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Abstract

The running-in phase of hermetic reciprocating compressors is characterized by slow, non-
stationary changes in operational signals and is commonly assessed using empirically
defined test durations or manually defined indicators. From a data-analysis perspective,
this constitutes a feature extraction problem, as informative temporal patterns might be
identifiable from long and noisy time series acquired during operation. This paper inves-
tigates the use of Long Short-Term Memory (LSTM) networks as a data-driven feature
extraction mechanism for running-in analysis based on electrical current and vibration
measurements. LSTM-based sequence encoding is used to transform raw time-series seg-
ments into compact representations that summarize their temporal structure and enable
discrimination between running-in and steady-state regimes, as well as characterization of
intermediate conditions in the learned feature space using a multilayer perceptron. Model
structure, input configuration, and segmentation parameters are selected through an opti-
mization procedure under weak supervision. Experimental results show that the extracted
LSTM features capture consistent temporal signatures of running-in across different com-
pressor units, with one unit exhibiting outlier behavior in latent space analysis. The results
support the use of recurrent neural networks for noninvasive running-in assessment in
rotating machinery and related condition monitoring tasks.

Keywords: LSTM; feature extraction; running-in; hermetic reciprocating compressors

1. Introduction
Time series measurements acquired from industrial systems often exhibit informative

temporal structures within short observation windows. In such cases, relevant information
is encoded in the ordering and dynamics of the signal rather than in isolated samples or
static summary statistics. Models that can extract features from finite-length sequences
without relying on handcrafted descriptors are therefore of interest in a wide range of ap-
plications [1–3]. This setting is typical in industrial testing scenarios, where high-frequency
measurements are acquired periodically and analyzed as independent realizations of the
system behavior. High-frequency data are often recorded over short time intervals in
regular time steps [4]. Although successive measurements may be treated independently,
the temporal structure within each window can still reflect underlying conditions.
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One application in which such analysis is relevant is the assessment of the running-in
phase of mechanical systems, which corresponds to the initial stage of their service life.
Although the literature describes methods for modeling this phenomenon, most studies
focus on simplified tribological systems rather than complex machinery [5,6]. A relevant
case study of running-in estimation and modeling is in hermetic reciprocating compressors,
as the phenomenon affects frictional conditions and internal losses, and its correct identifi-
cation is required by international standards to ensure repeatable performance tests [7,8].
Due to the sealed construction of these devices, the completion of running-in is usually
inferred using empirically defined operating times, which do not account for variability
between compressor units [9].

Some classic works have proposed the indirect estimation of running-in using sta-
tistical features extracted from the current and vibration in machinery [10,11]. However,
due to the many moving parts and the nature of compressor operation, the influence of
running-in on these signals may be subtle and may not appear as a distinct event, but
rather as changes in the temporal structure of the measured time series [12,13]. Some recent
studies have proposed using data-driven methods, such as unsupervised ensembles and
semi-supervised classifiers, but these methods are still based on handcrafted statistical
features and, as such, are not able to capture the temporal dynamics of the measured data.

Long short-term memory (LSTM) networks are commonly used for sequence modeling
and feature extraction in time series analysis [14]. By means of gated recurrent units, LSTMs
can learn temporal dependencies within fixed-length sequences and produce compact rep-
resentations of their dynamic behavior. When applied to independent time series segments,
LSTMs act as nonlinear temporal feature extractors, capturing short- and medium-range
dependencies without assuming long-term temporal continuity between successive seg-
ments [15]. These networks are used in state-of-the-art methods for evaluating health
and behavior in complex machinery, suggesting a high potential for extracting features
from measurements that might help in modeling the running-in behavior of reciprocating
compressors [2,3,16].

In this work, an LSTM-based framework is proposed to extract running-in-related
features from operational time series acquired during compressor tests. Each measurement
window is treated as an independent multivariate time series and processed by an LSTM
network to learn features that describe its internal temporal dynamics. A weakly supervised
formulation with a multilayer perceptron (MLP) is adopted, in which only the early and
late operating periods are labeled, allowing the model to associate changes in within-
window dynamics with progression toward steady-state operation. The proposed approach
provides a data-driven alternative to empirically defined running-in durations and is
suitable for automated testing and condition assessment applications.

2. Materials and Methods
This section describes the experimental data, the proposed time-series processing

and learning framework, and the methodology adopted for training, optimization, and
evaluation. An overview of the pipeline is shown in Figure 1.

The method takes as input time-series measurements obtained from experimental
tests. These data are partially labeled according to guidelines from the manufacturer
regarding the expected minimum and maximum duration of the running-in process. The
output, pr, is the probability of running-in given the input measurements. The experi-
mental test rig and procedure are described in Section 2.1, along with the prelabeling of
the experimental dataset.

The estimation process comprises two steps: the preprocessing step, which adjusts
the length and sampling rate of the time-series, and the estimation step, which includes
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the LSTM for time-series feature extraction and the MLP for steady-state estimation. These
steps are further described in Sections 2.2 and 2.3, respectively.
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NSGA-II
parameter
sampling

Input
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Figure 1. Proposed framework for feature extraction and running-in estimation.

The data processing parameters and hyperparameters for the LSTM and MLP were
optimized for the running-in estimation problem using the Non-dominated Sorting Genetic
Algorithm II (NSGA-II) [17]. The metrics chosen as the objective for optimization are
described in Section 2.4, as well as further descriptions of the complete framework for
optimizing, training, and evaluating the model.

2.1. Experimental Data and Problem Setup

The experimental data used in this work were obtained from a controlled test-rig
for running-in tests performed on hermetic reciprocating compressors for refrigeration
applications, shown in Figure 2a,b. During these tests, the compressors were operated
under constant suction and discharge pressures and temperature conditions to ensure
that the variations observed in the measured signals could be primarily attributed to the
evolution of the tribological state rather than to external disturbances. The variables of
interest were continuously monitored using noninvasive instrumentation, including the
high-frequency measurement of the lateral vibration in the lower half of the compressor
shell (V lat), the longitudinal vibration in the upper half of the compressor shell (V long),
and the electrical current of the compressor motor (I), all at a sampling rate of 25.6 kHz.
The instrumented compressor is shown in Figure 2c. Every minute, a 1 s time-series
was acquired for each of the high-frequency measurements, providing the inputs for the
proposed estimation framework.

The running-in phenomenon manifests itself as a gradual and nonstationary transition
that occurs only once during the early life of each compressor unit. Consequently, reliable
labels for the running-in state are only partially available. In this work, a semi-supervised
labeling strategy was adopted: data acquired during the initial period of operation were
assumed to correspond to the running-in regime, while data acquired after an extended
period of operation were assumed to represent the tribological steady-state. Measurements
collected during the intermediate period were treated as unlabeled and used exclusively
for inference and evaluation.

To assess the generalizability of the proposed method, data from 4 compressor units
of the same compressor model were tested in the experimental setup proposed in this
work. Three tests of 25 h were performed with each compressor unit, the first being the
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running-in test, and the subsequent ones being reference tests with the device already run-
in. Based on information provided by the manufacturer, it was assumed as a ground truth
that the running-in procedure could take between 5 h and 24 h, so the samples between
these limits were left unlabeled. In order to capture general running-in dynamics rather
than unit-specific characteristics, a leave-one-compressor-out cross-validation strategy was
employed during optimization, which is further described in Section 2.4.

Suction

Longitudinal
vibration
(upper)

Lateral vibration
(lower)

Discharge
Temperature

(b)

(a) (c)

Service

Figure 2. Pictures of the running-in test rig: (a) perspective view; (b) lateral view of the intermediary
stage; (c) instrumented compressor.

2.2. Time-Series Preprocessing

The raw operational signals consist of high-frequency time series acquired over sev-
eral hours of compressor operation. Directly processing these signals at their original
sampling rate would lead to excessive computational costs and redundancy. Therefore, a
preprocessing stage was applied before feature extraction.

The preprocessing stage consisted of input selection, signal decimation to reduce the
effective sampling rate while preserving dominant temporal patterns, and segmentation
into fixed-length subsequences. Each subsequence represents a temporal window of
compressor operation and constitutes one input sample for the learning model.

The decimation factor and the length of the subsequence play a significant role
in determining the temporal resolution and contextual information available to the
model [18,19]. Rather than fixing these parameters heuristically, they were treated as
hyperparameters and optimized jointly with the model architecture, as described in
Section 2.4.

2.3. LSTM-Based Time-Series Feature Extraction and Running-in Estimation

To automatically extract representative temporal features from the preprocessed sub-
sequences, a multilayer LSTM network was employed. Each input subsequence was
processed by a multilayer LSTM, which maps the sequence to a latent feature vector at the
final time step, interpreted as a compact representation of its temporal dynamics.

The latent feature vectors extracted by the LSTM network were subsequently used as
inputs to an MLP responsible for estimating the running-in state. Instead of producing a
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binary classification, the MLP outputs a continuous value between zero and one, interpreted
as the probability that the compressor has reached its tribological steady state.

This probabilistic formulation provides a smooth characterization of the running-in
progression over time and enables the identification of transitional regimes that cannot be
adequately described using hard class boundaries. The MLP consists of one or more fully
connected hidden layers followed by a sigmoid output layer.

The number of LSTM and MLP layers, the dimensionality of the LSTM hidden state,
the number of neurons per MLP layer, the activation function, and the use of regularization
mechanisms, such as dropout, were treated as tunable hyperparameters in the optimization
process. The framework for optimization, training, and evaluation of the models is further
described in Section 2.4.

2.4. Training, Optimization, and Evaluation Framework

The training and evaluation of the model followed the framework illustrated in
Figure 1. Only the labeled portions of the training dataset, corresponding to the early
running-in period and the late steady-state period, were used to compute the loss function
during training. Unlabeled data were excluded from the optimization process and were
used solely for inference and qualitative analysis of the estimated running-in progression.

Hyperparameter optimization was performed using the NSGA-II, with the objective
of jointly optimizing preprocessing parameters (which measurements to use as input,
decimation factor, and subsequence length) and model hyperparameters (LSTM and MLP
architecture). The Matthews correlation coefficient (MCC) was selected as the primary
performance metric due to its balanced nature and robustness under class imbalance [20,21].
As a correlation-based measure, MCC has been shown to offer a more faithful summary of
classifier performance than accuracy or precision-based metrics, particularly in imbalanced
or semi-supervised classification problems [22,23].

The optimization process was initialized with a set of 50 random samples from the
hyperparameter space, which were used in the preprocessing of the data and in the training
of the classifier models. Being a genetic algorithm, at each iteration of the NSGA-II, new
candidate configurations are generated through crossover and mutation operators applied
to the best-performing configurations of the previous generation. These new candidates
are subsequently evaluated and ranked based on Pareto dominance concerning the two
objective metrics. The non-dominated sorting mechanism ensures that the algorithm
maintains a diverse population of solutions, iteratively advancing the Pareto front to
identify the optimal tuning.

To promote robustness across compressor units, model performance was evaluated
using a leave-one-compressor-out cross-validation scheme, and the geometric mean of the
validation folds was adopted as a conservative aggregation strategy. As MCC depends
on a classification threshold, the threshold maximizing the geometric mean across folds
was selected. Under this formulation, negative or undefined MCC values, which may arise
for poorly performing classifiers or in degenerate confusion matrix configurations, would
render the aggregated objective ill-defined. Therefore, MCC values that were negative or
undefined for a given fold were set to zero prior to aggregation, leading to a zero value
for the objective in case any classification was negative or undefined. In order to still
provide a metric for advancing the optimization problem in such cases, the area under the
receiver operating characteristic curve (ROC-AUC) was introduced as a complementary
optimization objective. Unlike the MCC, ROC-AUC is always well-defined and bounded
in the [0, 1] interval, providing a threshold-independent measure of class separability
and ensuring the numerical stability of the optimization process while still preserving
sensitivity to discriminative performance [22,24].
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The optimization was run for 5000 iterations, after which the trials in the Pareto front
were retrained using the full labeled portion of the training dataset and subsequently
applied to the unlabeled data. The probability trajectories were analyzed to assess the
model ability to capture the temporal evolution of the running-in process and the latent
space generated by the LSTM network, and the results of the analysis are presented in
Section 3.

3. Results and Discussion
Figure 3 presents the 5000 optimization trials and the geometric mean of the cross-

validation metrics obtained with the labeled portion of the experimental data described
in Section 2.1. The trials in the Pareto front, highlighted in the figure, are also listed in
Table 1 along with the corresponding performance metrics. The highest geometric means
of cross-validation ROC-AUC and MCC are also highlighted in the table.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Mean ROC-AUC

0.0

0.2

0.4

M
ea

n 
M

C
C
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Pareto trials

Figure 3. Cross-validation metrics of the models trained during NSGA-II parameter optimization.

Table 1. Trials in the Pareto front and objective metrics. The highest objective metrics achieved are
highlighted in bold.

Trial Mean
ROC-AUC

Mean
MCC

1205 0.878 0.353
2070 0.850 0.541
2423 0.876 0.376
3313 0.896 0.348
3825 0.854 0.395
3941 0.896 0.325
4366 0.826 0.553
4870 0.871 0.386

The relevance of parameter choice was evaluated based on the optimization trials.
By means of graphical analysis, the parameters with the highest impact were the pre-
processing ones (decimation factor, length of the cropped sequence, and choice of input
measurement), followed by the learning rate, the size of the hidden layers of the LSTM,
and the number of stacked LSTM layers. The analysis for these parameters, presented in
Figure 4, indicated that the best results were obtained with mid-range decimation factors
(65 and 125) and subsequences shorter than 200 samples, with lateral vibration providing
the most informative signal. Regarding model parameters, learning rates around 10−3

and smaller LSTM hidden sizes yielded better performance, while deeper architectures
showed no consistent advantage.

In order to evaluate the effectiveness of the proposed modeling and estimation tech-
nique, models trained using the parameter combinations from the Pareto trials and all
labeled data were applied to label the previously unlabeled running-in phase of the tests.
The resulting probabilities of steady-state for each unit and model are shown in Figure 5.
Since the estimation results are directly linked to the representations extracted from the
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time series using the LSTM model, a bidimensional visualization of the higher-dimensional
latent space was generated using uniform manifold approximation and projection (UMAP)
for dimensionality reduction, and is shown in Figure 6. Both the probability estimation and
the UMAP representation were used complementarily in the evaluation of the results.
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Figure 4. Parameter combinations with the highest impact in the cross-validation metrics.
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Figure 5. Estimated running-in probability for the evaluated compressor units.

In general, units 2, 3, and 4 presented similar results for each model, with results
varying across models. Models 1205, 3941, and 4870 all presented a progression consistent
with the running-in phenomenon (starting with a steady-state probability close to 0 %, then
rising up to near 100 % along the first 24 h of the test). The latent space representation of
these models was also the one that presented the clearest division between running-in and
steady-state data: Model 1205 exhibited a radial-like distribution with running-in data
at the center and steady-state data closer to the edges; Model 3941 exhibited a strip-like
division with running-in data on one of the ends of the strips; and Model 4870 exhibited an
elongated distribution with running-in data closer to the lower end of the shape.

The behavior of Unit 1, on the other hand, was significantly different from that
observed in other units, with no model able to correctly estimate the steady-state at the
end of the test. The difference between units is evident in the UMAP representation, as all
models isolated Unit 1 from the others in the latent space, suggesting that this unit might
be an outlier in terms of running-in behavior.
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Figure 6. Latent space visualization with UMAP dimensionality reduction.

4. Conclusions
This work proposes the use of long short-term memory networks as a data-driven fea-

ture extraction approach for the analysis of the running-in phase of hermetic reciprocating
compressors. By treating each high-frequency measurement window as an independent
time series, the proposed framework focuses on extracting temporal features that character-
ize short-time dynamics without relying on handcrafted indicators or explicit assumptions
about the duration of the running-in process.

Experimental results obtained from controlled compressor tests indicate that the LSTM-
based representations capture consistent temporal signatures associated with running-
in behavior across multiple units. The probabilistic estimation framework enabled a
continuous characterization of the transition toward steady-state operation and highlighted
differences between compressor units, including the identification of one unit with outlier
behavior in the latent space.

The results suggest that recurrent neural networks can serve as effective feature
extractors for gradual operational transients in rotating machinery, providing a viable
alternative to the empirically defined running-in durations currently used in industrial
practice. Future work will focus on extending the evaluation to a larger population of
compressor units and on investigating the interpretability of the learned temporal features
in relation to the physical mechanisms associated with the running-in phenomenon, as well
as the integration with real-time monitoring and comparisons with alternative recurrent
architectures or attention-based models.
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