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Online Identification of Payload Inertial Parameters
Using Ensemble Learning for Collaborative Robots

Wael Taie , Khaled ElGeneidy , Ali AL-Yacoub , and Sun Ronglei

Abstract—Collaborative robots (Cobots) are essential in flexible
automation solutions, enabling fast and easy reconfiguration to
adapt to varying task requirements in dynamic environments.
This requires the ability to safely handle different payloads with
varying inertial parameters, which may not be known in advance.
Hence, online identification of the payload’s inertial parameters
becomes essential for safe interactions, accurate path following,
and stable grasping. Most existing methods require additional sen-
sors, calibration procedures, or custom filtering, which increases
the complexity and estimation time. In this letter, we propose a
novel online identification method that employs a bagging ensem-
ble machine learning approach to identify the payload inertial
parameters without external sensors or additional filtering and
calibration steps. The method uses available joint position, ve-
locity, and torque measurements from the Cobot to train neural
networks and decision trees as weak learners. The method is tested
in simulation and validated using the Franka Emika Panda Cobot.
The results showed that our method outperforms the state-of-
the-art recursive least square methods reducing prediction errors
by 75%–78% for mass and 49.5%–60% for the center of mass,
while estimating accurate payload parameters within the first time
step.

Index Terms—In-Hand manipulation, online identification,
payload dynamics.

I. INTRODUCTION

FORECASTS for the collaborative robots (Cobots) market
show strong expansion across many industries. According

to Statista Research Department [1], The expected compound
annual growth rate of the worldwide Cobot market is anticipated
to exceed 12% during the period from 2020 to 2030, reaching up
to $2.1 billion by 2026. Cobots are often favoured in dynamic
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environments, particularly for small-batch production, where
their tasks can frequently change. The task variation can include
following different trajectories, as well as carrying varying pay-
loads. Adapting the cobot to execute new tasks can be achieved
through the robot interface by programming a new trajectory
or through direct human-robot interaction during the teaching
process. Neglecting changes in the dynamic properties (mass,
center of mass, and inertia matrix) of new payloads, can result
in safety and performance issues such as trajectory tracking
errors, object slippage, or false collision detection due to torques
from uncompensated loads. Those issues become more evident
in high-speed applications and model-based control strategies.
The benefits of accurate estimation of a payload’s inertial pa-
rameters can be leveraged in many applications such as dynamic
motion planning algorithms to prevent collisions with moving
obstacles [2], improving sensor-less collision detection [3], and
minimizing trajectory tracking errors [4]. Additionally, it plays
a crucial role in optimizing grasping pose determination, as
explored in [5] and [6]. Hence, for cobots to safely and reliably
manipulate new loads, fast and accurate identification of the
payload’s inertial parameters is essential to allow the controller
to compensate for the variations in the payload and maintain
task performance.

In this letter, we propose a novel bagging ensemble machine
learning method for fast online identification of the inertial
parameters of unknown loads, which does not require addi-
tional external sensors or task-specific filtering and calibration
steps ahead of each new task. This can save reconfiguration
time in flexible automation systems, as the Cobot can quickly
estimate the new payload’s inertial parameters online as part of
the teaching stage, without delaying the production cycle. The
key contribution of this method is the exclusion of the noisy
joint acceleration data from the required measurements, which
lifts the need for any additional filtering steps. A comparative
study between the accuracy of ensemble machine learning-based
neural networks (NN) and ensemble machine learning-based
decision trees (DT) is presented and benchmarked against re-
cent work presented in [7] utilizing RLS with additional filters
and calibration steps. It is worth noting that this work utilizes
the same robot platform and excitation trajectory for a fair
comparison.

This letter’s subsequent sections are structured as follows:
Section II offers an overview of current payload identification
methodologies, while Section III defines the mathematical for-
mulation of the problem. The implementation of the proposed
method is illustrated in Section IV, followed by performance
evaluations through experiments in Section V. Finally, Sec-
tion VI concludes the study and outlines future work.
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II. THE STATE OF THE ART

Objects’ inertial parameters can be determined using three
distinct approaches based on the level and method of interaction
with the object as classified in [8]. The first approach relies
solely on visual information like object geometry, RGB images,
and depth images to establish links between visual and inertial
parameters. This approach requires a camera and either prior ob-
ject geometry knowledge or extensive datasets. The Exploratory
method, the second approach, involves direct interaction with
the object, measuring applied forces and motion to estimate
parameters based on physical laws or learning models. It pro-
vides accurate estimates but relies on analytical models and
controlled settings. In contrast, the fixed object approach in-
volves attaching the payload to the end-effector of the robot. This
method estimates parameters by using the measured end-effector
wrench and joint motions. This approach proves more suitable
for our study because it does not demand additional sensors. It
can provide a precise estimation of the inertial parameters by
using the object’s 3D movement capability. Furthermore, the
integration of visual and force-torque measurements is often
used to enhance accuracy, as shown in [9].

The Studies in the third approach are inspired by classical
dynamic model identification techniques in robotics, which are
compared in [10]. This work indicates that only methods based
on least square identification and machine learning regression
can work online effectively. Least-squares (LS) fitting presented
in [11] has been the standard procedure for the identification
of payloads for several decades. This methodology resembles
the identification of robot dynamics proposed in [12]. The LS
fitting equations can be solved using offline classical LS or
online Recursive Least-Squares Method (RLS). Depending on
the system’s hardware capabilities and specific requirements,
more advanced adaptations of the LS method are proposed, such
as the Recursive Total Least-Squares Method (RTLS) as shown
in [13], or quaternion-based filtering as presented in [14].

The utilization of RLS and RTLS approaches necessitates
the measurement of payload forces and acceleration. These
methodologies are divided into four categories. The initial group
always needs additional sensors to evaluate the wrench be-
tween the end-effector and payload through a wrist-mounted
6D force/torque sensor coupled with acceleration data from an
inertial measurement unit (IMU) [15]. The second group does
not need additional sensors; it employs joint torque sensing
and the robot’s established dynamic model to estimate external
torque, subsequently deducing payload forces [7], [16]. The
third cluster also does not need additional sensors, it utilizes
variations in measured joint torque during motions with and
without the payload to compute payload inertial parameters
during repeated identical motions [17], [18]. The fourth cluster
integrates payload and robot dynamics identification, resulting
in more complex calculations and parameter identification chal-
lenges. It also relies on measurements of the joints and does not
need additional sensors [3].

The main problem with using the LS estimation approach
with these groups is the assumption that all the measurement
errors come only from the torque measurements and that the
data matrix is error-free as illustrated in [8] and [13]. The mea-
surements of the joint’s position, velocity, and acceleration are
included in the data matrix. It is well recognized that double-time

differentiation of the encoder data to calculate the acceleration of
the joints results in noisy acceleration data with multiple outliers
and a low signal-to-noise ratio. The presence of a noisy signal in
the data matrix decreases the accuracy of least squares prediction
as indicated in [10]. To mitigate the lack of prediction accuracy,
robust filtering and calibration techniques are imperative to
ensure accurate LS outcomes. Yet, using additional filtering or
calibration processes increases the computational complexity of
the estimation process and consumes additional time.

Advanced system identification methods, including artificial
neural networks (ANN) and intelligent algorithms, have evolved
to handle intricate nonlinear systems. An improved chaotic spar-
row search algorithm proposed in [19], combines Kent chaotic
mapping, Student’s t-distribution, and the Lévy flight strategy to
identify manipulator dynamic parameters. this method gives ac-
curate results, but it requires more computational resources and
time than traditional algorithms due to the complex operations
involved in the chaotic map, the t-distribution, and the Lévy
fight. [20] utilizes unsupervised classification to identify the
payload variation using the joint toque signal. Meanwhile, [21]
employs support vector machine regression to estimate payload
parameters in excavator equipment. The results of this work only
show the mass parameter estimation in a simulation environ-
ment. it gives higher accuracy than the traditional least square
identification method. the support vector machine model is a
singular predictive model.

Evidence, as illustrated in [22] indicates that depending ex-
clusively on one singular predictive model, such as an individual
decision tree (DT) or one neural network (NN), may not produce
optimal outcomes. Ensemble techniques have been proven more
effective, whether they involve aggregating models of the same
type, such as using a group of NN models or a group of DT
models, or a blend of different model types, such as using a
group of NN and DT models together, as corroborated by [23].
This ensemble approach contributes to reducing bias, variance,
or both. In addition, a single model’s limitations in capturing
intricate data structures are countered by combining models,
thus enhancing prediction accuracy, as supported by [24]. Hence,
an ensemble machine learning method is suitable for this task.
It can build robust models against the torque sensor noise and
provide fast, accurate estimation for the inertial parameters.

III. MATHEMATICAL FORMULATION

A. Payload Dynamics

Identifying the inertial parameters of payloads attached to
manipulators as shown in Fig. 1 requires establishing rela-

tionships between the inertia matrix I =

⎡
⎢⎣Ixx Ixy Ixz
Ixy Iyy Iyz
Ixz Iyz Izz

⎤
⎥⎦,

mass(m),center of mass r =
[
rx ry rz

]T
, measured forces

(F ), torques (τ ), kinematic parameters (linear acceleration (a)
and rotational acceleration(α), angular velocity(ω)), and gravity
vector (g0). To accomplish this, the Newton-Euler equations for
the object are formulated as the following:

�FEE = m�aEE + �α×m�r + �ω × (�ω ×m�r)−m�g (1)
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Fig. 1. Forces exerted on the payload.

�τEE = IEE�α+ �ω × (IEE�ω) +m�r × �aEE −m�r × �g (2)

Assuming that all parameters are measured relative to
the end-effector frame, the inertia matrix I is aligned
with the end-effector frame’s axes using the parallel axis
theorem. These parameters are combined into the φ =[
m,mrx,mry,mrz, Ixx, Ixy, Ixz, Iyy, Iyz, Izz

]
in order to

solve (1) and (2) for the dynamic parameters. Moreover, the
resultant wrench force F can be expressed as follows:

F =

[
�FEE

�τEE

]
= V (ω, α, a, g)φ (3)

Where V (ω, α, a, g) is the data matrix which includes all kine-
matic data. Note that the quantities introduced thus far have been
measured in Cartesian space, as a payload-centered perspective
is employed. Nonetheless, a joint-space perspective, which of-
fers benefits in robotics, can be achieved by contemplating the
following:

JT (q)F = JT (q)V (ω, α, a, g)φ

τ = B(a, α, ω, g, q)φ (4)

Where J(q) ∈ R6×n is the manipulator Jacobian matrix at the
end-effector frame. From this model, we conclude that the iner-
tial parameters identification depends on the joint torque values
and the robot trajectory. So, when the data-driven approach is
used it is important to have a dataset that contains these crucial
parameters.

B. The Excitation Trajectory

The use of sinusoidal trajectories in joint space is a popular
method for designing excitation trajectories for parameter esti-
mation [7], [13], [15], [25]. The trajectory of a joint is composed
by combining a given number of N-weighted sine and cosine
functions, respectively. According to this method, the trajectory
of the joint is provided as:

qi(t) = qi,0 + γi(t) (5)

γi(t) =

n∑
k=1

ρi,k sin(2πkft) + δi,k cos(2πkft) (6)

Fig. 2. Simulation of the Franka Emika system mimics the real-world experi-
mental configuration while holding the payload. In the middle of the figure, the
top view of the payload’s design is depicted, revealing its coordinate frame.

γi(t) signifies the sinusoidal component.qi,0 represents a con-
stant offset angle; ρi,k and δi,k are the coefficients of the sine and
cosine parts, respectively. To achieve periodicity, the frequency
f of the joint trajectories is identical. It should be noted that
trajectories based on (5) are jerk-limited (since the derivative of a
sinusoidal function is sinusoidal again), and so reduce unwanted
excitation of the manipulator’s mechanical structure. In [13], the
weights ρi,k and δi,k are optimized by an appropriate criterion
that analyzes the effect of the selected trajectory on the noise
and bias sensitivity of the estimates. Nevertheless, in [7], only
hand-tuned motions are used. In this approach, all robot joints are
used to generate the excitation trajectory regardless of whether
it affects the process of estimation or not.

IV. ENSEMBLE MACHINE LEARNING IMPLEMENTATION

For our experiments, Franka Emika panda Cobot is used. It
has 7 degrees of freedom; it provides 7 joint position, velocity,
and torque measurements. Its maximum payload is 3 kg. A
Franka Emika cobot simulator has been developed to gather a
dataset for training a learning model. Subsequently, the trained
model will undergo validation using the physical Franka Emika
cobot. The Gazebo platform was utilized to do simulations of
the cobot, including a ROS interface. The simulator imitates the
behavior of the actual robot, providing accessible controls and
real-time feedback on the robot’s status. This simulator mirrors
the experience of using the Franka ROS Interface package.
The Franka Emika controller is used without compensating the
inertial parameters of the payload. The payload is fixed at the
end-effector of the cobot where the payload frame axes are
aligned with the end-effector frame axes as shown in Fig. 2.

The payload is designed to allow changing the mass (m) and
center of mass components (rx, ry and rz) independently. The
payload shown in Fig. 2 looks like a container that has 4 slots;
each slot can contain 3 metal weights; each metal weight mass is
0.275 kg. The mass of the empty container is 0.790 kg. Changing
the location of the metal weights between the four slots repre-
sents changing the center of mass components rx or ry or both.
Changing the weight position inside the same slot represents
changing rz . Changing the number of metal weights represents
changing the mass of the payload. The payload is designed by
Solidworks Software where the complete inertial parameters
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Fig. 3. Proposed Bagging Ensemble Method.

data (m,mrx,mry,mrz, Ixx, Ixy, Ixz, Iyy, Iyz, Izz) can be ex-
tracted. This design helps in collecting datasets with a diverse
range of payloads. The dataset collection process is performed
by setting up the new payload with new inertial parameters and
moving the cobot through a specific excitation trajectory.

Every different payload affects the position, velocity, and
torque measurements for the 7 joints of the cobot while executing
the excitation trajectory. So, every data set row has 32 variables
(time stamp, 10 payload inertial parameters, 7 joint position
measurements, 7 joint velocity measurements, and 7 torque
measurements). The masses used in the dataset start with the
mass of the empty container, then it changed by adding metal
weights one by one till 5 metal weights. The total mass of the
container with 5 metal weights is 2.163 kg, which is lower than
the max payload. However, it is used to ensure the safety of the
process and to avoid the reflex error in the cobot controller while
executing the variable velocity and acceleration trajectory. The
payload has two slots in the X direction (+X and -X), two slots
in the Y direction (+Y and -Y), and two positions in every slot in
the Z direction (top and bottom). The objects in the dataset have
been chosen according to the available positions in the four slots
that allow the change of one component of the center of mass
while fixing the others for every mass. Seventy-seven different
objects have been used in the database to ensure diversity. The
total number of samples in this dataset is 249788 samples.

Our results were benchmarked against the state-of-the-art
work employing RLS without using any external sensor. Hence,
the excitation trajectory is adopted from [7] and tested using the
same robot. The adopted excitation trajectory is a sinusoidal
trajectory generated from (5). The weights of the sinusoidal
function are matched with the benchmarked work.

The bagging ensemble machine learning technique is illus-
trated in Fig. 3. The input dataset is divided into 70% for
training and 15% each for validation and testing. Training and
validation data are randomly sampled with replacement into
subsets used to train weak learners. In this study, simple NN
and DT serve as weak learners. A single hidden layer NN
with 500 ReLU-activated neurons is employed, trained for up
to 1000 epochs. DT lacks depth and leaf node restrictions,
needing 2 samples per internal node split and 1 for leaf node cre-
ation; splitting disregards minimum impurity decrease, using all

features for optimal splits. The bagging ensemble comprises five
weak learners, trained twice: one with a group of five NNs and
another with a group of five DTs, hyperparameters determined
via trial and error.

The training process followed two approaches to train
the weak learners. The first approach can be called
“single stage training”, which uses all training data to
identify all the 10 inertial parameters at once using 5
weak learners The output of every weak leaner is φi

which represent the inertial parameters of the payload
(mi,mrxi

,mryi
,mrzi , Ixxi

, Ixyi
, Ixzi , Iyyi

, Iyzi , Izzi ) that es-
timated by the weak learner i. The second approach can be called
“two-stage training”, which splits the training into two stages.
the first trains only five weak learners using mass and center of
mass parameters only (mi,mrxi

,mryi
,mrzi ). In the second

step, another five weak learners are trained solely using the
moments of inertia parameters (Ixxi

, Ixyi
, Ixzi , Iyyi

, Iyzi , Izzi ).
The output of the bagging ensemble model is φ, which includes
the average value of every inertial parameter estimated from the
5 weak learners as shown in (7), (8) :

φ = (mavg, mrxavg , mryavg , mrzavg , Ixxavg , Ixyavg , Ixzavg ,

Iyyavg , Iyzavg , Izzavg) (7)

Kavg =

∑5
i=1 Ki

5
(8)

Where Kavg is the average value. and Ki is the inertial pa-
rameter estimated from weak learner i. The transition of the
mathematical model in (4) to the bagging ensemble model is
depicted in Fig. 3. The model’s input encompasses the time step
T, joint angle qj , joint velocityq̇, and measured joint torque τj .
Joint acceleration is not utilized due to its’ noise characteristics.
This noisy signal poses accuracy challenges for the model’s
outcomes. The model’s output represents the payload’s inertial
parameters.

V. RESULTS AND DISCUSSION

The results presented below demonstrate the capability of
identifying payload inertial parameters through cobot joint sen-
sor measurements, eliminating the need for external sensors or
additional calibration procedures. In Fig. 4, the outcomes of
the bagging ensemble from single-stage training are depicted.
The comparison involves mean absolute errors of bagging en-
sembles employing Neural Network (NN) weak learners and
Decision Tree (DT) weak learners. The ensemble DT surpasses
the ensemble NN in estimating m, m · rx, m · ry , m · rz , Ixx,
Ixy, and Izz by 85.8%, 97.3%, 99.85%, 98.2%, 86%, 10%, and
92%, respectively. Conversely, the ensemble NN outperforms
the ensemble DT in estimating Ixz , Iyy , and Iyz by 60%,
9.7%, and 34.8%, respectively. In the two-stage training results
depicted in Fig. 5, the ensemble DT outperforms the ensemble
NN by 21.6%, 49.7%, 67.8%, 2.5%, and 4.5% for the estimations
ofm, Ixx, Ixy, Iyy, and Iyz , respectively. Additionally, it exhibits
an improvement of about 99.5% for the estimations of m · rx,
m · ry , m · rz , and Ixz . Generally, the Decision Tree demon-
strates superior performance compared to the Neural Network
in this process while validating the model with the simulation
data.
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Fig. 4. Mean absolute error of bagging ensemble model obtained from single-stage training.

Fig. 5. Mean absolute error of bagging ensemble model obtained from two-stage training.

The comparison between one-stage and two-stage methods
can be concluded from the results presented in Figs. 4 and 5.
The single-stage method demonstrates superior performance
over the two-stage method when employing an ensemble NN
model, showcasing improvements of 68%, 20.6%, 74.5%, and
56% in the estimation of parametersm,m · rx,m · ry andm · rz
respectively. Furthermore, the single-stage method outperforms
the two-stage method with an ensemble DT model by 94.2%
and 84.80% in the estimation of parameters m and m · ry .
Conversely, the two-stage method excels over the single-stage
method with an ensemble NN model, exhibiting significant
enhancements of 94.8%, 97.7%, 96.7%, 75.5%, 93.3%, and
91.8% in the estimation of Ixx, Ixy , Ixz , Iyy, Iyz and Izz
respectively. Additionally, the two-stage method outperforms
the single-stage method using an ensemble DT model by 81.5%,
99.2%, 99.8%, 78.4%, and 95.8% in the estimation of Ixx, Ixy ,
Ixz , Iyy and Iyz respectively.

A. Experimental Validation

In this step, we validate the model in a real-world envi-
ronment. The real Franka Emika cobot platform was care-
fully prepared to replicate the conditions of the simulation
environment, as depicted in Fig. 2. The testing payload was
securely affixed to the end effector of the cobot for the validation
process. Table I illustrates the actual payload inertial parame-
ters. The testing payload parameters used during this validation
process are entirely new and were not part of the training

TABLE I
REAL TESTING PAYLOAD INERTIA PARAMETERS

dataset. These unseen parameters are crucial in assessing the
model’s generalization ability to previously unseen data. The
cobot executed the excitation trajectory during the validation
process, and the resulting identification errors were recorded.

A comparative analysis of the trained model’s performance
in identifying the inertial parameters using input data from both
real and simulation environments is provided in Fig. 6. The real
and simulation data results are closely aligned, with only slight
and acceptable differences. Notably, Fig. 6(b) exhibits improved
estimation results for real-world data compared to the simulation
data and even surpasses the performance of the model shown
Fig. 6(a). On the other hand, Fig. 6(c) compares the model’s
performance in identifying the moment of inertia parameters us-
ing input data from both real and simulation environments. The
model demonstrates highly accurate results when utilizing data
from the real cobot input, with only slight and acceptable differ-
ences observed between the simulation and real-world results.

The results of the proposed method in a real-world envi-
ronment are compared with the benchmark work presented
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Fig. 6. Comparison among the results of ensemble algorithm estimation of the real cobot and simulation.

Fig. 7. Comparison among the results of ensemble learning algorithm on the real cobot and the benchmark results.

in [7]. The following figures compare the mean absolute error
of RLS method results and RLS with special filter results of the
benchmark work with the proposed method results. As depicted
in Fig. 7, the ensemble Neural Network (NN) excels over the
RLS method in estimating m, m · rx, m · rz , Ixx, Ixy, Ixz , Iyz ,
and Izz by 78%, 57.2%, 56.4%, 4.5%, 70.9%, 76.4%, 85.2%, and
84.6% respectively. It also outperforms the RLS method with a
filter in estimating m, m · rx, Ixx, Ixy, and Iyy by 72.4%, 7.3%,
61.8%, 74.8%, and 64.7%, respectively.

Furthermore, the Ensemble Decision Tree (DT) surpasses the
RLS method in estimating m, m · rx, m · rz , Ixy, Ixz , Iyz , and
Izz by 75.9%, 49.5%, 60.2%, 7.3%, 35.6%, 63.5%, and 63.4%
respectively. Additionally, it outperforms the RLS with the filter
method in estimating m, Ixy , and Iyy by 71.15%, 19.6%, and
8.7%, respectively. In conclusion, the proposed algorithm, using
NN and DT as weak learners, achieves highly competitive results
with the accuracy of RLS and RLS with a special filter. Notably,
the proposed algorithm eliminates the need for calibration or

special filtering on the real cobot platform to identify the pay-
load’s inertial parameters. This feature consistently saves the
operating time of the cobot, making the proposed algorithm an
efficient and reliable approach for real-world applications.

Comparing the estimation time of the proposed approach with
the valid estimation time data of Izz of the benchmark work,
The proposed algorithm shows a very fast estimation response as
shown in Fig. 8. It can estimate an accurate value for the Izz from
the first time step. So, the cumulative average value of the Izz can
be calculated from the first time step. The red line represents the
cumulative average. It reaches approximately no variation after
2.85 seconds, meaning that the excitation trajectory’s second
half does not affect the estimated value. Unlike Izz resulting
from RLS in [7], it has been reported that the average can be
calculated starting from the second half of the identification
process time, which means after 3 seconds. In the first half, RLS
results exhibit significant overshoots, which negatively impact
the accuracy of the cumulative average value.
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Fig. 8. Izz estimation with Time.

VI. CONCLUSION

This letter has introduced a fast online method for identifying
the inertial parameters of unknown payloads attached to cobots
using a bagging ensemble machine learning approach employing
NN and DT as weak learners. The proposed approach not
only lifts the need for external sensors or custom calibration
procedures, but also does not require custom filters as noisy
acceleration data is not used. Notably the method has shown a
rapid response and has sustained the accuracy of the estimation
while transitioning from simulated data to real cobot data. The
proposed method was benchmarked against the state-of-the-art
method employing the recursive least squares using the widely
used Franka Emika collaborative robot. The results showed
that our proposed method using ensemble NN has significantly
reduced the prediction error compared to RLS by 78%, 57.2%
and 56.4% for the estimations of m, m · rx and m · rz respec-
tively. Moreover, the proposed method using ensemble DT has
reduced the estimation error with respect to RLS by 75.9%,
49.5% and 60.2% for the estimation of m, m · rx and m · rz
respectively. Additionally, our proposed method estimated the
payload parameters within the first time step, compared to up to 3
s for the benchmarked method to converge to a stable estimation,
which makes it well suited for fast online identification. Future
work will focus on optimizing the excitation method to enhance
the identification process accuracy across variable paths with
the objective of integrating online identification within task
planning. In addition, a hybrid ensemble learning approach can
be proposed, where NN and DT will be utilized together as weak
learners in one ensemble model to further improve the accuracy
of the estimation.
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