and ¢, are the external torque and
viscous friction coefficient from the load side, respectively.
A0 represents the torsional difference between the input and
output shafts, N stands for the reduction ratio, and 7y ,, and
Tf,q are the coulomb friction on the motor and load. To make
the dynamic model of the gearbox fit the H-PINN, the state
vector ¢ = [, q, 9'm,q}T can be chosen to convert it into
state space. Then the dynamic model of harmonic drive can
be expressed as in Eq. 11, which is marked as Model 2.

ds :A2q2+B2u2+CgN(A9,A97iHD) (11)

where As is the 4X4 linear system state matrix, Bs is the
4X?2 input matrix, and N (Aé, A6, iy p) accounts for friction,
hysteresis, and kinematic error. Furthermore, by combining
Model 1 and Model 2, the electromechanical model of the
collaborative robot joint, marked as Model 3, can be expressed
in equation 12. The state vector for this model is chosen as

Q3 = [Za 977% qa 0m7 q}T

ds = A3qs + Bauz + C3N(A0, A0, iyp)  (12)

V. DATA ACQUISITION

In this section, the acquisition of labeled data for training the
H-PINN is discussed, both from simulations of the dynamic
model and experiments on the real robot.
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A. Forward Dynamic Simulation

To test the performance of the identification algorithm, using
numerical simulation data with given model parameters is a
common approach. This is because in real experiments, there
may be some exceptional situations, such as measurement
noise and limitations of the sampling frequency. If the system’s
nonlinearity is not significant, the noise may cover valuable
information and impact the parameter estimation. Also, if
the sampling frequency is not high enough, the experiment
data will fail to capture high-frequency features. However,
numerical simulations can be considered as measurements
with infinite sampling frequency and zero noise. Moreover, one
can quickly obtain multiple data sets and test the algorithm’s
sensitivity in different parameter value ranges. Therefore, the
Model 1 and Model 3 with pre-defined trainable parameter
values listed in Table I and III are used to obtain their
simulated step responses, and the numerical solver ODE45
is utilized in MATLAB to get the simulation data, where Fig.
4 showcase the simulated result of Model 3.
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Fig. 4. The numerically simulated step response of Model 3 with parameters
defined in Table III
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Fig. 5. The experimental testing of dynamic behavior on the UR3e base joint

B. Experimental Data

Besides the simulated data, experimental data is acquired to
validate the effectiveness of the proposed method on system
identification. The dynamic response of the collaborative robot
joint is tested on a UR3e robotic arm. The setup used for the
experiments is shown in Fig. 5. During testing, only the base
joint is driven, and motion data from the link side and motor
side are recorded by two built-in encoders inside the base joint.
The motor torque is estimated using the onboard current sen-
sor, and no external force is applied to the robot during testing.
The general masses of the rest five joints collapse into the link

inertia of the joint dynamics. To obtain the accelerations of the
motor and link, the velocity is differentiated, and a 4th order
Butterworth filter is applied with a cutting frequency of 50Hz
to remove uncertain dynamics and additional noise introduced
by the differentiation process [37].

VI. RESULTS AND DISCUSSION

This section presents the performance of the proposed
H-PINN, the non-linear grey-box state-space identification
method (NLGR) [22], and the conventional two-stage PINN
(DeepXDE) [31] in parameter identification and model state
prediction.

A. The perfromance of H-PINN on numerically simulated data

To validate the identification and prediction outcomes of H-
PINN, the non-learning-based approach NLGR is implemented
using the same state space models in MATLAB to generate
comparison results. Additionally, the conventional two-stage
PINN is implemented with the DeepXDE library to pro-
vide a more comprehensive evaluation of their performance.
All approaches are trained using the same data and initial
conditions. The numerically simulated response of Model 1
with a step input of [12,0] is initially used to train H-PINN
alongside the corresponding state space model. The prediction
results of H-PINN, NLGR, and DeepXDE for Model 1 are
illustrated in Figure 6. Their parameter identification results
are listed in Table I, where the estimation error is calculated
as e = |Est. — Truth|/Truth x 100%.
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Fig. 6. The state predictions of H-PINN, NLGR and DeepXDE for Model 1

The left subplot of Fig. 6 shows the training loss of H-PINN
for DC motor identification. Since Model I is primarily a linear
model with only a discontinuity caused by Coulomb friction,
the training loss of H-PINN quickly converges from a signifi-
cant deviation to zero. The remaining subplots in Fig. 6 display
the state prediction results of H-PINN, NLGR, and DeepXDE.
All three methods accurately predict the state response, with
overall mean square errors of 0.0355, 2.9694 x 1075, and
0.6759, respectively. However, the DeepXDE exhibits a larger
offset and prediction error compared to the other two ap-
proaches. Table I presents the parameter identification results
for Model 1. The values in bold in the table indicate the
estimations with the lowest error. NLGR performs best in
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identifying linear parameters, as they are less affected by non-
linearity and dynamic coupling. DeepXDE appears to perform
worse, possibly due to its simple network structure.

TABLE I
TRAINABLE PARAMETERS OF MODEL 1 AND THEIR ESTIMATIONS WITH
THE H-PINN, NLGR AND DEEPXDE (IN SI UNITS)

© (Truth)

H-PINN (e%)

NLGR (e%)

DeepXDE (e%)

R (4.932¢-1)
cp (2.537e-4)
ky (5.794e-2)
ke (5.507e-2)
Tpc (4.464e-2)

4.937e-1 (0.10)
2.382e-4 (6.11)
5.795e-2 (0.02)
5.481e-2 (0.47)
4711e-2 (5.53)

4.937e-1 (0.10)
2.559¢-4 (0.87)
5.793e-2 (0.02)
5.521e-2 (0.25)
4.458e-2 (0.13)

4.992¢-1 (L.11)
3.140e-4 (23.7)
5.901e-2 (1.85)
5.325¢-2 (3.30)
5.811e-3 (86.9)

To better evaluate the performance of the conventional
PINN, the proposed H-PINN, and NLGR, the training con-
ditions are adjusted, and their performance indices are shown
in Table II. The state prediction results of the first row of
each method are displayed in Fig. 6, and their corresponding
parameter identification results are provided in Table I. The
number of data samples used for training impacts both training
time and prediction accuracy. Increasing the number of data
samples slightly slows down the training speed but results in
higher precision. Additionally, even if not all system states are
available for collection (e.g., only one state is obtained), the
network can still perform dual-state and parameter estimation
without significantly affecting the training time and mean
square error of state prediction.

TABLE II
PERFORMANCE OF THREE APPROACHES FOR MODEL | UNDER DIFFERENT
TRAINING CONDITIONS

Method Epoch  Labels Samples Time (s) MSE

350 2 700 61.17 0.0355
H-PINN 350 2 500 43.40 0.0784
350 1 500 44.03 0.1212
30000 2 700 330.32 0.6759
DeepXDE 30000 2 500 321.24 0.7405
30000 1 500 256.16 2.6606

- 2 700 286.97/12.26  2.9694e-5

NLGR - 2 500 284.67/12.37  2.9694e-5
- 1 500 251.34/13.07 0.0894

It can be observed that H-PINN has the fastest training time
while maintaining adequate precision. On the other hand, the
conventional PINN has both the longest training time and the
largest prediction error. It should be noted that the discontinu-
ity of the sign function significantly impacts the performance
of NLGR. However, by replacing the sign function with tanh
and a proper constant coefficient, the training time of NLGR
dramatically decreases to around 12 seconds (indicated by the
numbers with underlines in Table II) while achieving almost
the same MSEs as when using the sign function. Additionally,
applying the sign function in NLGR to a more complex model
can cause the identification script to get stuck. Therefore, in
the identification of Model 3, the tanh function is used for the
NLGR method. The conventional PINN can hardly achieve the
same prediction precision within a similar training time as the
others. Increasing the network depth and width can enhance
precision but would considerably increase the training time.
Moreover, it would have poor state prediction performance
within an acceptable time for more complex physics, so the
DeepXDE approach is omitted in the following sections.

Fig. 7 displays the state prediction results of H-PINN and
NLGR for the coupled electro-mechanical model of the cobot
joint, marked as Model 3. Due to the significant impact of
Coulomb friction on identification precision and speed, and
with known ground truth values from simulated data, the
Coulomb friction 7y, for both H-PINN and NLGR is con-
strained to [4.0e — 2, 5.5e — 2] to expedite the training process.
Constraints for other trainable parameters are non-negative.
Additionally, the torsional angle difference A between the
motor rotor and the output shaft of the gearbox is considered
to facilitate more precise identification. The top-left subplot
represents the training loss of H-PINN on simulated data,
while the remaining subplots showcase the state predictions
of both H-PINN and NLGR. Following sufficient training,
both H-PINN and NLGR can accurately predict the system
state, with an overall mean square error of 0.0095 and 0.0101,
respectively. However, H-PINN exhibits superior performance
in handling dynamic coupling, as evidenced by the torsional
angle difference plot. The predicted A from NLGR deviates
from the true value in the steady state, whereas H-PINN
closely aligns better with the training data.
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Fig. 7. The prediction results of H-PINN and NLGR for Model 3

TABLE III
TRAINABLE SYSTEM PARAMETERS OF MODEL 3 AND THEIR ESTIMATIONS
WITH THE H-PINN AND NLGR (IN SI UNITS)

Para. © Truth H-PINN Est. (e%) NLGR Est. (e%)
R 4.932e-1 4.968e-1 (0.73) 5.093e-1 (3.26)
cp 1.459e-4 1.561e-4 (6.99) 4.886e-04 (234.89)
kpy 5.794e-2 5.451e-2 (5.43) 4.690e-2 (18.63)
ki 5.507e-2 5.631e-2 (2.25) 5.970e-2 (8.41)
Cm 3.04e-2 3.144e-2 (3.42) 3.407e-2 (12.07)
c1 7.100 7.621 (7.34) 2.142e1 (201.69)
cq 4.031el 4.197el1 (4.12) 2.662¢el (33.96)
k1 8.000e3 8.265e3 (3.31) 7.035e3 (12.06)
ko 4.000e5 4.169¢5 (4.23) 6.023e5 (50.58)

Tfm 4.464e-2 4.000e-2 (10.03) 4.000e-2 (10.03)

Table I demonstrates the parameter identification results of

Model 3. It shows that H-PINN significantly surpasses NLGR
in identifying non-linear and dynamically coupled terms. For
instance, H-PINN achieves more accurate identification of
joint stiffness compared to NLGR because the weighted MSE
amplifies the importance of states with a lower order of
magnitude, specifically the torsional angle difference A#.
This discrepancy explains the more accurate estimation of
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parameters for non-linear and dynamically coupled systems by
H-PINN. An interesting thing to mention is that both methods
estimate the Coulomb friction 7y ,,, to the lower boundary and
deviate from the truth, indicating that the discontinuity should
be properly eliminated in future work.

TABLE IV
PERFORMANCE OF H-PINN AND NLGR FOR MODEL 3 UNDER
DIFFERENT TRAINING CONDITIONS

Method Epoch Labels Samples Time (s) MSE
300 4 500 178.52 0.0132
H-PINN 300 5 500 179.81 0.0237
300 5+A60 500 183.14 0.0095
- 4 500 55.77 0.0130
NLGR (tanh) - 5 500 54.88 0.0121
- 5+A0 500 57.70 0.0101

Table IV displays the training speed and precision of H-
PINN and NLGR on the more complex Model 3. Both
methods allow for the inclusion of additional criteria beyond
the system states, such as the torsional angle difference A6,
in the algorithm to enhance parameter identification accuracy.
NLGR adopted the tanh function to mitigate the discontinuity,
resulting in a faster training speed, as the sign function
would cause the program to get stuck. However, H-PINN
faithfully adheres to the physical model, and the training time
remains acceptable even with discontinuity. Therefore, it can
be concluded that H-PINN outperforms NLGR.

B. Performance of of H-PINN on experimental data

Since the RK4 method can only be applied to non-stiff
ODEs, and experimental data may include more uncertainties
than simulated data, experimental validation of H-PINN is
only implemented with the less complicated Model 2 to
avoid potential numerical integration problems. In the previous
section, experimental data from the real robot is collected, and
H-PINN with state-space Model 2 is implemented and trained
with only non-negative constraints. Additionally, the NLGR
method is also implemented in MATLAB with same initial
values and constraints to provide comparison results.

TABLE V
TRAINABLE SYSTEM PARAMETERS OF MODEL 2 AND THEIR ESTIMATIONS
WITH THE H-PINN AND NLGR (IN SI UNITS)

Para. © Truth H-PINN Est. (e%) NLGR Est. (e%)
Im 6e-5 5.529e-5 (7.85) 7.673e-5 (27.88)
Jq - 7.780e-1 5.537e-1
Cm - 1.018e-4 1.150e-04
cq - 1.799 1.688
c1 - 18.938 18.736
k1 - 5.164e3 5.003e3
ko - 9.021e8 9.003e8

Thm - 2291e-2 1.894¢-2
g - 2.296 2,678

The state prediction results of NLGR and H-PINN are de-
picted in Figure 8. In the velocity and acceleration plots, solid
lines represent the experimental data, dotted lines represent
NLGR predictions, and the dashed line represents H-PINN
predictions. Both methods demonstrate good alignment with
the experimental system states. The final prediction errors of
H-PINN and NLGR for all states are 2.0565 x 10~* and
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Fig. 8. The prediction results of H-PINN and NLGR for Model 2 with

experimental data

1.9569 x 10~%, respectively. Their training time are 480.56s
(1000 epochs) and 638.88s (with sign function), respectively.
The estimated system parameters using H-PINN and NLGR
are listed in Table V. Since only the reference value of the rotor
inertia is known, the comparison is made only for the estimated
Jn against the ground truth. The rotor inertia identification
error for H-PINN is 7.85%, while for NLGR, it is 27.88%.
Using the estimated parameter values, the accelerations of
the rotor and link are computed and compared with the
experimental data. It can be observed that even though the
identified parameters from H-PINN and NLGR do not coincide
with each other, their state predictions with the same model
still exhibit good agreement. This can be attributed to the pres-
ence of non-unique solution sets in parameter identification.
Furthermore, due to the superior performance of H-PINN in
handling nonlinear terms and dynamic coupling, as well as
the closer estimation of rotor inertia to the dataset value, the
estimation of joint dynamics from H-PINN using experimental
data is considered more reliable than that of NLGR. Since the
remaining five joints have the same configurations and models
as the base joint, their results are omitted in this work due to
the space limitations.

VII. CONCLUSION AND FUTURE WORK

In this work, the concept of PINN has been expanded to
encompass complex ODE systems with nonlinear character-
istics by modifying the network structure from a two-stage
approach to a hybrid form (H-PINN), where the physics are
integrated into the network itself, rather than being colocated
alongside the network. The H-PINN has been applied to
the model prediction and dynamics parameter identification
of a collaborative robot joint using its state space dynamic
equation. The contributions and conclusions of this work can
be summarized as follows:

a) The H-PINN has been developed and implemented,
embedding the physical law into the neural network through
the state space dynamic equation. The RNN and customized
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RK4 cells improve the network’s ability to handle temporal
data and complex ODE systems with non-linearity.

b) The performance of the H-PINN has been evaluated using
numerically simulated data and compared with the conven-
tional two-stage PINN and NLGR. The results highlight the
H-PINN’s ability to achieve high precision in model prediction
and system identification, particularly when dealing with non-
linearity and dynamic coupling.

c¢) The H-PINN has been tested using experimental data,
and its results have been validated by comparing the state
predictions with the ground truth. The deviation of the H-
PINN’s estimation of the known system parameter is much
closer compared to the NLGR method, which highlights the
potential of the H-PINN to be applied to real robot systems
for accurate and reliable identifications.

Regarding ongoing work, the H-PINN proposed in this work
is based on the RK4 method and can only solve non-stiff
ODE equations with fixed step lengths. Replacing the RK4Cell
with other methods that can solve stiff ODE equations could
significantly increase the robustness and application range of
the proposed H-PINN.
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