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ABSTRACT

Linear electro-mechanical actuators (EMA) are increasingly
being used in various industries due to their multiple
advantages such as energy efficiency and superior
controllability. Despite these benefits, EMAS remain
susceptible to degradation and sudden failures, posing
unacceptable challenges to reliability and safety.

This study identifies key failure predictors in EMAS using
exploratory data analysis (EDA) and local outlier factor
(LOF)-based anomaly detection, applied to run-to-failure
experimental data from controlled tests. These statistical
methods are applied to multiple sets of data from initial and
final phases of the experiments, representing new and
degraded EMA conditions. In EDA, a sliding window extracts
statistical features to compute correlation coefficients across
experimental parameters. Based on the findings of EDA, LOF-
based anomaly detection is performed on the signals with
consistent and most significant deviations in correlation
coefficients. This confirms the anomalies in raw data of these
signals.

Finally, four predictors are identified based on the relative
change in the correlation coefficients of statistical features
which shows a significant and consistent trend. The
significance of these predictors is furthermore confirmed by
LOF-based anomaly detection. The identified parameters are
the standard deviations of the EMA’s load, the electric motor
torque, and the EMA’s velocity, as well as the skewness and
mean of the EMA’s load and velocity.
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| INTRODUCTION

Linear Electro-Mechanical Actuators (EMASs) are an
advancing technology that converts the rotational energy of
the electric motor directly into linear actuation, minimizing
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transmission losses. They are being rapidly adopted in a wide
range of industries such as aerospace and non-road mobile
machinery due to their many advantages such as precise
control, high energy efficiency, and potential for energy
regeneration. Despite these advantages, they are vulnerable to
degradation but also to unforeseen failures, like any other
mechanical system, leading to unexpected downtimes and
safety risks. So far, EMAs lack a common method of health
management and predictive maintenance strategies as
research on these topics is not mature enough (Yin et al.,
2022).

Several health monitoring or life prediction techniques have
been researched for EMAs. A data-driven health monitoring
approach has been proposed using experimental data on a
small EMA case (Previdi et al., 2018). A model-based fault
detection algorithm has been developed for low-power EMA
for the same purpose (Riaz et al., 2019). Whereas a hybrid
technique combining data-driven and model-based approach
is used to take advantage of both the methods to detect the
faults in an EMA (Ismail et al., 2016). An artificial neural
network-based algorithm has been developed for the fault
diagnostic system of an EMA (Balaban et al., 2009). For a
small flight control EMA, a health monitoring method is
studied using experimental data (Mazzoleni et al., 2019).
However, all these studies have been performed with EMAs
of low power capacity. Furthermore, existing studies also use
different signals for predicting failure as there are no key
identifiers reported in the literature.

Moreover, existing research on fault diagnosis, prognosis and
health management approaches highlights several challenges.
Lack of experimental data is one of the key issues for
developing such algorithms. Model-based approaches have
proved to have potential, but they require complex and
detailed dynamic models to accurately represent the operation
of an EMA (Yin et al., 2022.). Additionally, validation of the
models requires great amounts of experimental data, which is
often unavailable. Injections of failures have also been
researched in the aforementioned literature, but natural run-to-
failure data is still lacking. As a result, the fault detection and
predictive maintenance framework for EMAs with high power
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capacity remain underdeveloped due to a lack of studies and
lack of information on the key identifier of failure in these
EMAS, requiring further investigation.

The present paper addresses this research gap by using
comprehensive run-to-failure experimental data of a high-
power EMA, being operated on a demanding duty cycle. The
focus is on finding changes between the initial and final phases
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Figure 1: Overview of the study
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of the measured data in order to identify the key predictors of
failure. The initial datasets correspond to a new EMA,
whereas the final sets represent a worn out or degraded EMA,
just before its unexpected failure.

Figure 1 highlights the overview of the study, where
Exploratory Data Analysis (EDA) and anomaly detection
utilizing Local Outlier Factor (LOF) is performed to identify
potential predictors of failure in an EMA with a high power
and force capability, being operated on a demanding duty
cycle. During the experiments, data from multiple sources
were recorded and key signals of the actuator such as
temperature, torque of the electric motor, and load force were
monitored. Using the results EDA and anomaly detection, key
predictors are identified which show a clear and consistent
trend of degradation of EMA.

This paper is divided into four sections, in which section two
explains the testbench, data acquisition system, and details
about the experiments. Section three elaborates on the
methods of EDA and anomaly detection to identify the
degradation in the available data. In section four, the results of
EDA and anomaly detection are presented, and key predictors
of failure are identified, followed by concluding remarks at the
end.

Il TESTRIG

The long-term run-to-failure experiments with the EMA were
conducted using a seesaw-type testbench, built at Tampere
University for the EM/MAZ2 project. Figure 2 shows the
testbench together with the monitoring user interface. The
load on the EMA is applied by a hydraulic cylinder, controlled
through electronically regulated pressure-relief valves
(PRVSs). The schematic of the hydraulic load side is presented
in Figure 3. The hydraulic power is supplied by a large central
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hydraulic unit in the laboratory, which maintains constant
pressure in the main supply line.

The electronic PRVs, in combination with anti-cavitation
valves, enable the hydraulic load to function as a passive
brake, regardless of the moving direction of the EMA. As the
EMA moves, pressure accumulates in the opposing chamber
of the hydraulic cylinder, resisting motion. This resistive force
increases until pressure exceeds the cracking pressure of the
PRV.

Load actuator
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Figure 3: Schematic of hydraulic loading side

Another PRV with a 20-bar cracking pressure is installed in
the tank line to maintain sufficient back pressure in the main
line, ensuring that it overcomes the pressure drop across the
anti-cavitation valves. Additionally, the hydraulic system
includes PRVs for passive safety, preventing excessive
pressure build up in case of faults in the actively controlled
electronic PRVs.

The test EMA in question is a ball screw-type actuator driven
by an electric servomotor. The main parameters of the
components in testbench are listed in Table 1.

Table 1: Main parameters of components

Component Main Parameters

Hydraulic Load Cylinder 150/80-550 mm

Electric Drive Rated Voltage 400 V
Current Rating 35A
Peak Current 70 A

Electric Motor Rated Speed 3000 rpm
Rated Torque 37 Nm
Rated Power 11.62 kW

Peak Torque 231 Nm

Tested EMA Max Force 150 kN
Max velocity 100 mm/s
Stroke 500 mm

Passive PRV Cracking pressure 260 bar

Electronic PRV Max pressure 350bar,

Max flowrate 120 I/min

Tank line PRV Cracking pressure 20 bar
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Throughout the testing, data is gathered from multiple points
on the testbench. On the EMA, five temperature sensors
monitor the surface temperatures at different locations.
Additionally, the electric drive continuously records the
speed, position, and torque of the electric motor. The position
and speed of the electric motor are scaled to correspond to the
motion of the EMA.

On the hydraulic load side, cylinder chamber pressures and the
force of the cylinder are measured. The force is recorded with
a 250 kN load cell, capable of measuring both compression
and tension. To validate the load cell readings, pressure sensor
data is used to calculate the hydraulic cylinder force. For
safety reasons, the hydraulic cylinder position is monitored to
prevent the EMA from reaching its stroke limits and causing
unintended failures due to position drift.

For data logging and testbench control, a dSpace
MicroLabBox is used, alongside MATLAB Simulink and
Beckhoff TwinCAT software. Control tasks are shared
between dSpace and TwinCAT: dSpace manages the
hydraulic load, while TwinCAT controls the electric motor of
the EMA. Ultimately, dSpace is also responsible for recording
all the signals.

Unfortunately, logging additional signals from the electric
motor required the use of its dedicated software, which only
allowed data logging for a limited duration. This restriction
made it unsuitable for continuous, unsupervised testing.
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Figure 4: Tested duty cycle of EMA

The duty cycle used in the experiments was designed in
collaboration with project partners and is shown in Figure 4.
It consists of an aggressive push-and-pull sequence that
pushes the EMA to its limits. Within the cycle, the actuator is
driven to its maximum speed of 100 mm/s. Additionally, the
actuator operates under a heavy load of approximately 95 kN.
The actuator stroke is constrained to a section in the middle of
its maximum range. While the testbench is capable of
regenerative experiments via a proportional valve, the selected
duty cycle is not regenerative, and such experiments were not
conducted.
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Since the test rig and surrounding ambience lacks an active
cooling system, it heats up quickly during continuous
operation. Internal temperatures cannot be directly measured,
but overheating must be prevented. To manage heat buildup,
a 20-second pause is included after each cycle, allowing the
heat to transfer from internal components, such as the ball nut
and screw, to the surface where the temperature is monitored.
Additionally, testing is automatically paused if the surface
temperature exceeds normal operating limits. The system
resumes operation once the actuator cools down to safe
operating conditions. Furthermore, safety measures were
implemented to ensure human safety during unsupervised
experiments.

I METHODOLOGY

To evaluate degradation between the initial and final phases
of the experiments, two methods were applied. The first
method, EDA, examines the data, its statistical features, and
their changes over time. The second method, anomaly
detection, calculates anomaly scores for different datasets
using LOF.

This study focuses on demonstrating that anomalies in data
exist and highlighting their potential usefulness for predicting
upcoming failures and future work, particularly in developing
advanced predictive maintenance strategies.

3.1 Exploratory Data Analysis

In EDA, recorded signals from the measurements are studied
in greater detail. Various statistical features are extracted, and
their relationships are explored using correlation coefficients.
Since the volume of recorded data is too large to analyze
entirely for the present study, the focus is kept on three
selected datasets that compare the initial and final phases of
the experiments:

Set 1: First 100 cycles vs. last 100 cycles

Set 2: Second 100 cycles vs. second-to-last 100
cycles

Set 3: Third 100 cycles vs. third-to-last 100 cycles
The pictorial representation of these sets can also be seen in
Figure 1, whereas one full cycle is shown in Figure 4. Further
in this paper, the compared sets are always the same to ensure
comparability.

The first step of EDA is applying a sliding window technique
to extract statistical features of the signals. A sliding window
of approximately two cycles is applied to all datasets. Next,
various statistical features are computed for each sliding
window, including:

Standard deviation (STD)

Mean

Skewness

The final step of EDA is computing correlation coefficients
between the statistical features of different recorded signals.
Spearman’s rank correlation coefficient is used to evaluate
how well a monotonic function describes the relationships
between variables, making it suitable for nonlinear data
(Spearman, C., 1904). It is equivalent to Pearson’s linear
correlation coefficient applied to rankings of the columns X,
and Yp (Kendall, M. G., 1948). Pearson’s linear correlation
coefficient rho(a,b) is defined as:
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where X, and Yy, are values of two variables, X, and Y, are
their means, and n is the number of data points. In this study,
n is equivalent to the number of data points in each column
after statistical feature extraction. If all the ranks in all
columns are distinct, the Spearman’s correlation coefficient
simplifies to:

_6X d?
n(n2-1)

rho(a,b) =1 2

where d is the difference between the ranks of the two
compared columns. As a result, the correlation coefficient
‘rho’, can range from -1 to 1 where a value of 1 indicates
perfect positive correlation and -1 indicates perfect negative
correlation. Value of 0 indicates no correlation at all.

During correlation analysis, p-values are computed along
correlation coefficients to assess the statistical significance of
the correlation coefficients. These p-values indicate the
likelihood that an observed correlation is due to chance. P-
values higher than 0.05 indicate that the correlation could be
due to chance.

The process of the described EDA is conducted for all three
sets to ensure that the results are not random occurrences but
consistent patterns. The results, presented in Section IV,
highlight these trends.

3.2 Anomaly Detection

Anomaly detection is the identification of data points that
deviate from the expected data points within the dataset. In
this study, anomaly detection is performed using the LOF
method and by comparing data from the initial and final
phases of the experiments by using the defined data sets.
Typically, the results of anomaly detection are presented as
binary classification — either an anomaly exists or not.
However, this approach is not always feasible, particularly in
cases where an actuator or system degrades gradually over
time. Defining strict limits or thresholds for anomalies can be
challenging in such scenarios. Instead of assigning a fixed
“healthy” or “faulty” label, LOF provides a degree of outlier-
ness, offering insight into the degradation process rather than
a rigid classification (Breunig et al. 2000).

In short, anomaly scores are calculated in the following way:

lrdg (o)
lrd(p)

1
LOF(p) = ool YoeN,(p) ®)

where Irdq denotes the local reachability density of an
observation, Ng(p) represents the k-nearest neighbors of
observation p, and |N, (p)| is the number of observations in
Nk(p). Furthermore, the local reachability density of an
observation is calculated as follows:
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ZaeNk(p) (i(p,o)

trde(p) = 1/ =\ o

(4)

where d,(p,0) is the reachability distance between
observations p and o, defined as:

&k (p! 0) = max (dk (0)' d(P: O)) (5)

where dy is the ki smallest distance among the distances from
observation o to its neighbors, and d(p,0) is the distance
between observations p and o. (Breunig et al. 2000.)

Usually, for the data points or objects that have normal
behavior, the result of LOF is an anomaly score of 1. The
longer the distance to the center of a cluster of data points, the
higher the anomaly score becomes. In this case, higher
anomaly scores indicate degradation.

Using the information from EDA, LOF is performed with the
raw data of signals that showed potential in EDA, from the
beginning of the experiments to get baseline anomaly scores
from a factory-new actuator. Next, LOF is performed using
the same signals for data from the final stages of the
experiments. New anomaly scores are compared to see the
effect of degradation. In case anomaly detection of single data
points is necessary, a threshold for the anomaly score can be
defined from the highest anomaly score at the beginning of the
tests. However, this kind of strict classification might be
challenging and application dependent, thus out of scope of
this study.

IV RESULTS

The methodology presented in the previous section can detect
changes in actuator data before its unexpected failure. EDA
reveals consistent trends across all compared datasets, which
may indicate degradation. Similarly, anomaly detection
effectively identifies differences between the datasets,
highlighting potential signs of degradation. In this section,
detailed results of both methodologies are presented, followed
by the identification of the key predictors of failure.

4.1 Results of Exploratory Data Analysis
Through EDA, statistical features were extracted from the
recorded data, as explained in the preceding sections.
Measurements from the initial and final phases of the
experiments were compared. In total, four distinct trends were
identified in the results.

Examining the correlation of standard deviation, which is
presented in Figure 5, reveals two key trends. First, the
standard deviation of load and torque shows high correlation
according to the equations presented in Section 3.1 which
decreases significantly throughout the experiments. Load
force is the loading force on the EMA provided by the
hydraulic cylinder as described in Section Il, while torque
refers to the resulting torque on the electric motor. Second, a
similar decline is observed in the correlation between the
standard deviation of the load and the velocity of the EMA. In
both cases, the weakening correlation coincides with the
degradation of the actuator over time.
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The third trend appears in the correlation of skewness between
load and velocity, which also exhibits a decreasing pattern and
is presented in Figure 6. Unlike the previous two trends, the
initial correlation between the parameters is not very
significant, but as the correlation turns from positive
correlation into negative correlation, the change becomes

relatively significant. Finally, analyzing the correlation of

mean values, which is presented in Figure 7, shows that the
relationship between the means of load and velocity decreases
consistently across all compared sets. While the trends remain
stable across the sets, the exact numerical values may vary.
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Figure 7: Correlations of mean

Across all the trends, the correlations between parameters
exhibit a weakening pattern, although the magnitude of
change varies, the overall trend remains consistent. The EDA
process was applied to all recorded data. However, only the
most notable and promising results are presented.
Additionally, p-values for correlation coefficients were
calculated for all presented results. Since the p-values did not
indicate randomness in the correlation calculations, they have
not been included in this paper.

4.2 Results of Anomaly Detection

Based on the results from EDA in section 4.1, anomaly
detection was performed with raw data of load and torque,
which is presented in Figure 8, and the raw data of load and
velocity, presented in Figure 9.

Utilizing LOF for data from the initial and final phases,
anomaly scores were obtained for both cases. The LOF

process was repeated for the three sets described earlier,
utilizing two different signal combinations. The y-axis
represents the probability that a data point belongs to a bin of
a certain range of anomaly scores on the x-axis. Here a bin
represents a range of values into which data points are grouped
to visualize the distribution of a dataset.
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Figure 8: Results of anomaly detection using load and
torque
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In the figures, the y-scale is logarithmic due to the low
probabilities of anomalies in the compared data. In all sets,
low anomaly scores dominate. However, in studied cases, the
data from final phases of testing has always reached relatively
high anomaly scores.

Although the probability of such data points occurring is low,
the overall likelihood of reaching higher anomaly scores than
the highest score from the initial phase of the testing is
significant, especially when compared to the initial test data.
Overall, in the degraded data, the probabilities of data points
falling into different bins are more spread out, whereas in the
healthy data, the distribution remains concentrated in lower
scores. In other words, there are data points that have varying
distances from the cluster of ‘healthy’ data points according to
the equations presented in section 3.2.

Occasionally, data from the beginning of the tests also reached
high anomaly scores, though with very low probability.
Another significant difference is that anomaly scores increase
substantially within the last two hundred cycles. While the
highest scores in Set 2 remain below 60, in Set 1, they exceed
80. This pattern is not observed between Set 2 and Set 3.

In both cases, the differences between initial and final data are
significant, thus confirming the significance of findings in
section 4.1.

4.3 Identifying Key Predictors of Failure

Building upon the results of the EDA and LOF-based anomaly
detection presented in Sections 4.1 and 4.2, the key predictors
of failure in the EMA are identified. As EDA quantifies the
deviation in statistical features of Load vs. Torque and Load
vs. Velocity signals, anomaly detection further confirms these
trends. The relative change in the correlation coefficient of
EDA is calculated to consolidate the findings and identify the
key predictors.

Out of the nine combinations of correlation in statistical
features of the signals presented in 4.1, only four are found to
show a consistent and homogeneous trend. The rest of the five
signals are either not significant in relative change, or the trend
is not consistent, and thus are considered unreliable and
discarded. The four key predictors selected are shown in Table
2, with relative changes in correlation coefficient.

Table 2: Key predictors with relative change in
correlations coefficient

Set 1 Set 2 Set 3
STD of Load vs
Torque -57.6% - 36.5% -46.7%
STD of
Load vs -16.8% -77.8% -41.8%
Velocity
Skewness of
Load vs -396.7% -101.1% -99.9%
Velocity
Mean of
Load vs -64.3% -35.9% -44.6%
Velocity

133

In table 2, while the relative change may appear large, the
focus should be paid on their consistency of the trends. In table
2, the negative sign represents the decrease in the relative
correlation coefficient, suggesting that the correlation between
the respective signals is degrading over time. These results
suggest consistent patterns of degradation of the EMA,
indicating that these metrics could serve as early key
indicators for EMA health monitoring. Furthermore, their
consistency across different datasets highlights their potential
for a reliable Al-based predictive maintenance strategy in the
future.

CONCLUSION

This paper presents an analysis using Exploratory Data
Analysis (EDA) and Local Outlier Factor (LOF)-based
anomaly detection on comprehensive run-to-failure
experimental data from an electro-mechanical actuator. EDA
was performed using a sliding window approach to extract
statistical parameters, and compute correlations among them.
In LOF-based anomaly detection, non-binary anomaly scores
were computed for load force and electric motor torque, and
load force and EMA velocity based on the results of EDA.
Results of anomaly detection confirmed the findings of EDA.
By combining results from both methods, key predictors of
failure are identified which shows a consistent and
homogeneous trend.

In conclusion, four key predictors were identified based on the
relative change in the correlation coefficient, each exhibiting
a significant and consistent decreasing trend. These finding
were confirmed with LOF-based anomaly detection. The
identified parameters include the standard deviations of the
EMA’s load, the electric motor torque, and the EMA’s
velocity, as well as the skewness and mean of the EMA’s load
and velocity.

These findings are significant for the development of
predictive maintenance strategies for EMAs. As the predictive
maintenance algorithms can be made focusing on these
specific predictors. Future work could focus on studying how
the signals evolve throughout the entire experiments or
applying Al-based anomaly detection methods using the
identified predictors. By studying the evolution of the signals
throughout the whole lifecycle, setting thresholds for fault
detection could be more feasible.
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