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Abstract

In industrial machine learning applications, changing environmental and operating conditions signifi-
cantly reduce the robustness and predictive quality of machine learning models, leading to performance
drops under domain shifts. Interpretable machine learning algorithms based on physically meaningful
features allow us to build models that are more robust to data distribution shifts. However, for significant
domain shifts, the model should be able to adapt to the novel domain to avoid a performance decrease.
Especially in industrial settings, the influences of external sources are hard to control. This study utilizes
a novel approach to represent interpretable machine learning algorithms as deep neural networks, en-
abling transfer learning to adapt to novel domains. In this study, an interpretable machine learning algo-
rithm comprising feature extraction, feature selection, and classification was developed to predict the
condition of a roller bearing using accelerometer data. The novel approach demonstrates the ability to
adapt the model via transfer learning to a new, unseen rotational speed with only 32 new transfer sam-
ples. While keeping information from the source domain out, the novel approach increases the model's

accuracy from 77.6% to 100% in the unseen operating condition.
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1. Introduction

Reliable bearing diagnostics are essential for
ensuring the safety, efficiency, and longevity of
rotating machinery in a wide range of industrial
applications. The degradation of roller bearings
directly affects overall system performance and
maintenance costs [1]. The introduction of Pre-
dictive Maintenance (PM) and Condition Moni-
toring (CM) based on Machine Learning (ML),
along with appropriate sensors, enables effi-
cient and reliable diagnosis of bearing condi-
tions [2]. However, data-driven approaches like
ML are sensitive to variations in the underlying
data, which may result from changing opera-
tional or environmental conditions [3]. This is
particularly relevant for roller bearings, which of-
ten operate under varying loads, speeds, and
unpredictable environmental conditions. Devel-
oping diagnostic models that can adapt to these
new domains with minimal additional data is
therefore a key challenge for achieving robust,
scalable PM. An approach to building robust
and interpretable ML models is to use Feature
Extraction (FE), Feature Selection (FS), and
Classification (C) algorithms (FESC) [4]. These
algorithms are based on physically interpretable
features and have proven to achieve robust pre-
dictions in several applications [3]. Especially
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on unseen data, the FESC model shows relia-
ble performance. Nevertheless, when FESC
models face significant domain shifts, they lack
transferability to new, unseen domains, without
building a new model from scratch with data
from the novel domain. This results in a high-
effort collection of new datasets from the target
domain to build a novel trained model.

In the field of Deep Neural Networks (DNNs),
Transfer Learning (TL) has emerged as a pow-
erful strategy to address this challenge [5]. TL
enables knowledge learned from an initial do-
main to be effectively reused in a related target
domain by fine-tuning the initial model. How-
ever, in industrial environments interpretable
and trustworthy ML models are required to
avoid unwanted false predictions. The “Black-
Box” nature of DNNs with very limited interpret-
ability and their limited robustness often prevent
their use in industrial environments [6].

For this purpose, a novel approach to represent
the inference of interpretable FESC models as
DNN (IDNNRep) was recently introduced [7].
Primarily, this approach enables the implemen-
tation of FESC inference after offline training on
generic Al accelerators, thereby reducing infer-
ence time and leading to a more energy-effi-
cient implementation [8]. Furthermore, this
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approach allows combining the interpretable
and robust characteristics of FESC models with
recently available TL techniques from the field
of DNNs to adapt models to new and unseen
domains with a small number of transfer sam-
ples.

This study investigates the retraining of specific
parts of an FESC model using IDNNRep to
adapt to new, unseen operating conditions of a
roller bearing, while preserving the interpretable
nature and physical meaning of the engineered
features. For this purpose, data from a roller
bearing testbed are investigated by varying the
testbed's rotational speed to create domain
shifts.

2. Methods

2.1 Data

The paper investigates a roller bearing testbed
designed to assess the robustness of ML mod-
els. Figure 1 shows the testbed to collect the
dataset. The dataset [9], [10] contains data from
a triaxial accelerometer collected from dam-
aged and undamaged roller bearings at a sam-
pling frequency of 20 kHz. Three roller bearings
were tested at four different mounting positions
within three separate runs. Each run contains
four force levels, each operated at four distinct
operational speeds. Thus, the complete dataset
contains 1151 measurement files, each contain-
ing a one-minute measurement from the three-
axis accelerometer for a specific combination of
covariates. In this study, only the accelerometer
axis vertical to the shaft is used. The covariate
variations are shown in Table 1.

Table 1: Covariates for the testbed included
in the dataset

Parameter Quantity Values
Bearing 3 B10, B20, B30
Damage State 2 S,;lnoa::l)aDn:;ri%Ze
Run 3 R1, R2, R3
Position 4 PA, PB, PC, PD
Force Level 4 0, 1600, 2500,
[N] 3000
Rotational 4 85, 392, 706,
Speed [rpm] 969

Table 1 also highlights the importance of da-
taset variability, when investigating ML models
in the context of domain shifts in industrial ap-
plications. By trying to capture most of the vari-
ability of a complex system, the dataset and the
experimental design become significantly
larger, often resulting in incomplete coverage of
that variability. This study focuses on the chang-
ing rotational speed, which represents one pos-
sible change in the operating condition. The in-
troduced dataset allows keeping variations as
small as possible by changing only the rota-
tional speed. This preserves the influence of dif-
ferent variations without disturbing the model,
allowing it to focus on predicting damage at the
defined operating rotational speed.

Figure 1: Roller bearing testbed with triaxial accelerometer
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2.2 IDNNRep

The IDNNRep represents the inference equa-
tion of a trained FESC algorithm using DNN lay-
ers. For that purpose, the inference equation of
the FESC algorithm is broken down into basic
mathematical operations, such as addition, sub-
traction, multiplication, and division, as well as
DNN-specific operations, such as convolution
and pooling. The FESC algorithm, which is used
to predict the roller bearing condition based on
the data of an accelerometer, consists of the fol-
lowing parts and is included in the LMT Toolbox
[11]:

e Best Fourier Coefficient (BFC): The
BFC algorithm calculates the amplitudes
and phases of the spectrum for each in-
put time series and returns the 10% of
amplitudes with the highest average ab-
solute value and their corresponding
phases. The 10% represent a suitable
trade-off between a low approximation
error and a low number of features [12].

e Pearson Correlation: The Pearson cor-
relation algorithm calculates the linear re-
lationship between the extracted features
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and the target. The number of features to
keep was defined to 20[4].

e Linear Discriminant Analysis and Ma-
halanobis distance classifier (LDAMa-
hal): The LDAMahal algorithm first per-
forms a linear projection of the feature
space into the lower-dimensional LDA
[13] subspace. After performing the LDA,
the Mahalanobis distance [14] to each
class center is calculated. The algorithm
then classifies the input data based on
the smallest calculated Mahalanobis dis-
tance.

Each part of the described FESR algorithm can
be represented as a DNN; the detailed descrip-
tion is provided in [7]. The final FESR algorithm
is then simply a concatenation of the layer
graphs for each part. As shown in Figure 2, the
final IDNNRep can be represented with the
basic mathematical layers. This IDNNRep lays
the foundation for the following TL to adapt the
model to a novel domain.

2.3 Transfer Learning

Especially in industrial applications, environ-
mental and operating conditions can change,

Addition Layer
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SQRT Layer
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Figure 2: IDNNRep of the FESR algorithm

23. ITG/GMA-Fachtagung Sensoren und Messsysteme 2026 422



10.5162/sensoren2026/M2-2.4

resulting in significant domain shifts. To avoid a
decrease in model performance, it is necessary
to retrain the underlying ML model to the novel
domain. Besides data-based transfer tech-
niques, especially TL, have shown significant
benefits when domain shifts occur. This study
focuses on the change in the operating condi-
tion of a roller bearing. When the rotational
speed changes, the ML model that predicts the
roller bearing's damage state experiences a sig-
nificant domain shift. The goal is to retrain the
IDNNRep of the FESR model using a small
number of samples from the new domain to
adapt to it, as shown in Figure 3.

For this purpose, an initial model was trained on
accelerometer data at 706 rpm and 969 rpm and
subsequently tested on 50% of the 396 rpm
data, which were held out as validation data. To
minimize data variation, only one roller bearing
was used. Also, the other covariates, run (R1),
position (PA), and the force level (0 N), were
kept constant. After training the initial model, it
is converted to an IDNNRep, and only the Fea-
ture Selection IDNNRep (one fully connected
layer) part is retrained on a data subset from the
target domain at 396 rpm. This allows us to re-
tain information from the initial domain and fine-
tune only a small number of parameters for the
new domain.

3. Results and Discussion

To demonstrate the significance of the domain
shift, a short investigation of the data is shown.

For that purpose, a Principal Component Anal-
ysis (PCA) is calculated based on the extracted
features of the BFC. Figure 4 demonstrates the
clear separation between the three rotational
speeds. It also shows a clear separation be-
tween the damaged and undamaged data. As
this study focuses on transferring an interpreta-
ble ML model to a new domain, this data shows
good characteristics for such a problem.

To test the retraining of the IDNNRep, 50% of
the data at 396 rpm is left out during training.
These data are used to test the initial model and
compare this with the retrained IDNNRep on the
new domain. For retraining in the new domain,
the amount of transfer samples was subse-
quently increased. The number of transfer sam-
ples investigated in this study was 0 (initial
model), 8, 16, and 32. For retraining, all learna-
ble parameters of the IDNNRep were frozen,
except the weights and biases of the fully con-
nected layer, which represent the FS. This layer
was trained with an initial learning rate of 1073
and a learning rate drop of 0.9 for 10 epochs.
Table 2 lists the testing results of the initial
model and the TL of the IDNNRep, with N de-
noting the number of samples used for finetun-
ing. The initial model still achieves acceptable
performance on an unseen operating speed
with an accuracy of 77.6%, again demonstrat-
ing the robustness of FESC models under do-
main shifts. However, in most industrial applica-
tions an accuracy of 77.6% would be too low for
reliable bearing diagnostic.

Initial Data
with 706 rpm and 969 rpm

=

Interpretable ML Algorithms |

LDA-Mahalnobis
LDA with following
Mahalnobis distances
calculation

Best Fourier
Coefficients
Extracts the relevant
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) 4
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Figure 3: Design of Experiment for retraining the IDNNRep
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Figure 4: Standardized PCA of BFC Features

Retraining the initial model as an IDNNRep with
8 transfer samples already increases accuracy
by 15.7% to 93.3%. This demonstrates a signif-
icant improvement compared to the initial
model. Increasing from 8 transfer samples to 16
achieves an accuracy to 95.4%, an increase of
only 2.1% compared to the retrained IDNNRep
with 8 transfer samples. Using 32 transfer sam-
ples, the IDNNRep achieves 100% accuracy
and yields the best possible result under the
tested conditions.

Table 2: Validation Accuracy

Accuracy
(Testing)
Initial Model (N = 0) 77.6 %
TL (N=8) 93.3%
TL (N=16) 95.4 %
TL (N=32) 100 %

4. Conclusion and Future Work

This study demonstrates a novel approach for
model-based transferability for interpretable ML
models. With the introduction of the IDNNRep,
it is possible to retrain an initial interpretable ML
after a significant domain shift. Even with only 8
transfer samples, TL increases the initial mod-
el's accuracy from 77.6% to 93.3%. By including
32 transfer samples, the model achieves 100%
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accuracy, demonstrating the significant im-
provement of the new approach.

This demonstrates that the presented approach
can be used to adapt interpretable ML models
to novel domains, which presents an important
challenge in the field of Machine Learning.
Since this study focuses on a relatively simple
domain shift, future investigations should in-
clude more complex domain shifts, also includ-
ing additional covariates from the dataset. Addi-
tionally, more effective TL strategies and addi-
tional hyperparameter tuning offer the potential
for further improvements.
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