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Abstract. Predicting machine failures is of the utmost importance in industrial sys-
tems as it can turn expensive crashes and repair costs into affordable maintenance
costs. To this end, this paper presents preliminary work for detecting failures in a
centrifugal compressor train based on sensorial data. We show the detection capa-
bilities of a two-step process consisting of: (1) a preprocessing step to reduce the
dimensionality of the input data using Principal Component Analysis, and (2) an
anomaly detection step using the Mahalanobis distance to detect anomalous obser-
vations on the sensors’ data. The experiments using real-world data demonstrate
the feasibility of our approach and the ability of the method to detect the failures
eight days in advance.
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1. Introduction

During the lifetime of any industrial machine, its components might eventually break,
producing an expensive machine breakdown [3]. Thus, diagnosing and detecting ma-
chine failures before they occur is essential to avoid the possibility of catastrophic fail-
ures, save costs, and keep the machinery running for longer periods of time. Tradition-
ally, the diagnosis of failures in industrial machinery relied on human-expert criteria for
the development of an expert system, modeling the expertise knowledge of an expert or
group of experts. However, such systems may fail for various reasons including the un-
availability of experts and the difficulty to translate the expert knowledge into a concrete
method, among others [1].

This increasing complexity of modern machinery aggravates the quality of diagno-
sis, forcing a shift from a model-based approach to a data-based approach for equipment
monitoring and diagnose of failures [11]. As a result, collecting operating and sensor
information, from a machine while it is working, has become of the utmost importance
to detect anomalies that might manifest a future component failure. Various approaches
have been presented in the literature [4,9,6,10] that employ different signal sources to
detect failures of industrial machinery, including vibration signals, acoustic emission sig-



nals, temperature, and electrical parameters, among others. For instance, Z. Hai-Yang et
al. [4] presented a method for diagnosing failures in a reciprocating compressor based on
features extracted from vibration signals using Local Mean Decomposition (LMD) and
Multi-Scale Entropy (MSE) methods. Y. Wang et al. [9] used acoustic emission signals
coupled with the simulated valve motion to diagnose faults in reciprocating compressor
valves. In addition, due to the strong correlation and high dimensionality of the data ob-
tained from the sensors installed in complex machinery, dimensionality reduction tech-
niques such as Principal Components Analysis (PCA), have been applied in the literature
in order to reduce the number of input variables used to model the data [6,10].

In this paper, a two-step approach to detect failures in a centrifugal compressor train
is presented, which relies on the data provided from its sensors. The first step involves
the preprocessing of the input data using Principal Component Analysis to reduce its
dimensionality. Afterwards, outliers are detected using the Mahalanobis distance in the
second step. To evaluate our approach, historical data (throughout 5 years) of the cen-
trifugal compressor train has been used, including temperature, pressure, and vibration
of the system valves.

The rest of the paper is organized as follows. Section 2 briefly introduces the cen-
trifugal compressor train being monitored. Section 3 details the two-step approach pre-
sented in this paper. Section 4 presents various experiments used to validate the feasibil-
ity of our approach. Lastly, Section 5 presents the final remarks of the paper.

2. Centrifugal Compressor Train Overview

Figure 1. Simplified view of a centrifugal compressor train.

Figure 1 presents a simplified view of a centrifugal compressor train, a piece of
machinery that achieves pressure by adding kinetic energy to a continuous flow of gas
through the rotor. It consists mainly of three components.

• The electric motor. It converts electrical energy into mechanical energy. Its task is
to generate a driving torque.

• A set of gears. Its task is to transmit mechanical energy between the motor and the
compressor, but keeping motor and compressor at different rotating speeds.

• The compressor. Its task is compressing a gas from a suction pressure to a dis-
charge pressure.



3. Methodology

In this section, we present a two-step process to detect failures in a centrifugal compres-
sor train. The information is provided by 45 sensors distributed along the three main
components of the centrifugal compressor train, i.e. the electric motor, the gearbox, and
the compressor. The sensors are of five different types: 13 for Vibration, 3 for Axial Dis-
placement, 25 for Temperature, 4 for Pressure, and 2 for Flow. Each sensor may have a
different time granularity. The two-step process is as follows:

1. Principal Component Analysis (PCA) is applied to the sensor data in order to
reduce the dimensionality of the strongly correlated input variables [7]. PCA
provides an orthogonal projection of the data into a lower dimensional linear
space, known as the principal subspace, such that the variance of the projected
data is maximized [2]. The method allows to select a small number of principal
components of the projection. When applied to sensors with different granularity,
the coarsest granularity has been chosen.

2. Mahalanobis distance [8] is the multivariate form of the distance measured in
units of standard deviation. As outliers are observations that deviate from the
global behavior of the majority of data, the usage of the Mahalanobis distance
allows to quantify the closeness between the current observation and their distri-
bution and thus, detect when the behavior of the system is anomalous.

4. Experimentation

To evaluate the viability of our two-step process for detecting failures, historical data
of a multistage centrifugal compressor for oil and gas service has been used. This data
consists of temperature, pressure and vibration of the system monitored with the sensors
through five years. In all, ten failures of the compressor were provided. We present three
experiments (cf. Figures 2a, 2b and 2c) to visualize our two-step process.

The figures represent the Mahalanobis distance of the data taken at different pe-
riods of time, and the red vertical bars represent the periods were failures were re-
ported: Figure 2a shows a failure with a valve in the compressor from 22/05/2017 to
25/05/2017; Figure 2b shows a failure with a valve that started on 12/11/2018 and
ended on 29/11/2018; and Figure 2c shows a failure occurred with an oil filter from
20/07/2019 to 31/07/2019. The initial features used to detect the different failures may
vary between one failure and another, and were selected using expert knowledge of the
system, i.e. some features are more useful than others to detect some of the failures.
For instance, the data in Figure 2a comes from the axial displacement of the compres-
sor, whereas Figures 2b and 2c use temperature and vibration information of the electric
motor of the compressor train, respectively.

Before the time period of any failure, it can be observed that the Mahalanobis dis-
tance dramatically increases, reaching its peak in the failure. This could be due to the
degradation of some components in the machine, what may cause the failure. A machine
component usually enters into an abnormal state before its failure [5]. In most cases the
anomalies were noticeable 8 to 10 days before the failure, providing a good indicator of
the feasibility of the Mahalanobis distance to predict failures.



(a) Failure on the 22/05/2017. Sensors: 2 axial
displacement. Component: compressor.

(b) Failure on the 12/11/2018. Sensors: 3 vi-
bration, 3 temperature. Component: electric
motor.

(c) Failure on the 20/07/2019. Sensors: 3 vibra-
tion, 3 temperature. Component: electric motor.

Figure 2. Mahalanobis distance for several sensors in the compressor.

5. Conclusion and Future Work

In order to diagnose failures in a compressor, we have analyzed a two-step process con-
sisting of a feature preprocessing step and an outlier detection step. The process has been
evaluated with real-world data, consisting of five years of historical data of a centrifu-
gal compressor train. Results show that our approach may be used to predict failures in
industrial systems. Particularly in our case, it can detect anomalies eight days in advance.

A future line of research would be the application of neural networks autoencoders
for the anomaly detection in order to automatically trigger the corresponding warnings
when the anomalies were detected.
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