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Abstract. 
Early fault detection in pneumatic systems is crucial for the prevention of unnoticed energy 
losses, high energy costs and system failures. According to various estimates, up to 40% of 
current compressed air consumption can be saved by locating and eliminating leaks. An 
increasing number of solutions for leakage detection have therefore been proposed in recent 
decades, which, however, are often cost-intensive, require the use of several additional 
sensors and cannot be transferred to other machines without extensive customization, 
leading to their low prevalence in industrial practice of cost-sensitive pneumatics. 

This paper proposes a transferable fault detection method for pneumatic linear drives using 
only one pressure sensor per drive. By integrating neural networks and feature-based 
classification techniques, the method achieves up to 92.5% classification accuracy on the 
test dataset. For this purpose, extensive measurement data was generated for various systems 
and fault scenarios. Data features were extracted in the time and frequency domain using 
Python's “tsfresh” library and ranked using various feature selection methods such as 
recursive feature elimination or mutual information. Several classification methods, 
including Naive Bayes and k-nearest neighbors, were examined and compared with other 
classification methods such as neural network and cycle time-based fault detection. In this 
way, a real-time fault detection and localization method can be developed without 
interrupting machine operation to perform test cycles. 

Keywords. Energy efficiency, compressed air systems, pneumatics, pneumatic actuators, 
fault detection, condition monitoring, energy loss, leakage, friction 

1. INTRODUCTION 
1.1. Current State 

Compressed air is widely used as a practical and easily controllable energy source across 
many industrial applications. Pneumatic systems are regarded as cost-effective, durable, and 
environmentally sustainable automatization solutions capable of operating in demanding 
environments and relatively simple to install and maintain. However, one of the main 
drawbacks of pneumatic systems is their relatively high energy consumption. This has led 
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to increased research efforts focused on improving their energy efficiency and developing 
reliable fault detection methods. Studies have shown that up to 40% of the energy used in 
pneumatics could be saved through more efficient system design and operation [1]. 

To realize this potential, several strategies are being pursued in science and industry. 
Primarily, these include demand-based sizing of components such as actuators, pipes, and 
compressors, as well as energy-saving circuits [2-7]. In parallel, there is growing attention 
on condition monitoring and fault detection systems. Recent studies [8,9] indicate that 
research on fault detection in pneumatic systems has grown considerably in recent years.  

However, while many of the proposed approaches achieve reliable fault detection, they often 
require the integration of multiple additional sensors, making them economically impractical 
for pneumatic systems with numerous actuators [10]. Around 60% of the fault detection 
methods analyzed in [8,9] depend on the integration of multiple sensors to detect faults, e.g. 
several pressure and volume flow signals. Such solutions might provide more information 
and enable fault localization, but they are often not cost-effective for many companies, 
which limits their use in industry. Moreover, proposed monitoring concepts are often 
designed for a specific machine, requiring the methods and identified signal patterns to be 
extensively adjusted before being applied to a different system. 

1.2. Commercially Available Fault Detection Solutions 

In pneumatic drive systems, leakage and increased friction are the main sources of energy 
loss [11]. Detecting faults is challenging due to the robustness of pneumatic drives, which 
often remain functional even with severe issues like major leaks. Increased friction, caused 
by seal wear or uneven piston loads [12], is also hard to detect as it does not directly increase 
air consumption. At the same time, addressing leakages can save up to 40% of air 
consumption [1,13]. For this reason, numerous fault detection systems for pneumatic drives 
are available on the market; however, they still present several limitations. 

Festo’s Motion Terminal (VTEM) offers a “Leakage diagnosis” application that performs a 
diagnostic test cycle to measure leakage volume flow based on cylinder volume, hose length, 
and pressure drop, halting operation during the test [14]. Similarly, the Festo MSE6-E2M 
device [15] and other systems such as [16] detect leaks by monitoring pressure drops in a 
blocked state or by using flow rate limits. However, such solutions lack fault localization 
without additional data such as valve actuation signals. 

Ultrasonic leak detection allows testing without interfering with the system by using portable 
devices to sense air turbulences, but is less effective in large or hard-to-reach networks and 
cannot be used in operating systems due to exhaust noise [17-19]. Thermography is also 
conceivable, but requires expensive cameras and fails in complex machines where the 
pneumatic actuators are covered by other parts [20]. 

Friction from piston or guide wear is usually detected by monitoring pressure changes 
(which in general can also indicate leaks) or using special test rigs, which are not suitable 
for live systems [21]. High-frequency vibration analysis can identify increased friction 
during operation, but requires advanced equipment and protection [22,23]. 

Another monitoring concept that does not incur any additional costs, can be used during 
operation, and is therefore potentially suitable for industrial use is known as cycle time-
based fault detection. The concept, first presented in [24] and expanded in [25,26], involves 
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using proximity (reed) switches as soft sensors to detect deviations in the extension and 
retraction times of the pneumatic drive and to draw conclusions about possible fault sources. 
This allows faults within the pneumatic drive to be precisely localized. However, this 
approach is partially limited when monitoring highly dynamic drives with a pneumatic 
frequency ratio of Ω < 1.5 according to [27]. 

1.3. Pressure-Based Fault Detection and Summary 

The outlined state of the art indicates the demand for monitoring methods in pneumatic drive 
technology that can be applied across different systems and detect and localize faults during 
operation with minimum number of sensors. Such a low-cost and widely applicable 
approach based on cycle time was presented in [24,25], but it still has limitations in terms 
of distinguishability in some use cases. This paper therefore introduces another online 
method that uses the differential pressure signal (i.e., the difference between current and 
reference pressure) captured by a single sensor per drive and evaluated with various pattern 
classification techniques. 

Pressure-based fault detection in pneumatic cylinders has been previously studied before 
(e.g., [23,28]), focusing mainly on analyzing pressure signals and a limited set of features 
such as min-max values or kurtosis. Moreover, the transferability of classifiers to different 
cylinder geometries or tasks as well as the influence of the sensor placement have rarely 
been examined. In the dissertation [11], the effects of three fault types (external/internal 
leakage and friction) on 32 algebraic features defined by the author, such as pressure 
difference and mean value, were analyzed using a pneumatic welding gun. This method 
requires prior training using a validated simulation model of the target system, which limits 
its direct transferability to other applications. 

In his dissertation [10], Dierolf uses pressure, pressure difference, and flow signal and 
examines 49 features, selecting 4 for online fault detection in a pneumatic machine at 18 Hz 
sampling rate for pressure sensors. While the method can be applied to other machines 
without retraining, it has limitations, such as requiring non-overlapping actuator actions. The 
classification accuracy in the tested example averaged 39%. Another dissertation by Klein 
[29] demonstrates the potential of using novelty scores and machine learning for fault 
detection in a single servopneumatic welding gun with high accuracy (up to 100%). Unlike 
the standard pneumatic drives examined in this paper, such systems typically include 
multiple sensors (e.g., several pressure sensors and a position sensor), which simplifies fault 
detection. Nevertheless, significant challenges were observed, including difficulty detecting 
increased friction and pronounced domain shifts when operating parameters change. These 
shifts can potentially make trained classification models ineffective, requiring recalibration 
of the fault detection system. 

The aim of this paper is therefore to explore a broader range of time- and frequency-domain 
features for fault diagnosis of pneumatic cylinders, compare feature-based classification 
with neural networks and the cycle time-based method, and evaluate their applicability 
across different pneumatic drives and for different positions of a single pressure sensor per 
drive. 
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2. FAULT LOCALIZATION  
Table 1 outlines the typical fault locations in pneumatic linear drive systems considered in 
the paper. 

Table 1. Typical faults in pneumatic drive systems. 
Fault Definition and examples 

External 
leakage 

Air leakage from the actuator into the environment (locations a)-b) in 
Figure 1). Possible causes: 
 Mechanical damage to the hose or hose aging; 
 Damaged/worn cylinder wiper; 
 Loosened/damaged push-in fittings. 

Internal 
leakage 

Interchamber leakage (location c) in Figure 1). Possible causes: 
 Damaged/worn cylinder piston sealing. 
 Piston detachment from the rod 

Increased 
friction 

Additional external force (location d) in Figure 1). Possible causes: 
 Damaged/worn cylinder piston sealing and/or wiper; 
 Changed friction conditions of mechanical components (e.g., guide wear 

or contamination). 

Figure 1 illustrates potential fault locations in a standard pneumatic drive with meter-out 
throttling. To detect the faults from Table 1 with minimal amount of sensors, different 
positions for the single pressure sensor position shown in Figure 1 (placements 1) and 2)) 
are proposed. 

 
Figure 1. Considered single pressure sensor positions 1) and 2) within a pneumatic drive 

and potential fault locations a)-d) with corresponding exemplary patterns in pressure 
difference signals when measured at sensor position 1) 

The basic idea behind monitoring the linear drive presented here is to observe the piston-
side pressure pA continuously or periodically. This involves comparing the reference 
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pressure profile recorded once after commissioning and setup with the repeatedly measured 
current pressure profile. This results in differential pressure profiles Δp = pA,Curr – pA,Ref 

 

exemplary shown in Figure 1a-e, the shape of which is to be classified for fault detection 
and localization. 

In the case of leakage in line A, a clear permanent deviation from zero is observed during 
the standstill in the cylinder’s extended state. Corresponding deviations also occur during 
extension and retraction due to the changed movement time. The deviation is more 
pronounced during the return stroke, where leakage A accelerates motion due to the quick 
exhaust effect (see [25]). 

Leakage in line B and increased friction also lead to a deviation in extension and retraction 
times, visible as distinct peaks in the differential pressure signal. Internal leakage alters the 
pressure profile more severely, leading to significant distortions in the differential pressure 
signal. In the reference case, by contrast, deviations from zero are absent or minimal, 
occurring only due to sensor noise or operating fluctuations. 

3. USE CASES 
For the classification training, measurement data corresponding to fault-free and faulty 
scenarios was generated on the test bench shown in Figure 2 using the Festo DSBC-32-200-
PPV-A (piston diameter 32 mm, stroke 200 mm) and the Hoerbiger R6025/50 (piston 
diameter 25 mm, stroke 50 mm) double-acting differential cylinders. Leaks were introduced 
at the locations shown in Figure 1 using additional throttles, as illustrated in Figure 2. 
Increased friction was simulated with a Festo DSBC-L-50-200-PPV-A pneumatic cylinder 
(without compressed air supply) mechanically coupled to the guide of the test cylinder. 

 
Figure 2. Test bench for pneumatic linear drives 

To cover a broad range of operating conditions, the training data parameters were varied 
according to Table 2. The leakage throttle openings were adjusted to generate two leakage 
rates (20 l/min and 40 l/min under normal conditions). Throttles connected to the atmosphere 
at the load cylinder ports were used to generate additional counterforces, representing fault 
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conditions equivalent to increased friction in the test cylinder. The applied throttle settings 
resulted in two mean counterforce levels of approximately 20 N and 40 N. These additional 
force levels were not determined for every operating point of the test cylinder, since the 
objective was to impose two distinctly different load magnitudes. 

The examined drive tasks represent a classic motion task in which a load mass is moved 
between two positions (load cases 1-1 and 1-2 according to [7]). No pressing or mixed 
motion-pressing tasks were considered. Approx. 120 pressure profiles per data set were 
recorded, evenly split between fault-free and faulty cases shown in Figure 1, resulting in 
about 3000 pressure profiles for training at a 1000 Hz sampling rate. The effect of sampling 
rate on classification is discussed in Chapter 5. 

Table 2. Training data set parameters for pneumatic linear drives 

# 
Piston 

diameter 
(mm) 

Stroke 
(mm) 

Hose 
length 

(m) 

Operating 
pressure 
(bar abs.) 

Transition 
time (ms) 

Load 
mass 
(kg) 

Pneum. 
frequency 
ratio (-) 

1 

25 50 

5 7 450 11 1.0 
2 0.5 7 250 12 1.2 
3 0.5 6 500 12 2.3 
4 5 6 470 10 1.0 
5 0.5 6 500 6 3.2 
6 0.5 7 500 12 2.5 
7 5 7 800 6 2.4 
8 0.5 6 250 12 1.1 
9 5 7 250 0.25 3.7 
10 5 6 800 6 2.2 
11 5 6 250 0.25 3.4 
12 0.5 7 500 6 3.5 
13 

32 200 

0.5 6 300 12 1.2 
14 5 7 800 6 3.3 
15 5 7 600 6 2.5 
16 0.5 7 600 12 2.6 
17 0.5 7 600 6 3.6 
18 5 6 690 8 2.2 
19 5 6 800 6 3.0 
20 5 6 700 25 1.3 
21 0.5 6 600 6 3.4 
22 0.5 7 300 12 1.3 
23 5 7 700 27 1.4 
24 0.5 6 400 6 2.2 

The test data in Table 3 was collected to evaluate the classification methods on tasks 
involving different cylinder geometries and previously unseen operating parameters. Four 
leakage levels (15, 25, 30, and 40 l/min) and two friction levels (20 and 40 N) were applied. 
In addition to the pressure signal, cylinder motion times were recorded in the PLC to enable 
comparison with the cycle time-based method in the final evaluation step. 



 6 

conditions equivalent to increased friction in the test cylinder. The applied throttle settings 
resulted in two mean counterforce levels of approximately 20 N and 40 N. These additional 
force levels were not determined for every operating point of the test cylinder, since the 
objective was to impose two distinctly different load magnitudes. 

The examined drive tasks represent a classic motion task in which a load mass is moved 
between two positions (load cases 1-1 and 1-2 according to [7]). No pressing or mixed 
motion-pressing tasks were considered. Approx. 120 pressure profiles per data set were 
recorded, evenly split between fault-free and faulty cases shown in Figure 1, resulting in 
about 3000 pressure profiles for training at a 1000 Hz sampling rate. The effect of sampling 
rate on classification is discussed in Chapter 5. 

Table 2. Training data set parameters for pneumatic linear drives 

# 
Piston 

diameter 
(mm) 

Stroke 
(mm) 

Hose 
length 

(m) 

Operating 
pressure 
(bar abs.) 

Transition 
time (ms) 

Load 
mass 
(kg) 

Pneum. 
frequency 
ratio (-) 

1 

25 50 

5 7 450 11 1.0 
2 0.5 7 250 12 1.2 
3 0.5 6 500 12 2.3 
4 5 6 470 10 1.0 
5 0.5 6 500 6 3.2 
6 0.5 7 500 12 2.5 
7 5 7 800 6 2.4 
8 0.5 6 250 12 1.1 
9 5 7 250 0.25 3.7 
10 5 6 800 6 2.2 
11 5 6 250 0.25 3.4 
12 0.5 7 500 6 3.5 
13 

32 200 

0.5 6 300 12 1.2 
14 5 7 800 6 3.3 
15 5 7 600 6 2.5 
16 0.5 7 600 12 2.6 
17 0.5 7 600 6 3.6 
18 5 6 690 8 2.2 
19 5 6 800 6 3.0 
20 5 6 700 25 1.3 
21 0.5 6 600 6 3.4 
22 0.5 7 300 12 1.3 
23 5 7 700 27 1.4 
24 0.5 6 400 6 2.2 

The test data in Table 3 was collected to evaluate the classification methods on tasks 
involving different cylinder geometries and previously unseen operating parameters. Four 
leakage levels (15, 25, 30, and 40 l/min) and two friction levels (20 and 40 N) were applied. 
In addition to the pressure signal, cylinder motion times were recorded in the PLC to enable 
comparison with the cycle time-based method in the final evaluation step. 

 7 

Table 3. Test data set parameters for pneumatic linear drives 
# Piston  

diameter  
(mm) 

Stroke 
(mm) 

Hose  
length  

(m) 

Operating 
pressure 
(bar abs.) 

Transition 
time (ms) 

Load 
mass 
(kg) 

Pneum. 
frequency 
ratio (-) 

1* 50 200 1.5 7 470 31 3.8 
2** 40 400 1.5 7 560 0.85 18.2 
3 25 50 1.5 7 380 21 1.0 

* Festo DSBC-L-50-PPV-A low-friction cylinder with adjustable pneumatic cushioning 
** Festo DSBC-40-400-PPSA-N3 cylinder with self-adjusting pneumatic cushioning 

4. PATTERN CLASSIFICATION 
4.1. Feature-Based Classification Models 

The basic procedure for training machine learning models for pattern classification is shown 
in Figure 3.  

 
Figure 3. Pipeline for feature-based machine learning in Python 

The collected raw measurement data series were singularized so that one file corresponds to 
a double stroke of the pneumatic cylinder, aligned and scaled to a uniform signal length of 
1024 points. Next, the features of the data sets were extracted using the Python library 
“tsfresh”, which extracts 783 features from the time and frequency domains for each profile. 

In a further step, four classification models with different combinations of feature selection 
and classification methods shown in Table 4 were trained and evaluated. The combinations 
were selected based on established best practices in pattern recognition and machine 
learning. Filter-based feature selection methods such as ANOVA F-test, mutual information, 
and ReliefF are widely used with classifiers that do not perform intrinsic feature weighting, 
including Gaussian Naive Bayes and k-nearest neighbors [30-32]. Recursive feature 
elimination was combined with a linear support vector machine for classification, following 
the methodology proposed by Guyon et al. [33]. 

The training was done using a stratified group k-fold cross-validation with five folds, in 
which folds were defined by the experimental datasets from Table 2. This ensures that all 
measurements from the same datasets are assigned to either the training or the validation set, 
but never split across both (e.g. 1st fold contains datasets 1-5, 2nd fold contains datasets 6-10 
etc.) to realistically estimate the performance of the classifier during the training. Within 
each fold, preprocessing included normalization of all extracted features to the interval [0;1] 
using min-max scaling and removal of non-informative features via variance thresholding. 

Feature extraction
tsfresh: time and frequency
domain, information entropy, etc.

Feature selection
SelectKBest: ANOVA F-Test, 

ReliefF, Mutual Information
Recursive feature elimination

Classification
Gaussian Naive Bayes
Support vector machine
k-nearest neighbors

Input
Raw measurement data
Rising edge aligning
Uniform time scaling

Output
Confusion matrix
Accuracy assessment
AUC
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Table 4. Combinations of feature selection and classification methods applied in Python for 
the classification models. 

Model 
# Feature selection method Classification method 

1 ANOVA F-test from SelectKBest Gaussian Naive Bayes (GNB) 

2 
Recursive feature elimination (RFE) 
with feature ranking via linear 
support vector machine (SVM) 

Linear support vector machine 
classifier (SVM) 

3 ReliefF from SelectKBest k-nearest neighbors (kNN) with 20 
neighbors 

4 Mutual information-based feature 
selection from SelectKBest (MI) 

k-nearest neighbors (kNN) with 20 
neighbors 

The predictive performance of each combination was evaluated on the test data set presented 
in Table 3, which was not used during training and is therefore unknown to the classifier. 
Performance was assessed using accuracy and the area under the receiver operating 
characteristic curve (AUC). The average AUC across all classes indicates how effectively 
the classifier distinguishes between the different classes. 

The described procedure was conducted once for the pressure sensor placement at the 
cylinder (variant 1) and once at the way valve (variant 2) as shown in Figure 1. In each case, 
the extension part of the pressure profile and the entire pressure profile (extension and 
retraction) were examined separately in order to compare performance. 

4.2. Neural Network 

Another method examined for classifying the pressure profile of the component involves 
neural networks. Similar to Chapter 4.1, the training data was aligned, scaled to a uniform 
signal length of 1024 points, filtered, and fed into a neural network for training in the 
MATLAB environment. The proposed neural network comprises 13 layers in total, 
including 5 learnable layers: three convolutional layers (1D-CNN) followed by a 
bidirectional long short-term memory layer (BiLSTM) and a fully connected layer. This 
allows both local patterns and their global temporal ordering to be captured in the pressure 
difference signal. The structure of the neural network is presented in Table 5. 

The 1D convolutional layers are used as a feature extractor, enabling the detection of 
characteristic local patterns such as pressure slopes, inflection points, and short-term 
oscillations that arise from fault events. Their dilation by applying dilation factors of 1, 2, 
and 4 is used to progressively increase the temporal receptive field of the network while 
preserving the original time resolution of the signal. This three-stage design represents the 
minimal depth required to capture local, intermediate, and extended temporal structures 
without excessive model complexity. Further convolutional layers were avoided, as global 
temporal dependencies are subsequently modeled by a bidirectional LSTM layer. 

The bidirectional LSTM layer models long-term temporal dependencies and explicitly 
encodes the temporal order of signal components by processing the sequence in both forward 
and backward directions. This is particularly important for fault patterns that are similar in 
amplitude but differ in the order of positive and negative pressure lobes. The final fully 
connected and softmax layers map the learned representation to class probabilities, while 
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oscillations that arise from fault events. Their dilation by applying dilation factors of 1, 2, 
and 4 is used to progressively increase the temporal receptive field of the network while 
preserving the original time resolution of the signal. This three-stage design represents the 
minimal depth required to capture local, intermediate, and extended temporal structures 
without excessive model complexity. Further convolutional layers were avoided, as global 
temporal dependencies are subsequently modeled by a bidirectional LSTM layer. 

The bidirectional LSTM layer models long-term temporal dependencies and explicitly 
encodes the temporal order of signal components by processing the sequence in both forward 
and backward directions. This is particularly important for fault patterns that are similar in 
amplitude but differ in the order of positive and negative pressure lobes. The final fully 
connected and softmax layers map the learned representation to class probabilities, while 
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the dropout layer mitigates overfitting. Leaky ReLU activations are employed to preserve 
information contained in negative signal components and to ensure stable gradient 
propagation. 

The final network depth and parametrization was determined through empirical validation. 
Investigations on the test dataset confirmed that a three-stage convolutional block provided 
the optimal balance between sufficient receptive field coverage and generalization 
capability. 

Table 5. Neural network structure  
# Layer Description and Parametrization 
1 Sequence input layer 6 input values 

2 1D convolutional layer Local temporal patterns extraction with unchanged time 
length; 64 filters, kernel size 7, dilation factor 1 

3 Layer normalization Normalization of activations for training stabilization 
4 Leaky ReLU Activation function with negative slope 0.1 
5 1D convolutional layer 64 filters, kernel size 7, dilation factor 2 
6 Leaky ReLU Activation function with negative slope 0.1 
7 1D convolutional layer 64 filters, kernel size 7, dilation factor 4 
8 Leaky ReLU Activation function with negative slope 0.1 

9 Bidirectional LSTM 
layer 

128 neurons, forward and backward detection of time 
dependencies, output taken from the last time step 

10 Dropout layer Dropout rate 0.5 for regularization against overfitting 

11 Fully connected layer Maps the 256-dimensional feature vector to 5 output 
nodes 

12 Softmax layer Output of class probabilities 
13 Classification layer Loss function calculation and final classification 

The following six values or features were used as input: 

 Normalized pressure difference signal: The original signal is normalized by the 
global standard deviation σ of all training data  

 First derivative of the normalized signal 
 Positive portion of the normalized signal. 
 Negative portion of the normalized signal  
 Order feature: A binary feature indicating whether the first positive peak of the 

signal occurs before the first negative peak. 
 Area ratio: The ratio of the area under the positive signal portions to the area under 

the negative signal portions 

In addition to the normalized pressure difference signal, five auxiliary inputs are provided 
to embed prior pattern knowledge directly into the learning process of the neural network. 
The first derivative is intended to improve sensitivity to rising and falling edges. The positive 
and negative signal portions explicitly encode asymmetric pressure behavior, which is 
characteristic of different fault locations shown in Figure 1. The order feature and area ratio 
also directly represent physically meaningful distinctions observed in the patterns, such as a 
pressure increase followed by a decrease during extension vs. the inverse sequence 
demonstrated in Figure 1b) and d). Their direct specification through auxiliary inputs 
simplifies training and classification, as such relationships do not have to be implicitly 
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recognized or derived by the neural network. Together, this multi-channel representation 
improves class separability, accelerates convergence, and enhances robustness against 
variability in real pneumatic systems. 

Similar to the classification models in Chapter 4.1, the performance of the neural network 
was evaluated based on accuracy and AUC for two different pressure sensor positions (at 
the cylinder vs. at the valve) as well as for two different sections of the pressure profile 
(extension vs. full stroke). 

5. RESULTS 
5.1. Performance of Feature-Based Classification Models and the Neural Network 

After applying the fault classification methods described in Chapters 4.1 and 4.2 to the test 
data set from Table 3, which was previously unknown to the classifiers, their performance 
was compared for the different sensor positions and pressure signal sections. Figure 4 and 
Figure 5 provide an overview of the accuracy and AUC of the feature-based classification 
models depending on the number of features in comparison to the neural network. 

The neural network and feature-based classifiers showed comparable performance. The 
highest test accuracy (92.5%) was achieved by model #3 (ReliefF with k-NN) using full-
stroke signals with 50 features and pressure measured at the cylinder (Figure 4c). The 
accuracy drop above 100 features across different classifiers indicates overfitting due to 
feature redundancy. Model #2 (RFE with SVM) was also highly effective, achieving neural-
network-level accuracy and AUC across all settings with only five features. Using RFE, the 
following “tsfresh” features describing global and local changes in amplitude, periodicity, 
and frequency content were selected for full-stroke classification with pressure measured at 
the cylinder: 

 longest_strike_below_mean: Length of the longest continuous sequence of 
values below the mean value. 

 sum_of_reoccurring_data_points: Sum over all repeated observations in the 
time series (i.e., data points that occur more than once) in the time series. 

 fft_coefficient__attr_"angle"__coeff_77: Phase angle of the Fourier 
coefficient at coefficient index 77. 

 fft_aggregated__aggtype_"skew": Skewness of the frequency spectrum. 
 agg_linear_trend__attr_"intercept"__chunk_len_10__f_agg_"var

": Measures how much the baseline level of the signal (intercept of a linear trend) 
fluctuates between consecutive segments of length 10. 

The highest accuracy was obtained when measuring the pressure directly at the cylinder. 
Measuring pressure at the valve reduced accuracy on average by about 11% for the extension 
stroke and 8% for the combined extension and retraction. This reduction is likely due to 
varying hose lengths, which cause more diverse pressure signals for the same fault scenarios, 
whereas cylinder measurements lead to more uniform patterns. 

The inclusion of the return stroke (i.e., evaluation of the full stroke) increased the accuracy 
of the pattern classification by approx. 4.2% for the pressure measurement at the cylinder 
and by 6.4% for the pressure measurement at the valve the compared to the variant with 
extension only. 
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Figure 4. Classification accuracy of the neural network and feature-based models as a 

function of the number of features, pressure sensor location, and pressure signal segment: 
(a) cylinder, extension; (b) valve, extension; (c) cylinder, extension + retraction; (d) valve, 

extension + retraction. 

 
Figure 5. Area under the receiver operating characteristic curve (AUC, average value for 
all classes) of the neural network and feature-based models as a function of the number of 
features, pressure sensor location, and pressure signal segment: (a) cylinder, extension; (b) 

valve, extension; (c) cylinder, extension + retraction; (d) valve, extension + retraction. 

Figure 6 shows the influence of the sensor's sampling rate on accuracy and AUC for two 
selected classification methods (RFE+SVM with 5 features vs. neural network) when 
measuring extension and retraction pressure profiles at the cylinder. As can be seen, it is 
possible to reduce the sampling rate from the original 1000 Hz to 100 Hz without significant 
loss of accuracy. However, further reduction of the sampling rate leads to reduced accuracy. 

 
Figure 6. a) Accuracy and b) area under the receiver operating characteristic curve (AUC, 
average value for all classes) of neural network and classifier RFE+SVM with 5 features 

depending on the sampling rate of the pressure sensor; pressure measurement at the 
cylinder, extension and retraction 
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5.2. Comparison with Cycle Time-Based Method 

Finally, the cycle time-based method described in [25] was also applied to the test data set 
from Table 3. Figure 7 presents the confusion matrices for the selected feature-based 
classification method and neural network when measuring extension and retraction of the 
cylinder and compares them with the confusion matrix of the cycle-based method.  

The differentiability between the classes is comparably good both for the feature-based 
method and for neural network methods, with the feature-based classifier in Figure 7a being 
better at recognizing the error-free state of the cylinder. The cycle time-based method in 
Figure 7c, on the other hand, encountered difficulties when detecting and localizing minor 
external leaks of 15 l/min and/or external leaks occurring in the hose between the directional 
control valve and the throttle valve. Such leaks are particularly difficult to localize, as they 
often result only in a slight deviation in the cylinder's movement time. Detecting the smaller 
counterforce increase of 20 N was also problematic. This results in a lower accuracy of the 
cycle time-based method (74%) compared to the feature-based classifier (90%) and neural 
network (87.5%). 

 
Figure 7. Confusion matrices for test data using different classification methods: a) RFE + 

SVM (5 features), cylinder pressure, extension + retraction; b) neural network, cylinder 
pressure, extension + retraction; c) cycle time-based method 

6. CONCLUSIONS 
This paper presents a fault detection method based on a single pressure sensor per drive 
combined with various classification techniques. The results show that only a few features 
are sufficient to detect and localize different fault scenarios with high accuracy (up to 92.5% 
on the test dataset). Using five features selected by recursive feature elimination and 
classified with the k-nearest neighbors algorithm, 90% accuracy was achieved. The 
developed neural network, consisting of three convolutional layers and a bidirectional long 
short-term memory layer, delivered comparable results. This represents a significant 
improvement over the cycle time-based soft-sensor method from [25], which achieved 
72.4% accuracy on the same test data set. The broad applicability of the method was also 
confirmed: while training was conducted on cylinders with piston diameters of 25 and 32 
mm, the test was performed on other cylinder sizes (40 and 50 mm) and/or under other 
operating conditions. 

b) c)a)

Accuracy: 90.0%; AUC: 94.3% Accuracy: 74.0%; AUC: 83.8%Accuracy: 87.5%; AUC: 97.1%
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However, the method described here still has certain limitations. The current study is 
restricted to standard horizontal motion tasks. For broader applicability, future work should 
examine further load cases (e.g., considered in [7]) such as pressing tasks. The training data 
for various load scenarios and operating conditions can also be obtained through simulation 
to increase generalizability. Moreover, the method currently requires a pause between 
extension and retraction cycles and should be extended to continuous-motion applications. 
High pressure-sensor sampling rates between 100 and 1000 Hz are also necessary to achieve 
the reported accuracy; reducing the rate to 10 Hz decreased accuracy from 90% to 74.2%. 
The retrofit with pressure sensors also incurs additional costs that may exceed the cost of 
the proximity switches. This can be mitigated e.g. by using lower-cost sensors such as 
Micro-Electro-Mechanical Systems (MEMS) pressure sensors or by their mass production 
for integration into pneumatic actuators or valves. 

Despite these constraints, the proposed method shows strong potential for deployment in 
typical industrial drive applications. It could be implemented in retrofittable monitoring 
modules at the cylinder using microcontrollers or mini-PCs, or in valve terminals already 
equipped with pressure sensors, such as the Festo VTEM, enabling fault detection during 
operation without dedicated diagnostic cycles. 
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