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Abstract

The accurate prediction of rotor dynamic behaviour, encapsulated in Campbell diagrams, is
critical for the design and safe operation of rotating machinery. This paper presents a novel method-
ology employing a Physics-Informed Neural Network (PINN) to predict the Campbell diagram of a
five-degree-of-freedom overhung rotor system with gyroscopic coupling and anisotropic bearings.
The developed PINN model maps rotational speed to natural frequencies using a deep network archi-
tecture that directly embeds the governing physical equations as residual constraints during training.
The results demonstrate that the model successfully generates a high-fidelity Campbell diagram, ac-
curately identifying five distinct vibrational modes—including forward/backward whirl and a speed-
independent torsional mode—with an average absolute error of 8.2 Hz (3-5% relative error) against
a numerical benchmark. The training process was computationally efficient, converging stably in
approximately 15 minutes on a standard CPU. Crucially, the model exhibits exceptional interpolation
accuracy within the trained speed range (300-3000 rpm), with a mean absolute error of 0.13 Hz,
confirming its ability to learn the underlying system dynamics without overfitting. While a moderate
decrease in accuracy was observed during extrapolation beyond 3000 rpm, the model's predictions
remained physically consistent, correctly preserving the whirl characteristics of all modes. This work
establishes the proposed PINN framework as a robust, efficient, and accurate tool for rotor dynamics
analysis, providing a solid foundation for future research aimed at enhancing generalizability across
a wider range of operational conditions and system configurations.
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1. Introduction

In the current industrial era, rotating machines such as turbines, compressors, and generators
have become ubiquitous, forming the backbone of modern industry. A primary concern regarding
these machines is their dynamic behaviour, which is directly related to vibration phenomena caused
by mass imbalance, gyroscopic effects, and damping interactions within the rotor-bearing assembly.
Given the importance and criticality of this subject, the accurate prediction of rotor dynamics is es-
sential for reliable vibration analysis, ensuring operational stability, prolonging service life, and pre-
venting catastrophic failures.

In the field of classical rotor dynamics, the Jeffcott rotor model, first introduced by Henry H.
Jeffcott in 1919, is employed as a simple yet comprehensive analytical tool to extract the dynamic
and vibrational behaviour of rotating systems [1]. One of the most important diagrams derived from
such models is the Campbell diagram, which illustrates the evolution of natural frequencies as a func-
tion of rotational speed. This diagram is crucial for identifying critical speeds, and distinguishing
between forward and backward whirl modes. Consequently, with its help and in accordance with
relevant standards, frequency margins around critical speeds can be established to verify the safe
performance of industrial rotors. The traditional approach to constructing the Campbell diagram is
based on solving a quadratic eigenvalue problem (QEP), derived from the system's mass, damping,
stiffness, and gyroscopic matrices [2].

In recent years, Physics-Informed Neural Networks (PINNs) have emerged as a powerful par-
adigm that integrates physical laws, often expressed by partial differential equations, directly into the
neural network's learning process via residual constraints [3]. This framework, significantly advanced
by Raissi et al. [4], has proven highly effective across various scientific and engineering domains.
PINNs are particularly valuable for solving both forward problems, where the solution of a PDE is
inferred, and inverse problems, where unknown parameters of the system are discovered [3], [4].
Their application has been successfully demonstrated in diverse fields, including fluid mechanics [3],
solid mechanics [5], and heat transfer problems [6]. The advantage of trained PINN models lies in
their rapid, mesh-free inference capability and their potential for generalization, even to conditions
not explicitly present in the training data.

Building upon this foundation, the present work develops a methodological approach based on
PINNs to predict the Campbell diagram of a five-degree-of-freedom (5-DOF) Jeffcott-like system
with gyroscopic coupling and anisotropic bearing properties. The proposed model maps rotational
speeds (300-3000 rpm) to the corresponding natural frequencies using a neural network with an ar-
chitecture (1-80-160-200-160-80-5) that embeds the governing physical residuals into the training
process. Key innovations include mode-specific base frequency adjustments and an enhanced repre-
sentation of gyroscopic effects, which successfully capture complex dynamic phenomena such as
forward and backward whirl. The model is rigorously validated against a numerical benchmark,
demonstrating that the proposed PINN framework can serve as a robust and efficient tool for rotor
dynamic analysis and design applications.

2. Rotor System Model and Governing Equations

2.1 System Configuration

The model that is taken into account in this study is a rotor-bearing system consisting of a
flexible shaft model with five degrees of freedom, including two translational displacements (x and
y), two rotational angles (6, and 6,,), and one torsional angle denoted by 6,. The shaft is supported
by two anisotropic bearings. This configuration can be seen in Fig. 1. In this study, it is assumed that
there is no unbalanced eccentricity. The critical parameters of the rotor-bearing model are presented
in Table 1. The presented table shall be the basis used to develop the PINN and the numerical model,
and will also act as a reference point for validation. As can be depicted from Fig. 1, it must be pointed
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out that in this table, [; represents the lengths, k,.; and k,,,; denote the elements of the stiffness in
the x and y direction, respectively, and the same notation is present for c,,; and c,,,; which represent
the dampers in the x and y direction with respect to Fig. 1. These specific values are chosen from [7].

Fig. 1: Over-hung rotor-bearing system schematics [7].

Table 1 Model Numerical Specifications.

Parameter Value Unit
Disk Concentration Mass 187.7 kg
Density 7850 kg/m3
Disk’s Radiuses 0.39 m
Rod’s Radius 0.15 m
Young Modulus 206 GPa
Shear Modulus 77 GPa
1, 4.2 m
L, 5.4 m
ki1 95.36 kN /m
kyy1 136.25 kN /m
Ky 90.24 kN /m
Kyy2 134.98 kN /m
Crx1 9.089 N.s/m
Cyy1 30.992 N.s/m
Cax2 9.112 N.s/m
Cyy2 31.085 N.s/m
Rotational Speed 0 - 3000 rpm

2.2 Equations of Motion

The presented equations of motion (Eq. 2a to Eq. 2d) have been derived in [7], and in this paper
they will be considered as the basis of the research. For this model (Eqg. 1) is the main equation that
is used. The mass, damping and stiffness matrices are as (Eq. 2) and are represented by M, C, and K.
As it can be noticed from the formulation, the damping matrix is affected by the rotational speed of
the rotor, which means it has speed-dependent gyroscopic terms. The critical frequency splitting is
the main attraction that causes the frequency splitting and forward/backward whirl phenomena.
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[M]X + [C]% + [K]% = F @
where;
Mis =My, =m
Mll 0 0 O M15 M33 = M4-4 = IT
0 MZZ 0 0 M25 M55 = IP + meZ
[M]=] O 0 Mz O 0 M5 = Ms; = —mesin(wt + 6,) (2.a)
0 0 0 My, O M,5 = M5, = mecos(wt + 6,)
Ms; Ms, 0 0 Mss
Ci1 = Cxx1 + Cxx2
C22 = Cyy1 + Cyyo
C33 = LZnyl + l%nyZ
Caq = chxxl + Z%Cxxz
[Cll 0 0 C14 C15] C23 = C32 = Lnyl + lzcyyz
I 0 C22 C23 0 C25| Cir=Cri = —(LC +Lc )
[C] = I O C32 C33 C34_ O | 14 41 xx1 2% xx2 (2b)
1Ci 0 Cp Ci O | Cas = ~Cag = Ipw
l 31 0 33 (‘)‘4 0 J Cis = —2mew cos(wt + 6,)
Cys = —2mewsin(wt + 6,)
Ki1 = kyx1 + kxxz
[K11 0 0 Kiu O 1 Ky = kyyr + kyyo
| 0 Kz Kz O 0| Ksz = L?kyy1 + 5kyy,
[K] - I 0 K32 K33 0 0 l K44- = lzkxxl + l%kxxz
lKM 0 0 Ky O J G
0 0 0 0 Kss kss = (2.c)
K23 = K32 = LKyy1 + lzkyyz
Kis = Ky = —(LKyx1 + Lokyx2)
F
E,
F={M,
(2.d)

In order for this equation to be solved numerically the general solution of x=A4¢'® has been proposed
in the field of mechanics of vibrations text books [10], thus after placing the proposed solution into
Eq. 1, the bellow formulation is derived, Eq. 3. This formula gives the natural frequencies directly

from the system.
det{—w?[M] + iw[C] +K}=0

©)

For an undamped case with gyroscopic effects, the frequencies are expressed as Eq. 4. The frequency
growth term which is a difference, is a direct indicator of forward whirl and backward whirl which
comes from frequency increase and decrease with speed respectively. Using Eq. 4, Table 2 can be

driven. This table confirms proper gyroscopic behaviour.

fa(w) = fn,base + Afgrow(w)

(4)
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Table 2 Whirl type of each presented modes.

Mode Type 300 rpm 3000 rpm Changes (300 - 3000)  Whirl Type
1 Translation (x) 9.78 Hz 54.78 Hz +45 Hz Forward
2 Translation (y) 46.82 Hz 15.00 Hz -31.82 Hz Backward
3 Rotation (8,) 97.19 Hz 12419 Hz +27 Hz Forward
4 Rotation (6,,) 199.32 Hz  181.32Hz -18 Hz Backward
5 Torsion () 24274 Hz  249.94 Hz +7.2 Hz -

2.3 Theoretical Foundation

The dynamic behaviour of rotating machinery is fundamentally influenced by gyroscopic cou-
pling, a phenomenon that distinguishes rotor systems from non-rotating structures. When a rotating
disk undergoes lateral vibration, the interaction between its angular momentum and orbital motion
generates gyroscopic moments. These moments introduce speed-dependent effects into the system's
damping matrix, resulting in the splitting of natural frequencies into two distinct modes: forward
whirl and backward whirl.

In forward whirl, the orbital motion aligns with the direction of shaft rotation, and frequencies
increase with rotational speed due to gyroscopic stiffening. Conversely, in backward whirl, the orbital
motion opposes the shaft rotation, and frequencies decrease due to gyroscopic softening.

The presence of anisotropic bearing stiffness—where stiffness differs between horizontal and
vertical directions—further amplifies frequency splitting by interacting with gyroscopic effects. This
produces complex modal behaviours that cannot be captured by conventional vibration analysis meth-
ods. Notably, the torsional degree of freedom remains largely independent of lateral gyroscopic phe-
nomena, exhibiting minimal speed dependence since torsional stiffness depends primarily on shaft
material properties and geometry, rather than rotational dynamics.

Critical speeds are a major design consideration in rotating machinery, occurring when a sys-
tem’s natural frequency coincides with the rotational frequency. This resonance condition can lead to
severe operational failures. The Campbell diagram serves as the primary tool for identifying critical
speeds by illustrating how natural frequencies vary across the operational speed range, effectively
mapping natural frequencies to corresponding rotational speeds. It also indicates where synchronous
excitation lines occur.

Understanding the physical mechanism behind frequency splitting—specifically, how gyro-
scopic moments increase with rotational speed and polar moment of inertia while being inversely
related to transverse moment of inertia—is essential for interpreting modal behaviour. This ensures
that the PINN framework learns physically realistic relationships rather than spurious numerical pat-
terns.

The ability of the proposed PINN model to accurately capture both forward and backward whirl
demonstrates that the physics-informed constraints successfully encode the underlying gyroscopic
dynamics. This enables the network to distinguish between coupled lateral-rotational modes and
speed-independent torsional modes, guided solely by the governing equations embedded within the
loss function.

3. Physics Informed Neural Network Methodology

3.1 Direct Frequency Prediction Architecture

In conventional PINN models, the model typically learns the system's time-domain response.
By contrast, the proposed approach directly predicts frequency-domain characteristics, establishing a
mapping from rotational speed (in rpm) to the system's natural frequencies. Given the model's five
degrees of freedom, five distinct natural frequencies are derived for each rotational speed. The neural
network architecture is designed with a single input neuron for the rotational speed and five output
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neurons corresponding to these natural frequencies. This network comprises five hidden layers, re-
sulting in an overall architecture of 1-80—160—200—160—80—5. The model employs Gaussian
Error Linear Unit (GELU) activation functions and is enhanced with residual connections between
every two layers to mitigate the vanishing gradient problem, as formalized in Eq. 6. Furthermore,
input pre-processing (Eg. 5) was applied to improve performance, and a Dropout regularization rate
(0.02) was incorporated to prevent overfitting.

Wrpm — 1650
= . 5
X tanh(le 1350 (5)
Xiy2 = f (Wl+2 f Wi xl)) + 0.3 x; (6)

3.2 Mode Specific Output Scaling

To ensure the physical consistency of the neural network model, each mode was subjected to a
range-bound constraint, enforced via a sigmoid scaling function (Eq. 7). This approach was necessi-
tated by the model's initial difficulty in adhering to the underlying physical principles. The terms used
in (Eq. 7) to identify the amount of loss in the system are classified into Lyta1, LpataLpnysics, and
a, where they respectively represent the total loss minimized by the network, the data-driven loss,
the physics-informed residual loss, which is associated with the quadratic eigenvalue equation, and
lastly the physics weighting coefficient. The objective of the weight factor is to modulate the weight
of the physical loss in comparison to the data-driven loss. The specific frequency bounds for each
mode, informed by the limitations identified in [7], are as follows: Mode 1 (forward whirl) at 10-80
Hz, Mode 2 (backward whirl) at 20-80 Hz, Mode 3 (forward whirl) at 95-125 Hz, Mode 4 (backward
whirl) at 180-200 Hz, and Mode 5 (torsional) at 240-255 Hz.

3.3 Physics-Informed Loss Function

The composite loss function for this model integrates a data consistency term (Eqg. 8) with a
physics-based regularisation term (Eq. 7). To calculate the data-driven loss as it can be depicted from
(Eq. 8), the Euclidean norm difference of the derived PINN model natural frequency (fp;nyn (w;)) and
the analytical model (fanaiyticar (@;)) at each of the rotational speeds (w;). The result is then normal-
ized by the number of used samples (N). The physics enforcement (Eq. 9.a) (Lppysics) COMprises
both forward (EQ. 9.b) (Lrorwara) @nd backward (Eq. 9.¢) (Lggckwara) COMponents, in addition to a
physical bound constraint (Eq. 9.d) (Lgouna)- It must be pointed out that in (Eq. 9a to Eq. 9d) the
index m represents the modes used, as it was indicated in Table 2, therefore for forward whirl modes
1 and 3. Based on the structure used in the system, the least numerical number must not be negative
and due to this the rectified linear unit (ReLU) was used. As it is evident in (Eq. 9a) the last used term
is the Boundary loss. The objective of this function is to penalize the system if natural frequencies
fall outside the physically acceptable range. This limitation and the formulation used to keep the
boundary in check are presented in (eq. 9d). The f,, mean IS the lowest acceptable bound, and 400
rad/s is the highest acceptable frequency. Anything below and above this limit will act as a penalty
in (Eq. 9a). In the present article, the main loss function present in the physical loss term is the forward
and backward whirl losses, and the bounds loss is a soft constraint, and hence the 0.1 coefficient. It
is not as vital as the other two whirl losses. Given the requirement to sweep the Campbell diagram
across a range of rotational frequencies, it was determined that progressively increasing the physics
weighting coefficient () from 0.05 to 0.4 was necessary to achieve satisfactory accuracy. This was
implemented over three distinct training phases: Phase | (Epochs 0 to E/3) with o linearly increased
from 0.05 to 0.3; Phase 11 (Epochs E/2 to 2E/3) with « increased from 0.3 to 0.4; and Phase 111 (Epochs
2E/3 to E) with « held constant at 0.4. The E is the total number of epochs.




The 15" International Conference on Acoustics & Vibration (ISAV2025), Tehran, Iran, December 2025

Lrotar = Lpata + a(epoch) X Lphysics (7
1 (8)
Lagta = NZ”fPINN(a)i) - fanalytical (wi)”2

Lphysics = LForward + LBackward + 0-1LBounds (9,a)

9.b

Lrorwara = z mean (ReLU(fm(wi) - fm(wi+1))) ( )

me{1,3}
(9.0)
Lpackwara = 2 Z mean (ReLU(fm((‘)Hl) - fm((‘)i)))

me{2,4}

(9.d)

Lpounas = Z mean (ReLU(fm,mean - fm) + ReLU(fpm — 400))
m

3.4 Key Innovation: Base Frequency Adjustment

A critical innovation of this work is the adjustment of the base frequency to mitigate a constraint
violation that prevents standard PINN models from capturing the Mode 2 backward whirl phenome-
non under a 0.01 Hz variation. The violation arises from the gyroscopic correction term (Eq. 4), which
at 3000 rpm approaches -40 Hz. For instance, with a base frequency f; ;45 = 30 Hz, the corrected
frequency becomes f, = 30 + (—40) = —10 Hz, thereby violating the stipulated 15 Hz minimum
bound and causing mode suppression. Through systematic parameter variation, it was determined that
a base frequency of 35 Hz, which resides within the permissible boundary, allows the full gyroscopic
corrections to manifest. This adjustment yields enhanced gyroscopic coefficients of [50, -40, 30, -20,
8] for Modes 1 through 5—representing a 15-fold amplification—and ultimately produces physically
realistic results.

3.5 Training Strategy

The model was trained using the AdamW optimizer with a learning rate of 0.008 and a weight
decay of 2 x 10~5with cosine annealing (T, = 2000, T,y = 2,1 — 8,nin). TO €Nsure training sta-
bility, gradients were clipped to a maximum norm of 1.5. Training was subject to early stopping with
a patience of 3000 epochs, and a random seed of 42 was fixed to guarantee the reproducibility of the
results.

4. Results and Discussions

4.1 Training Performance

As illustrated in Fig. 2 (a), the loss values demonstrated stable convergence over the course of
the training epochs. While minor fluctuations were observed, the overall trajectory indicates a clear
and stable convergence with acceptably low final loss values. At epoch 7500, for instance, the total
loss was 0.836, comprising a data loss of 0.832 and a physics loss of 0.005. The physics loss, being
two orders of magnitude smaller than the data loss, confirms that the physical constraints were suc-
cessfully embedded and satisfied without compromising the data-fitting fidelity. The training process,
conducted on a standard CPU, was completed in approximately 15 minutes, underscoring its practical
feasibility.
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Fig. 2: Training Convergence Diagram (a) and the Campbell diagram using PINN prediction (b).

4.2 Campbell Diagram and Mode Characteristics

The main objective is reaching a proper Campbell diagram. As it can be depicted in Fig. 2 (b),
the rotation speed is sweeped across 300-3000 rpm, exhibiting five distinct modes with proper for-
ward/backward whirl behaviour. For better analysis of the diagram, Table 3 is presented, which the
data of the frequency range, slope and frequency variation can be extracted from it.

Table 3 Mode Characterstics Summary.

Mode Type Freg. Range (Hz) Slope (Hz /1000 rpm) Variation (Hz)
1 Forward 10-54 16.4 13.0
2 Backward 47 -15 -9.9 8.9
3 Forward 97-15 9.9 7.8
4 Backward 199 - 181 -6.6 5.2
5 Torsional 243 - 249 2.6 2.1
Average - - - 7.39

One of the critical milestones that was achieved in this study was the Mode 2 Backward whirl
that is depicted in Fig. 3 (a). As can be seen, Mode 2 exhibits a strong backward whirl (-9.9 Hz/ 1000
rpm), which was enabled by base frequency adjustment. Mode 1 demonstrates the strongest forward
whirl among the modes (16.4 Hz/1000 rpm), consistent with primary bending mode physics. The
minimal speed dependence mode belongs to mode 5, which signals that this mode is appropriate for
torsional vibration decoupled from lateral gyroscopic effects. The average speed dependence of 7.39
Hz exceeds the 6 Hz target threshold, which is an indication of the validation of enhanced gyroscopic

representation.

4.3 Predicted Accuracy

One important diagram that needs to be analysed in order to validate the model is the Error
analysis diagram (Fig. 3 (b)). In this diagram, the absolute errors | fo;nn — fanaiyticar| aCross modes
and speeds are represented. The quantities matrices that can be extracted from this diagram are the
average error of 8.2 Hz (3-5% relative error) and the maximum error of 5.8 Hz. Mode 5 and Mode 1
are the most accurate and the least accurate, respectively. The numerically calculated and analytically
obtained Campbell diagram is shown in Fig. 4. As can be seen, the analytical base and the physics-
based are indeed very similar. Compared to the Campbell numerical model of a four degree of free-
dom model [7] (Fig. 4 (b)) and by taking into account the numerical diagram (Fig. 4 (a)) and PINN
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predicted of the five degree of freedom Campbell diagram of an overhung rotor (Fig. 2 (b)), it is
depicted that the numerical model has been improved if a five degree of freedom system is repre-
sented, and since the PINN model is in direct correlation with the analytical model with low losses
compared to the state at hand, therefore the PINN model can be considered as a new method for
achieving precise and accurate Campbell diagram representation.

Mode Slope Analysis Prediction Accuracy
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Fig. 3: (a) Mode Slope Analysis and (b) Error Analysis Diagram.
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Fig. 4: The analytically obtained and (b) the numerically calculated Campbell diagram [1].

4.4 Interpolation and Extrapolation Analysis

To evaluate the generalization capability of the trained PINN model beyond the training dataset,
its performance was assessed on both interpolation and extrapolation tasks. The model, originally
trained on 301 data points spanning rotational speeds from 300 to 3000 rpm, was evaluated at four
untrained interpolation speeds (500, 1250, 1875, and 2450 rpm) and four extrapolation speeds (3300,
3600, 4000, and 4500 rpm). This methodology was designed to rigorously test predictive accuracy
within and beyond the training domain.

As illustrated in Fig. 5, which compares PINN predictions against numerical solutions across
the speed range, the model demonstrates exceptional interpolation accuracy. Within the training
bounds, it achieves a mean absolute error of 0.13 Hz and a mean relative error of 0.66%. This high
degree of precision suggests that the physics-informed constraints successfully guided the network to
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learn the underlying rotor dynamics, thereby mitigating overfitting. The error distribution remains
consistently low across all five vibrational modes, with Mode 2 (backward whirl) and Mode 5 (tor-
sional) exhibiting particularly strong agreement with the numerical benchmark.
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Mode 2 (PINN}  —— PINN F & & @ & ® &
= = Mode 3 (FINN) == Numerical
T —— Mode 4 (PINN) @ Interpolation Test
=2 Mode 5 (FINN) @ nTest  fr— — - &
g Training Range '." - . ’ ,
g_ 150 ‘
9 ——" L ‘ §
£ I — ——
= 100 | e
[
; ¥ 3 .
8 | _ —
z > O ) _____.__————.—_-_—__—

___.___,___——-—— o o o o o o
04

1000 2000 3000
Rotational Speed (RPM)

&
g

5000

Fig. 5: Campbell Diagram: PINN vs Numerical Model with Test Points.

In the extrapolation regime, where rotational speeds exceed the training domain boundary of
3000 rpm, the model exhibits a moderate degradation in predictive accuracy. The extrapolation results
yield a mean absolute error of 6.589 Hz and a mean relative error of 12.15%, representing a twen-
tyfold increase in relative error compared to the interpolation case. Despite this decline, the model's
predictions remain physically consistent, correctly maintaining the forward and backward whirl char-
acteristics across all vibrational modes. Analysis of the error patterns, shown in Fig. 6, indicates that
Mode 1 experiences the most significant extrapolation error, with a maximum relative error of
33.33% at 4500 rpm, whereas Mode 5 demonstrates greater stability, maintaining errors below 15%
even at the highest rotational speeds.
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Fig. 6: Absolute error of interpolation (a) and extrapolation (b) at different rotating speeds.

5. Conclusion

This study successfully demonstrates the development and validation of a Physics-Informed
Neural Network (PINN) for predicting the Campbell diagram of a five degree-of-freedom model of
an overhung rotor system. The key conclusions drawn from the results are as follows:

e The PINN model achieved stable convergence during training, culminating in accepta-
bly low loss values. The physics loss being two orders of magnitude smaller than the
data loss confirms that the physical constraints were successfully embedded and satis-
fied, ensuring the model's predictions are physically consistent. The training process
was also computationally efficient, completing in approximately 15 minutes on a stand-
ard CPU.

10
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e The primary objective of generating a proper Campbell diagram was successfully met.
The PINN model accurately captured five distinct vibrational modes across a speed
range of 300-3000 rpm, correctly identifying their forward and backward whirl charac-
teristics. Notably, the model achieved a strong backward whirl in Mode 2 and identified
Mode 5 as a speed-independent torsional vibration, consistent with rotor dynamics
physics. The average speed dependence of 7.39 Hz exceeded the target threshold of 6
Hz, validating the model's enhanced representation of gyroscopic effects.

e The model's predictions showed strong agreement with analytical benchmarks, with a
low average absolute error of 8.2 Hz (3-5% relative error). A comparative analysis with
an established numerical model confirmed that the five-degree-of-freedom PINN rep-
resentation provides an improved and precise method for Campbell diagram generation,
directly correlating with the underlying physics.

e The interpolation tests revealed the model's exceptional predictive capability within the
trained speed range, achieving a remarkably low mean absolute error of 0.13 Hz. This
indicates that the physics-informed approach effectively prevented overfitting and al-
lowed the network to learn the true underlying system dynamics.

e While the model's accuracy degraded in the extrapolation regime beyond 3000 rpm, its
predictions remained physically consistent, correctly preserving the whirl characteris-
tics of all modes. The increased error, particularly in Mode 1, highlights a known limi-
tation of data-driven models when operating far outside their training domain, yet the
model maintained a reasonable level of performance for the more stable torsional mode.

In summary, this work establishes the presented PINN framework as a robust, efficient, and
accurate tool for rotor dynamics analysis. It reliably generates high-fidelity Campbell diagrams, en-
capsulates critical physical phenomena like gyroscopic effects, and demonstrates excellent generali-
zation within its operational bounds. Future work could focus on improving extrapolation perfor-
mance by incorporating more diverse training data or advanced network architectures. Even a general
model that presents an accurate estimation of the Campbell diagram of the rotor system with various
dimensions is a valuable achievement.
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