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Abstract— This study investigates the vibration behavior of 

robot manipulators using both experiments and numerical 

analysis. A key challenge is identifying posture-dependent 

vibration modes and understanding how accelerometer 

placement affects measurements. Hammer tests are conducted 

at about 250 robot postures along different tool-tip directions to 

obtain frequency response functions (FRFs). Results show that 

lower vibration modes (modes 1–3) are influenced by the first 

three joints due to their larger masses. However, in a continuous 

system such as a robot, all vibration modes can be affected by 

all joints and components. A dataset of joint angles and modal 

parameters is created and used to train a Gaussian Process 

Regression (GPR) model, which accurately predicts vibration 

behavior while reducing computational costs. The study 

provides a step-by-step method for experimental modal 

analysis, improves understanding of joint-vibration 

relationships, and offers a data-driven GPR approach for 

efficient vibration analysis in robotic machining and industrial 

applications. Finally, an estimate of the FRFs using the 

predicted modal parameters is provided while they are 

compared with the experimental results. 
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I.  INTRODUCTION 

Traditional industrial robots are valued for their cost-
effectiveness, large workspaces, and adaptability in machining 
complex geometries like aircraft components [1, 2]. However, 
joint-induced vibrations limit their precision, particularly in 
high-accuracy tasks [3]. These vibrations, often linked to the 
"chatter" phenomenon during machining, are influenced by 
dynamic instabilities and posture-dependent flexibility [4, 5]. 

While tools like Frequency Response Functions (FRFs) capture 
vibrational behavior, existing studies using 
Experimental/Operational Modal Analysis (EMA/OMA) and 
simulations [6-8] only broadly acknowledge posture-dependent 
dynamics without detailing how specific joints or modes 
contribute to energy absorption. This oversight limits actionable 
insights for vibration mitigation, as highlighted by Iglesias et al. 
[9], who emphasize the need for deeper analysis of stiffness and 
resonant frequency interactions. 

To address this gap, recent advances propose combining 
experimental data with machine learning. For instance, Nguyen 
et al. [10, 11] integrated Gaussian Process Regression (GPR) 
with OMA to predict modal parameters, reducing testing 
requirements while maintaining accuracy. Building on these 
approaches, this study introduces a three-phase framework: (1) 
systematic hammer tests across postures to map FRF variations, 
(2) data refinement to isolate posture-dependent trends, and (3) 
a tailored GPR model with adaptive kernels to predict FRFs for 
unseen configurations. Unlike prior work [12, 13], this method 
connects how individual joints move to the overall vibration 
patterns of the entire system, aiming to enhance predictive 
accuracy while minimizing computational costs. By bridging 
experimental and analytical insights, the research seeks to 
advance robotic machining precision and broaden industrial 
applications. 

II. VIBRATION ANALYSIS OF THE ROBOT MANIPULATORS 

A. Experimental Test Design and Analysis of Measured Data 

This section investigates how vibrations behave in a 6-
degree-of-freedom (DOF) KUKA robot by testing it across 254 
different postures within its workspace. The goal is to pinpoint 
which joints and vibration modes most critically affect its 
performance. To do this, hammer tests and EMA were 
conducted at specific points along a predefined trajectory 
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(Figure 1) to ensure the robot’s joints were positioned at unique 
angles for each test. By analyzing these postures, the study 
aimed to uncover how joint configurations influenced 
vibrational patterns, such as resonance or damping effects. 

The process began by defining 254 points across the robot’s 
workspace, where its end-effector (tool tip) was precisely 
positioned. At each point, three hammer strikes in the X, Y, and 
Z directions were applied to the tool tip, and acceleration signals 
were recorded using a triaxial accelerometer. A Siemens LMS 
SCADAS system collected data at 1024 Hz with 0.25 Hz 
resolution, paired with an impact hammer and sensor setup. This 
systematic approach ensured high-resolution vibration data and 
enabled detailed analysis of posture-dependent dynamics and 
joint-specific contributions to vibrational modes. 

 

Figure 1: The end-effector trajectory within the restrained 
workspace with 254 positions. 

 

To ensure accurate identification of natural frequencies, 
damping ratios, and modal stiffness values from vibration data, 
a robust four-step post-processing method was developed. First, 
peaks in the FRFs were visually inspected. Second, phase 
changes and coherence values were analyzed to filter out noise. 
Third, results from adjacent postures were cross-checked to 
recover "missing peaks" caused by sensor placement issues (e.g., 
nodal points). Finally, stabilization diagrams validated the 
consistency of identified peaks. By testing the robot in closely 
spaced postures and systematically verifying results across 
neighboring postures, this approach minimized errors and 
ensured reliable modal parameters for analyzing vibrational 
behavior. This method effectively addressed challenges in the 
dynamic testing of posture-dependent robots. 

B. Observational Analysis of Robot Vibration Behavior 

In this section, the collected and analyzed data derived from 
hammer tests are used to study the vibration behavior of the 
robot manipulators. The heatmap in Figure 2 shows the 
correlation between the joint angles (J1, J2, J3) and the first three 
low-frequency vibration modes (Mode 1, Mode 2, Mode 3) of a 
robot manipulator. 

 

Figure 2: Correlation heatmap between joint angles (1, 2, 
and 3) and low-frequency modes (1, 2, and 3). 

By considering the correlation diagram in Figure 2, we can 
provide a more detailed analysis of the vibrational behavior in 
low-frequency modes. This diagram indicates that the 
significance of changes in the angles of joints 2 and 3 is 
substantially greater than that of joint 1, as they exhibit larger 
coefficients. This indicates that the most energy absorption by 
low-frequency modes is caused by the movement of joints 2 and 
3 of the robot. However, components that interact with external 
forces (e.g., the end-effector) can introduce additional 
vibrations. The energy absorbed or transmitted by each 
component affects its contribution to specific vibration modes 
[14]. In fact, it can be said that the energy absorbed or 
transmitted by each component influences its contribution to 
specific vibration modes through modal participation factors and 
mode shapes. In general, flexible arms in industrial robots may 
experience internal resonance between bending and torsional 
modes which affects precision [15]. To handle this complicated 
problem, using a model that can accurately predict the system's 
vibration patterns is a challenge. 

III. MATHEMATICAL ANALYSIS OF HIGHER VIBRATION 

MODES 

The dynamics of the robotic manipulator (as shown in Figure 
1) can be described by the equations of motion as follows: 

𝑴𝐱̈(𝑡) + 𝑪𝐱̇(𝑡) + 𝑲𝐱(𝑡) = 𝒇(𝑡) (1) 

where, M is the mass matrix which depends on the distribution 
of masses across links and joints, C is the damping matrix which 
describes energy dissipation in the system, K is the stiffness 
matrix which accounts for elastic properties of links and joints, 
x is the generalized coordinate vector and f is the external force 
vector. The eigenvalue problem for free vibration is obtained by 

assuming a harmonic solution of (𝑥(𝑡) = 𝜙𝑒𝑖𝜔𝑡)  and no 
external forces (𝒇 = 0) and neglecting damping (𝑪 = 0): 

𝑲𝚽 = 𝑴𝚽𝜦, (2) 

where, 𝚽 is the matrix of mode shapes (eigenvectors), and 𝜦 is 
the diagonal matrix of eigenvalues. Each mode shape 𝜙𝑖 
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represents a deformation pattern of the system at the 
corresponding natural frequency 𝜔𝑖. 

Now, the response of the system under external excitation is 
governed by the modal superposition principle: 

𝐱(𝑡) = ∑  

𝑁

𝑖=1

𝜙𝑖𝜂𝑖(𝑡) 
(3) 

where, 𝜙𝑖  is the 𝑖-th mode shape, 𝜂𝑖(𝑡) is the time-dependent 
modal coordinate. The contribution of each mode depends on the 
modal participation factor: 

Γ𝑖 = 𝜙𝑖
⊤𝒇 (4) 

higher modes often have smaller participation factors because 
they involve localized dynamics (smaller deformations with less 
energy) [16]. Lower modes dominate as they involve global 
deformations that absorb more energy. On the other hand, for 
higher modes, the mode shapes 𝜙𝑖 involve vibration in smaller 
substructures or localized parts such as the end-effector. In 
addition, these localized vibrations have higher natural 
frequencies and smaller deformation amplitudes which make 
them less sensitive to global changes in posture. Now, by 
mathematically defining FRF, we have: 

𝐇(𝜔) = (𝑲 − 𝜔2𝑴+ 𝑗𝜔𝑪)−1 (5) 

and breaking this into modal contributions: 

𝐇(𝜔) =∑  

𝑁

𝑖=1

𝜙𝑖𝜙𝑖
⊤

𝜆𝑖 −𝜔2 + 𝑗𝜔𝜁𝑖𝜔𝑖

, (6) 

where, 𝜁𝑖 =
𝑐𝑖

2√𝑘𝑖𝑚𝑖
 is the damping ratio for the mode 𝑖.  

The two main results of this section are as follows: 

1. Lower modes absorb more energy due to their higher 
participation in external excitation, whereas higher 
modes dissipate energy locally and less effectively 
contribute to the overall response, 

2. Lower modes correspond to global deformation 
patterns, while higher modes involve localized 
dynamics. 

These outcomes are observed when joints 2, and 3 
significantly alter the robot's posture. 

At the end of this section, the vibration analysis showed that 
the wrist joints (joints 4, 5, and 6) do have some impact on the 
lower frequency modes, but joints 2 and 3 have a stronger 
influence on the main vibration modes. To make the GPR model 
more accurate, we included all six joints of the robot as inputs 
for training the model. This ensures that the model takes into 
account the contributions of all joints, even those with less 
impact, to predict important modal parameters like frequencies, 
damping ratios, and stiffnesses. Using the experimental data, the 
GPR model provides reliable predictions of the robot's FRFs, 
forming a strong basis for further analysis.  

A. Gaussian Process Regression (GPR) model 

In this section, to predict the modal parameters of the robot 
manipulators, including natural frequency, damping ratio, and 
modal stiffness in three directions (X, Y, and Z) in a given 
posture, the GPR method, which is an interpolation method 
based on the correlation between different input data points, was 
employed [17]. The schematic of the GPR model is shown in 
Figure 3. As shown in Figure 3, the preprocessing stage of the 
dataset in the GPR algorithm involves augmenting the dataset to 
ensure it reaches an appropriate accuracy level during training 
and to prevent underfitting and overfitting of the data. In 
addition, the dataset is divided into two categories consisting of 
90% training dataset and 10% testing dataset. The last 15 
postures were used for comparison with predicted data. 

The modal parameters of the robot for a given posture using 
the Gaussian process are defined as follows [12, 18, 19]: 

𝑔(x) ∼ 𝑮𝑷(𝜇(x), 𝐂(x, x∗)), (7) 

 

 

Figure 3: The schematic of the Gaussian Process Regression 
(GPR) model. 

where, in equation (7), 𝜇(x)  is the basic function, and x 
represents the joint positions for all training robot postures. 
𝐂(x, x∗)  is the covariance matrix for the training data. The 

covariance matrix, 𝒌(xi, xj), for the postures is calculated using 

a squared exponential kernel function: 

𝒌(𝑥𝑖 , 𝑥𝑗)

= 𝜎𝑓
2𝑒𝑥𝑝⁡ (−

(𝑥𝑖 − 𝑥𝑗)
𝑇
(𝑥𝑖 − 𝑥𝑗)

2𝜎𝑙
) , 𝑖 ≠ 𝑗 

(8) 

where 𝜎𝑙 is the feature length and 𝜎𝑓
⁡  is the standard deviation of 

the signal. x𝑖  and x𝑗  are the vectors of joint positions at the 

corresponding postures. Now, for a series of predicted positions, 
the prior results are: 



   

[
𝑔(𝑥)

𝑔(𝑥∗)
]

∼ 𝑁 ([
𝜇(𝑥)

𝜇(𝑥∗)
] , [

𝐂(𝑥, 𝑥) + 𝜎2𝐈 𝐂(𝑥, 𝑥∗)

𝐂(𝑥∗, 𝑥) 𝐂(𝑥∗, 𝑥∗)
]), 

(9) 

here, in equation (9), 𝜎2  is the model variance, and I is the 
identity matrix. x represents the joint positions of all training 
robot postures, and x∗ represents the joint positions of the test 
postures. 𝐂(x, x) , 𝐂(x, x∗) , and 𝐂(x∗, x∗)  are the covariance 
moments of the training samples, the covariance matrix between 
the training and test samples, and the covariance matrix of the 
test samples, respectively. These are used to predict the posterior 
distribution through Bayesian inference, and its mean can be 
expressed as: 

𝑔(𝑥∗) = 𝜇(𝑥∗) + 𝐂(𝑥∗, 𝑥)[𝐂𝑡𝑟(𝑥, 𝑥)
+ 𝜎2𝐈]−1(𝑓𝑡𝑟(𝑥) − 𝜇𝑡𝑟) 

(10) 

In this case, 𝑓tr(x) represents the predicted parameter values, 
and 𝜇tr is their average. Before training the model using 
equation (8), it is necessary to determine the best 

hyperparameters (𝜎𝑙 , 𝜎𝑓
2)  through a process called maximum 

likelihood estimation [18]: 

𝐿 = −
1

2
𝑓tr 
T(𝒙)𝐂𝑛

−1𝑓tr(𝒙) −
1

2
log⁡|𝐂𝑛|

−
𝑴

2
log⁡(2𝜋), 

(11) 

in which, 𝐂𝒏 = 𝐂𝐭𝐫(x, x) + 𝝈𝟐𝐈 is the covariance matrix of the 
training data in the noise condition. 

 

IV. RESULTS AND DISCUSSION 

In this section, the results of the predicted modal parameters, 

including natural frequencies, damping ratios, and modal 

stiffness obtained using the GPR model, are first presented. In 

the second part, graphs of FRFs generated with these modal 

parameters are compared with measured FRFs. This 

comparison demonstrates the high accuracy of the GPR model. 

 

A. Presentation of GPR Results 

The GPR model used in this research is a non-parametric, 
probabilistic tool for predicting modal parameters, including 
natural frequencies, damping ratios, and modal stiffness, of the 
robot manipulator across various postures. By using a dataset 
derived from the EMA after a comprehensive vibrational 
analysis, the GPR model uses joint angles as inputs and 
computes the posterior distribution of modal parameters by 
learning their covariance structure. A squared exponential kernel 
function is employed to model the relationships between joint 
angles and modal parameters. It ensures smoothness and 
flexibility in predictions. Hyperparameters of the kernel are 
optimized using maximum likelihood estimation to improve 
accuracy. The GPR model efficiently captured the posture-
dependent behavior of the robot and provided reliable 
predictions with a Mean Squared Error (MSE) of 0.00387. The 

computations were performed on a PC with 32 GB of RAM and 
an x64-based i7 CPU.   

In Figure 4, the results obtained from the GPR model for the 
natural frequencies, damping ratios and modal stiffnesses in the 
first four vibration modes are compared with experimental 
results. This comparison has been performed for the last fifteen 
end-point postures along the designed trajectory.  

In plots of damping ratios, they have a wide area of 
confidence interval which indicates higher uncertainty in the 
model's prediction. The complexity and minor errors in 
calculating the damping ratio are attributed to control 
parameters, friction, and sensitivity to nonlinear variations [20]. 
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Damping ratio-Mode 3 Damping ratio-Mode 4 
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Figure 4: The prediction of the natural frequency, damping 
ratio and modal stiffness extracted from the GPR model for 

the first 4 vibration modes. 

 

B. Estimation of Frequency Response Function (FRF) 
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Posture 250-Direction Z 

  

Posture 251-Direction X Posture 251-Direction Y 

 

Posture 251-Direction Z 

Figure 5: The prediction of the natural frequency, damping 
ratio and modal stiffness extracted from the GPR model for 

the first 2 vibration modes. 

As investigated in section 2, the focus on low frequencies is 
due to the direct correlation of the first few frequencies with the 
primary vibration modes. These modes exhibit significant 
deformations and account for a substantial portion of the 
vibrational energy along the excitation direction. Therefore, we 
aim to estimate the diagonal FRFs aligned with the external 
excitation direction. Consequently, in the FRF matrix, our goal 
is to construct the diagonal FRFs 𝐻𝑥𝑥 , 𝐻𝑦𝑦 and 𝐻𝑧𝑧. 

V. CONCLUSIONS 

This research studied the vibration behavior of robot 
manipulators using a structured experimental and analytical 
approach. A tool-tip trajectory was designed, and hammer tests 
were conducted in the X, Y, and Z directions to measure 
diagonal FRFs and avoid cross-effects. Two major challenges 
were addressed: understanding how the robot's posture affects 



   

vibration modes and how the accelerometer’s placement on 
nodal or anti-nodal points influences the results. To accurately 
identify vibration peaks, hammer tests were carried out on 254 
robot postures using a four-stage peak-selection process, which 
helped identify key vibration modes. A dataset was then created, 
including joint angles and modal parameters such as natural 
frequencies, damping ratios, and stiffnesses. This dataset was 
used to train a GPR model, which effectively predicted posture-
dependent vibration behavior. The results of the prediction show 
that the GPR model can manage the complex vibration patterns 
in the robot manipulators. The GPR model also reduced 
computational costs while maintaining high accuracy. Finally, 
the predicted modal parameters were used to construct FRFs for 
machining postures, and these were validated against 
experimental results. This study provides a clear method for 
analyzing robot vibrations, improves the understanding of how 
joint angles influence vibrations, and offers a practical approach 
for efficient vibration analysis in industrial applications, 
particularly robotic machining. 
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