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Abstract

Some defects in industrial machines and pipe systems can be
detected by experts based on acoustic events. The previous
success in speech recognition motivates the ongoing
development of machine learning methods for industrial
acoustic measurements. This contribution introduces a
concept to detect air leakages at piston rod seals of pneumatic
drives at a low cost and with small dimensions. It describes
how these leakages can be detected with machine learning.
For this approach, MEMS microphones are installed close to
the seals, and their leakages are predicted by extracting
interpretable features and using a supervised regression
method. The use of MEMS microphones offers economic and
integrative advantages. The first focus of this investigation
lies on the interpretability of the results, which motivates the
use of a supervised “Feature Extraction, Selection, and
Regression” (FESR) approach. Extracting physically
meaningful features followed by feature selection provides
tools for interpretability. The second focus lies on the
robustness of the method. Due to individual damages,
quantitatively identical leakages may appear differently in the
measurement data. This should enable broad applicability in
the field.

I. Introduction

There are various options and use cases for leakage detection.
Detecting pressure drops in (water) pipe systems [1,2], using
gas sensors [3], simulating acoustic leakage detection [4], and
performing acoustic detection with different sensor types [5-
9]. Those sensor types are vibration sensors in [5], acoustic
cameras in [6], acoustic emission sensors in [7,8], and a single
microphone in [9]. This work aims to detect air leakages at
piston rod seals of pneumatic drives at a low cost and with
small dimensions. Therefore, a MEMS microphone is used.

Looking for ways to understand the results [10-12] motivates
the use of supervised “Feature Extraction, Selection, and
Regression” (FESR) [13,14]. Especially extracting physically
meaningful features with a following supervised feature
selection provides tools for interpretability [15]. Lastly, the
robustness against individual drives is considered to return a
more realistic statement about the applicability in the field.

I1. Design of Experiment

A. Measurement Setup

Measurements were conducted on pneumatic drives whose
piston rod seals were manually damaged. The goal was to
detect the amount of air leakage in I/h using a MEMS
microphone and a regression method stack.

502

Data with different amounts of leakages and applied pressures
were collected to meet the statistical requirements and achieve
robustness against physical influences. In addition, 13
individual drives of the type DSBC32 were used for the
measurements.

On top of the cylinders, a MEMS microphone was installed
on the side of the piston rod seal (compare Fig. 1). For every
individual drive, the piston rod seal was manually damaged to
various degrees, with some remaining undamaged. The
resulting leakage was measured afterwards as the target value
for a supervised regression.

Leakage only occurs as long as there is pressured air between
the piston and the piston rod seal. As soon as the drive is
moving, the sound of the leakage is masked. Even during
operation, the drive would rest at the turning points for a short
period. Therefore, the measurements were conducted with
resting drives with retracted piston rods as depicted at the
bottom of Figure 1.

B. Influencing Parameters

The strongest influence is considered to be the manual
damaging of the 13 individual drives. Because of the
limitations in experiment design, each seal of each drive is
related to its leakage as the damaging of the seal remains the
same throughout the experiments. So, more than 20 different
pressure levels between 4 and 8 bar were applied for every
drive. To explore the potential of these measurements,
ambient noise has not been considered so far.

I11. Method

A. Raw Data Analysis

The sound of leakages is comparable to “S”-like sounds in
speech and singing and is known to occur around 7 kHz and
higher (De-Essing, [16]). So, when the band from 7 kHz to 12
kHz is plotted for all measurements in the order of increasing
leakage, a trend of increasing amplitude can be observed
(compare Fig. 2).
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Figure 1: Measurement Setup Schematic [17].



This behavior is a good basis for further analysis. It is to be
noted that leakages could also show characteristic behavior in
other frequency bands. Faults in the labeling process can mess
with that behavior quickly, as previous investigations indicate
[17].

B. Feature Extraction, Selection, and Regression (FESR)

To be able to interpret the physical meaning behind the
machine learning models, the FESR method is used. It means,
that physically meaningful features are extracted and selected
from the raw data. Finally, a regression method is applied to
return the resulting model and its prediction (compare Fig. 3).

Following the suggested open-source toolbox in [13,14],
different methods are used and benchmarked to find the most
suitable combination of methods for this application.

1) Feature Extraction:

For the feature extraction, five methods were used and
compared:

Adaptive Linear Approximation (ALA) [13,14]
Best Daubechies Wavelet Coefficients (BDW) [13,14]
Best Frequency Coefficients (BFC) [13,14]

e Statistical Moments (Moments) [18]

Time Frequency Extractor (TFEXx) [15, 19]

The TFEx is explained here, as it will later be a core
component for the interpretability of the results (Fig. 4). The
TFEx extracts statistical features from linearly divided time
segments and frequency bands. The interpretability of the
results is physically discussed by visualizing the best
extracted feature (Ch. IV.B, Fig. 5).

With this approach, backtracking of resulting features to their
originating time and frequency segments as well as their
physical interpretation is possible (compare [15] for a more
detailed description of the TFEx).

2) Feature Selection:
For the feature selection, two methods were used and
compared:

e Pearson Correlation [20]

e Recursive Feature Elimination Support Vector

Regression (RFESVR) [21]
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Figure 2: Waterfall Plot of amplitude spectra of all recorded data
with observations ordered by ascending leakage.
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Figure 3: FESR schematic.
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Figure 4: TFEX functionality [15].

One of the RFESVR's tasks here is reducing redundancies that
can occur with the high amount of features generated by the
TFEx.

3) Regression:

For the regression, three methods were used and compared:
Partial Least Squares Regression (PLSR) [22]
Artificial Neural Network (ANN) Regression [23]

Support Vector Regression (SVR) [24]

Here, the PLSR is highlighted, as its strength is a low risk of
chance correlation which is beneficial for data knowingly
showing a correlation to the target. That helps the goal of
making the prediction rely on that correlation instead of any
unknown phenomena.

C. Validation

Finally, a very important part of the analysis is the type of
validation that is used for the models. As discussed in II. B.,
the main influencing parameters that require robustness are
pressure and individual drives. For those, a group-based
“Leave One Group Out” (LOGO) [25] Cross Validation (CV)
[26] will be used. So, there will be three different types of
validations for this application:

1) 13-Fold Random Cross-Validation
2) LOGO Cross-Validation for Pressure
3) LOGO Cross-Validation for Individual Drives

The random cross-validation gives a general idea about the
statistical robustness of the model, while the LOGO cross-
validations give an idea of how robust the model is against
changes in the applied pressure or measuring a different
device of the same type. For the pressure validation, four
groups are chosen from 4 to 8 bar with a range of 1 bar for
each group. For the drive validation, all 13 drives are
considered as a single group, so that always a complete device
is excluded from training and used for validation.
Additionally, a test dataset is used by a random holdout of
10% of the data.
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IV. Results

A. Benchmarking: Best Model

The methods described in Chapter III were combined to FESR
stacks and compared using the best normalized root mean
square error (NRMSE) for each validation type. The
normalization factor is max-min of the target (leakage in 1/h).
The best results for each validation type are shown in Table
1. For comparability reasons, R? is also given here.

The results have a lot in common. The train and the test errors
are the same for all three results, which makes sense as the
data and the methods (feature extraction, selection, and
regression) are identical. For the validation of individual
drives, the error (9.59 %) is higher than the other two (7 - 8
%), suggesting that handling new individual drives is harder
than handling pressure changes and being robust against
random variations (random cross-validation).

B. Model Interpretation: Best Features

As the feature extraction and selection of the best model are
the same for all validation types, interpreting the ranked
features applies to all of them. The best feature was identified
as the RMS value of the amplitude spectrum between 15 kHz
and 20 kHz of the period of 0.5 sec to 1 sec. This feature is
shown in Figure 5 and was scaled to the target (leakage in I/h).
The resulting feature has a similar trend as the target which is
comparable to the observations made in Fig. 2. Still, there are
three noticeable deviations.

First of all, the feature has a lower slope and an offset in the
range of low leakages than the target. Especially low leakages
seem to not differ much in emitted sound pressure levels
making them hard to distinguish from one another. Between
observations 200 and 270, the feature is volatile, and in the
area of observation 280 to 300, a peak occurs. This indicates
that the corresponding leakages are not well represented in
this feature. Therefore, the addition of further features (from
different frequency bands) shall be beneficial.

Table 1: Best Results for the Three Validation Types

Regressor | Training | Test Method | Test Validation Method Validation | Validation
NRMSE [%] NRMSE %] NRMSE %] | R*
RFESVR PLSR 283 Random 5.49 13-fold 725 0.8
Haoldout 10% (Random cross-validation)

Random
Haldout 10%
Random
Heldaut 10%

TFEx

TFEx RFESVR PLSR 283 5.49 4 Pressure Groups 7.96 0.88

(LOGO cross-validation)

TFEx RFESVR PLSR 283 549 13 Drives Groups 959 083
(LOGO cross-validation)

Best Feature: RMS, 0.5 - 1 sec, 15 -20 kHz
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Figure 5: Best feature and target over observations sorted by

leakage increasingly; RMS in spectrum 15 kHz to 20 kHz (of
period 0.5 sec to 1 sec).
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The second-best feature originates from the band 10 kHz to
15 kHz and the eighth and ninth-best feature from the band 20
kHz to 25 kHz. Those are both in the expected frequency
range for “s” and “’sch” sounds. The best and second-best
features are in the audible range of most humans.

C. Validated Prediction: LOGO CV Individual Drives

The most interesting result is the cross-validated prediction
for the 13 individual drives, as they achieved an NRMSE of
9.59 %, which means that a leakage at the piston rod seal of a
drive that is unknown to the model can be detected with that
error. As that is a cross-validated value, the possibility of a
single drive being unpredictable remains. However, Fig. 6
shows that the general trend of the prediction matches the
target line. The two differences that were present in the best
feature (comp. Fig. 5) can be observed in the prediction. There
is a low slope in lower leakage ranges, a volatile area between
observations 200 and 270, and a peak in the area of
observations 280 to 300. However, the general trend, even in
the LOGO drive validated prediction, matches the target even
better than the best feature, which indicates that the use of
multiple features is helpful.

V. Discussion

In laboratory conditions, air leakages at piston rod seals of
pneumatic drives can be detected at close distances (a few
centimeters) using MEMS microphones and machine
learning. However, two main challenges remain.

The first challenge lies in detecting low leakages (< 50 1/h)
because of their low signal amplitude. The second challenge
is the presence of various noise influences in the field, which
will be a very impactful factor for the realization of
measurement systems and respective analysis methods.

Additionally, the robustness of models to different types of
drives is to be determined. All the measurements were con-
ducted with the type DSBC32. An NRMSE of 9.59 % for the
LOGO drive validated prediction is a very satisfying result.
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