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Abstract—Condition monitoring of industrial drive systems
is challenging because mechanical faults are often difficult to
identify directly from motor-side measurements, while purely
data-driven approaches require large labeled datasets and show
limited generalization and poor interpretability. To address
these limitations, this paper proposes a physics-informed feature
generation (PiFG) workflow for supervised fault classification.
In contrast to approaches that embed physics into the learning
objective, the proposed method incorporates physical knowledge
at the feature-generation level using an Extended Kalman Filter
(EKF). A simplified dynamic model is used by an EKF to estimate
physically meaningful parameters directly from standard motor
signals. Experimental validation on an industrial belt-drive
testbench demonstrates improved feature separability leading to
substantial improvements over a purely data-driven baseline.
Consequently, increasing fault classification accuracy under
limited training data from 62.25% to 100% while eliminating
the severe fault class confusion and improving cross-condition
generalization accuracy from 41.38% to 75.77% across varying
operating speeds.

Index Terms—Condition monitoring, fault classification,
physics-informed machine learning, Extended Kalman Filter,
physical parameter estimation, feature extraction, elastic-drive
systems.

I. INTRODUCTION

Belt-driven and elastic drive systems are core components

of modern industrial automation due to their mechanical

simplicity, flexibility, and cost-effectiveness. During operation,

however, these systems are subject to gradual mechanical

degradation caused by wear, changing load conditions and

environmental influences. Such degradation typically mani-

fests as changes in physical system properties, for example

increased friction, belt deterioration, or load imbalance,

which may progressively reduce efficiency and reliability and

lead to costly maintenance interventions. Reliable condition

monitoring is therefore required to detect these changes at an

early stage. In practice, however, the available measurements

in industrial drive systems, such as motor torque, position, or

velocity, are strongly influenced by operating trajectories and

control inputs. The underlying mechanical degradation is often
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difficult to identify directly from raw measurement signals,

making robust fault classification particularly challenging

under varying operating regimes and limited labeled fault data.
To detect such incipient physical faults early, existing

condition monitoring approaches can generally be classified

into three categories [1], [2]:

1) Data-driven (Black-box) models;

2) Physics-based and/or observer-based models;

3) Physics-informed machine learning (PIML) models.

Data-driven condition monitoring models can achieve high

classification accuracy when large labeled datasets are avail-

able [3], [4]. In industrial settings, however, faults are rare

events, and fault data is often scarce, which limits robust

training and transferability [5]. Since models are trained

directly on raw measurements, they may overfit to operating

conditions, sensor placement, or noise characteristics rather

than the underlying physical degradation mechanisms, and

degrade when applied to new machines and unseen operating

regimes [6], [7]. The limited interpretability of black-box

models can be problematic in safety-critical applications [3].
Physics- and observer-based approaches provide physically

interpretable diagnostic indicators by explicitly modeling the

system dynamics [8]. Observers such as Kalman Filter and

sliding mode observers are widely used for state and parameter

estimation and have been applied in industrial condition

monitoring [10]–[12]. Similarly, robust control frameworks

based on Kalman filter-enhanced 6-DOF quadrotor control

have demonstrated effective state estimation and precise

position control under noise, disturbances, and modeling

uncertainties [9]. Such approaches typically rely on accurate

dynamic models and require extensive controller and estimator

tuning for specific operating regimes, limiting their scalability

[15], [16]. In practice, nonlinearities, parameter uncertainty,

degradation, and unmodeled dynamics make accurate model-

ing difficult [13].
Physics-informed machine learning (PIML) aims to com-

bine physical knowledge with data-driven learning to improve

robustness and reduce data requirements [17], [18]. Integrated

workflows based on vibration feature extraction, decision trees,

and extreme learning machines remain largely dependent on

signal-domain statistical descriptors, lack physically inter-

pretable parameter representations linked to the underlying

system dynamics, and are primarily limited to degradation-

state monitoring rather than discrimination of multiple

physical fault types [19]. Physics-informed neural networks

(PINNs) enforce physical constraints during training but can

require careful loss weighting and extensive tuning [20], [21].

Neural network-based observers have also been explored for



nonlinear friction estimation [22], yet generalization under

limited physics knowledge remains challenging [23]. Related

hybrid approaches based on observer residuals and machine

learning can improve diagnostic performance, but often depend

on accurate observer design and multiple sensor signals,

reducing robustness under model mismatch [24].

The preceding discussion highlights that integrating physical

knowledge into machine learning (ML) can reduce dependency

on large labeled datasets while improving physical inter-

pretability. Furthermore, lightweight frameworks that integrate

simplified physical models directly into the feature-generation

process of ML pipelines remain insufficiently explored.

To address this gap, this paper proposes a physics-informed

feature generation strategy for fault classification of elastic

drive systems. An Extended Kalman Filter (EKF) utilizing

the simplified physical system model is used to estimate

physically meaningful parameters such as equivalent inertia

and friction directly from motor-side measurements. These

estimated parameters characterize healthy and faulty operating

conditions and are used to augment conventional signal-based

features for machine learning classification.

The main contributions of this paper are:

• A physics-informed feature generation (PiFG) strategy

that utilizes an Extended Kalman Filter (EKF) with

a simplified physical system model to estimate fault-

sensitive parameters, such as equivalent inertia and

friction, directly from standard motor-side measurements.

• A hybrid fault-classification pipeline that combines

features extracted from raw measurement signals with

features derived from EKF-estimated physical parameters

for supervised machine learning-based fault classification.

• Experimental validation on an industrial belt-drive test-

bench under varying operating conditions and limited

training-data scenarios to evaluate fault classification

capability and cross-condition generalization.

II. INDUSTRIAL DRIVE SYSTEMS

The system considered in this work represents a class of

elastic drive systems commonly used in industrial automation,

where the load is connected elastically (e.g. belt, gearbox) to

the motor. In such systems, mechanical degradation typically

manifests as changes in physical parameters such as friction or

inertia. To describe the dynamic behavior of these systems and

to enable parameter estimation, elastic drives are commonly

modeled as two-mass rotational systems, as illustrated in

Fig. 1. Equations (1)–(4) describe the corresponding system

dynamics:

JMϕ̈M = MM −MM,fric −Mcoupling, (1)

JLϕ̈L = Mcoupling −ML,fric, (2)

Mcoupling = k(ϕM − ϕL) + d(ϕ̇M − ϕ̇L), (3)

Mi,fric = biϕ̇i +Mi,c sgn(ϕ̇i), i ∈ {M,L}. (4)

The two-mass system consists of the motor inertia JM and

load inertia JL, connected by an elastic transmission element

modeled as a spring-damper pair. The angular positions of

the motor and load are denoted by ϕM and ϕL, respectively,

while MM represents the motor torque. The torque transmitted

through the elastic coupling is denoted by Mcoupling and is

described by (3). Friction effects on both the motor and load

sides are modeled using a Coulomb-viscous friction model

consisting of viscous damping b and Coulomb friction torque

Mc, as defined in (4).

MM

JM

ϕM

bM MM,c

Motor

k

d

JL

ϕL

ML,c bL

Load

Fig. 1. Two-mass rotational drive model used to describe the motor-load
dynamics of elastic transmission systems.

Although the two-mass formulation captures the torsional

elasticity of the drive system, in typical industrial motion

profiles, the transmission stiffness k is sufficiently high such

that the torsional deflection remains small and only the slow

rigid-body mode is observable in motor-side measurements

[25]. Consequently, the relative angular deflection satisfies

ϕM − ϕL ≈ 0, allowing the system to be approximated

by a stiff one-mass model. The objective is not high-fidelity

physical simulation, but estimation of fault-sensitive physical

parameters. Therefore, a simplified rigid-body representation

is employed to estimate equivalent physical parameters

directly from motor-side measurements.

This simplification reasonably neglects internal elasticity but

significantly reduces the model complexity. In the resulting

second-order model, the system dynamics are described using

an equivalent inertia Jtotal and combined friction parameters

btotal and Mtotal,c. This simplified dynamic model forms the

basis for the recursive state and parameter estimation used in

the proposed physics-informed feature generation approach.

III. PHYSICS-INFORMED MACHINE LEARNING APPROACH

Motor-side measurements are processed along two parallel

feature generation paths. In the first path, statistical features

are extracted directly from the measurement signals, forming

the data-driven feature vector zmeas. In the second path, an

Extended Kalman Filter based on a simplified physical model

is used to infer fault-sensitive physical parameters. Statistical

features extracted from these estimated parameters form the

physics-informed feature vector zp. Finally, the two feature

sets are concatenated to obtain the combined feature vector

zhybrid = [zmeas, zp], which is used within a supervised

learning pipeline. The resulting hybrid processing pipeline is

illustrated in Fig. 2.
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Fig. 2. Schematic overview of the proposed approach with parallel data-driven
and physics-informed feature generation (PiFG) paths fused for supervised
fault classification.

A. EKF-based State and Parameter Estimation

To enable physics-informed feature generation, an Extended

Kalman Filter (EKF) is formulated based on a simplified rigid-

body equation of motion as:

Jtotalϕ̈M = MM − btotalϕ̇M −Mtotal,c sgn(ϕ̇M) +Md, (5)

where Md is an augmented unmodeled disturbance term. The

estimator processes the available motor-side measurements and

recursively estimates system states and parameters. The EKF

operates on an augmented state vector defined as:

x̂ =
[
ϕM ϕ̇M Ĵtotal b̂total M̂total,c M̂d

]�
, (6)

where ϕM and ϕ̇M denote the motor position and velocity

states, while Ĵtotal, b̂total, and M̂total,c represent the estimated

physical parameters. Finally, M̂d is included as a lumped

disturbance torque. These parameters correspond to physical

parameters and quantities that are directly affected by common

mechanical faults such as increased friction or load imbalance,

and therefore provide fault-sensitive descriptors of the system

condition.

The nonlinear state-space model is formulated in discrete

time as:

x̂k+1 = f(x̂k,uk) +wk, (7)

yk = h(x̂k) + vk, (8)

where f(·) and h(·) denote the nonlinear process and

measurement models, respectively. uk denotes the system

input (motor torque MM), while yk represents the available

motor-side measurements (e.g., angular position ϕM). wk and

vk represent process and measurement noise. These terms are

assumed to be zero-mean Gaussian with covariance matrices

Q and R, respectively, i.e., wk ∼ N (0, Q) and vk ∼ N (0, R).
State and parameter estimation are performed using the

standard EKF prediction and measurement update steps; the

detailed formulation can be found in [26]. The Coulomb

friction term involves the non-differentiable function sgn(·),

a smooth approximation tanh(ϕ̇M/ε) with small ε � 1 is

employed to ensure differentiability during linearization.

The process noise covariance matrix Q models uncertainty

in the system dynamics and slowly varying physical quantities.

The measurement noise covariance matrix R represents the

uncertainty of the motor-side measurements and is chosen

according to sensor characteristics. Both Q and R are

calibrated empirically to ensure stable convergence and

physically consistent state and parameter estimates under

nominal operating conditions.

B. Feature Extraction

The fault classification task is formulated based on statistical

features extracted from time-series signals. Continuous time-

series measurements are segmented into fixed-length, non-

overlapping windows, where the window length N is treated

as a hyperparameter.

The motor-side measurement vector used for feature

extraction is defined as:

xmeas =
[
ϕM ϕ̇M ϕ̈M MM

]� ∈ R
nz , (9)

where ϕM and ϕ̇M denote the motor angular position

and angular velocity, respectively. The acceleration ϕ̈M is

obtained by discrete differentiation of the position signal

followed by first-order low-pass filtering with a time constant

Tf = 0.6ms. The corresponding motor torque is denoted by

MM.

In addition, the EKF provides estimates of the physical

system parameters, forming the parameter vector described as:

p̂ =
[
Ĵtotal b̂total M̂total,c M̂d

]� ∈ R
np . (10)

Thus, a total of nz = 4 measurement signals and np = 4
estimated parameter signals are available. For each signal,

nf = 13 statistical descriptors are extracted from the

corresponding time window.

The extracted features include both time-domain and

frequency-domain descriptors. In the time domain, standard

statistical descriptors are computed to characterize the signal

distribution and amplitude variations . These include measures

of central tendency (mean, median), dispersion (standard

deviation, interquartile range), amplitude bounds (minimum

and maximum), and signal energy (RMS), as well as higher-

order statistics such as skewness and kurtosis to capture

distribution asymmetry and impulsive behavior.

In the frequency domain, features are extracted from the

zero-mean windowed signal using its spectral representation

obtained via the discrete Fourier transform. The spectral

centroid characterizes the dominant frequency content, while

the spectral entropy, computed from the power spectral density

estimated via Welch’s method, quantifies the concentration or

dispersion of spectral energy [27].

Let F(·) denote the feature extraction operator. The data-

driven feature vector is defined as:

zmeas = F(xmeas) ∈ R
nznf , (11)



while the physics-informed feature vector extracted from the

EKF-estimated parameter vector is described as:

zp = F(p̂) ∈ R
npnf . (12)

The final feature vector used for classification is obtained by

concatenating both representations:

zhybrid =
[
zmeas zp

] ∈ R
(nz+np)nf . (13)

For the present study, this results in a feature vector of

dimension zhybrid ∈ R
104. Finally, to ensure uniform scaling

across all inputs for the downstream classifier, all features are

standardized using Z-score normalization.

C. Machine Learning-Based Fault Classification

The fault classification problem is formulated as a su-

pervised learning task mapping the combined feature vector

zhybrid to discrete class labels c ∈ C from the finite class set

C. A Random Forest (RF) classifier is employed to evaluate

the combined feature vector zhybrid. The classifier consists of

an ensemble of Ntree decision trees {gi}Ntree
i=1 , where the final

prediction ĉ is obtained by majority voting:

ĉ = mode{g1(zhybrid), . . . , gNtree
(zhybrid)}. (14)

Hyperparameters, including the number of trees and tree

depth, are optimized via grid search combined with cross-

validation exclusively on the training data. The trained model

is subsequently evaluated on unseen test data to assess

classification performance.

IV. EXPERIMENTAL SETUP

To evaluate the proposed physics-informed condition mon-

itoring approach, experiments were conducted on a toothed

belt-drive testbench shown in Fig. 3. The system is driven

by an industrial synchronous servo motor equipped with an

integrated position encoder. The recorded signals used are

described in equation (9).

Four operating conditions were experimentally induced to

represent fault-free and faulty system states:

• Healthy: fault-free operation;

• Friction (M): increased motor-side friction;

• Friction (L): increased load-side friction;

• Imbalance: eccentric load.

The induced faults in the training and testing experiments

have identical physical magnitudes (e.g., added imbalance

mass or increased friction). The system was excited using

trapezoidal velocity point-to-point trajectories with direction

reversals, representative of standard industrial operation. The

resulting motor velocity ϕ̇M and motor torque MM for a

representative 27 s segment are shown in Fig. 4. The trajectory

comprises motion segments at angular velocity magnitudes of

±34.91, 104.72, 174.53, and 244.35 rad/s.
The training and testing data originate from independent

measurements. Each recording consists of 600,000 samples

acquired at a sampling rate of 1 kHz. For feature extraction,

the recording is partitioned into 24 non-overlapping windows

Motor pulley Toothed belt Variable load pulleyLinear belt tensioner

Fig. 3. Toothed belt-drive testbench.

of 25,000 samples each. This window length ensures that each

window contains multiple motion segments of the excitation

trajectory while maintaining sufficient temporal resolution for

fault detection. The windowing is performed within each run

and therefore does not affect the run-level separation between

training and testing data.
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Fig. 4. Measured excitation trajectory of the belt-drive system.

V. RESULTS

To evaluate the impact of physics-informed feature genera-

tion, two classification models are considered:

• Data-driven baseline: a classifier operating only on

measurement-based features zmeas defined in (11).

• Proposed hybrid approach: a classifier operating on the

augmented feature vector zhybrid defined in (13).

The experimental evaluation focuses on classification per-

formance, data efficiency under limited training data, and

cross-condition generalization.

1) Classification Performance: The resulting classification

performance is summarized in the confusion matrices shown

in Fig. 6. The matrices represent the average prediction results

over 20 independent model realizations, obtained by training

the classifier without fixing the random seed.

The data-driven model exhibits significant class confusion,

particularly for the load-side friction fault, where misclas-

sification occurs across multiple conditions. In contrast, the
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Fig. 5. Probability density distributions of raw sensor measurements (ϕ̇M and
MM) and EKF-estimated physical parameters across different fault conditions
(color-coded) over a 600 s recording. The estimated parameters exhibit
improved class separation compared to the measurement signals.

proposed approach achieves perfect separation across all fault

classes.

This difference can be explained by the distribution of

the extracted features. As shown in Fig. 5, raw motor-side

measurements such as the angular velocity ϕ̇M and motor

torque MM exhibit substantial overlap across different fault

conditions. In contrast, the EKF-estimated parameters form

well-separated clusters, enabling the classifier to establish clear

decision boundaries.

To quantitatively evaluate feature separability, the Fisher

Discriminant Ratio (FDR) [28] was computed for all extracted

features. The FDR measures the ratio between the distance of

the class means and the corresponding within-class variance,

where higher values indicate better class separability. The

proposed physics-informed feature set achieved a significantly

higher average FDR of 244.18 compared to 17.79 for the

motor-side measurement-based features.

2) Data Efficiency: To evaluate this aspect, the available

training windows are progressively reduced while keeping the

test dataset unchanged.

For each training data fraction, windows are randomly sam-

pled from every healthy and fault class to maintain balanced
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Fig. 6. Confusion matrices for the data-driven and proposed models averaged
over 20 realizations.

training sets. Since both the window selection and the classifier

initialization are stochastic, the experiment is repeated over 60
independent realizations to capture the resulting variability in

performance. The resulting data-efficiency behavior is shown

in Fig. 7.
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Fig. 7. Classification accuracy as a function of available training data. Box
plots represent 60 independent realizations.

Even in the most extreme low-data (20%) scenario, the

proposed model significantly outperforms the data-driven

model even when the latter is trained on the full dataset. This

behavior indicates that physics-informed features substantially

reduce the statistical complexity of the classification task. The

data-driven model shows a strong degradation in low-data

regimes, dropping below 50% accuracy when only 20%
of the training data is available. In contrast, the proposed

approach maintains stable performance with minimal variance

down to 40% training data. Since the classifier operates on

low-dimensional physically meaningful parameter descriptors

rather than highly nonlinear raw signal mappings, substantially

fewer training samples are required.

3) Cross-Condition Generalization: The models are trained

at a single angular velocity magnitude and evaluated across

all velocity levels. For each experiment, training is performed

using data from a single velocity magnitude, while testing is

conducted across all four operating speeds. Table I summarizes

the resulting classification performance.



TABLE I
CROSS-CONDITION GENERALIZATION PERFORMANCE

Train Speed (rad/s) Test Speeds Data-driven (%) Proposed (%)

± 34.91 All 31.52 74.21
± 104.72 All 33.84 69.43
± 174.53 All 55.25 84.16
± 244.35 All 44.89 75.27

Overall 41.38 75.77

The data-driven model exhibits strong sensitivity to op-

erating velocity, as motor-side measurement features scale

directly with excitation amplitude. In contrast, the proposed

approach substantially improved generalization performance

across different operating speeds. This behavior can be

explained by the nature of the extracted features. Physical

parameters such as inertia and friction are largely independent

of the operating velocity, whereas signal-based features scale

directly with the excitation amplitude.

VI. CONCLUSIONS

This paper presents a physics-informed machine learning

workflow for condition monitoring of industrial drive systems

with elastic transmissions. By utilizing an EKF within the

PiFG workflow, the approach extracts physically meaningful

parameters only from motor-side measurements. These pa-

rameters are directly related to the underlying mechanical

degradation, enabling the approach to overcome the major

limitations of purely data-driven methods.

Furthermore, the proposed physics-informed features yield

a substantially higher average FDR, ensuring distinct class

separability. Consequently, a marked improvement in fault

classification performance is achieved compared to a purely

data-driven baseline. In addition, the proposed approach

improves robustness under limited training data and increases

cross-condition generalization accuracy from 41.38% to

75.77%. Since the estimated physical parameters are largely

independent of the excitation velocity, the trained classifier can

be transferred more reliably across different operating regimes.

Overall, the results confirm the high potential of feature-

level integration of physical knowledge in machine learning

workflows for robust, transferable, and data-efficient industrial

condition monitoring.
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