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Abstract

Screw compressors are critical assets in petroleum and chemical industries, where the ineffectiveness in the functioning
may result in the considerable financial losses. The study introduces an effective fault diagnosis model, which is founded
on the Artificial Neural Networks (ANNs) technology to distinguish between the malfunctions of the major compressor
subsystems: engine, compressor block (CB), cooling system, and oil control circuit. Custodial ANN were trained on large
industrial datasets, and attained high classification accuracy: 100% in the engine (3-12-7-3, MSE: 3.47e-17), 100% in
the CB (2-13-8-5-3, MSE: 4.76e-18), 99.4% in the cooling system (2-11-6-3, MSE: 6.76e-14), and 100% in The system
proved to be capable of working in severe operational conditions, such as high vibration (RMS 5.1 mm/s, gA 6 mm/s?)
and high temperatures (up to 130 °C ), which was tested extensively. The findings support the argument that the sug-
gested ANN-based solution is a scalable, high-fault diagnosis, and real-time solution, which is significantly superior to the
traditional methods in order to minimize maintenance expenses and maximize operational efficiency of industrial screw
COMpressors.
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Nomenclatures
ANN Artificial Neural Network
CB Compressor Block

MSE Mean Square Error

RMS Root Mean Square

gA Acceleration due to vibration (mm/s?)

T Temperature (°C)

VSD Variable Speed Drive

tansig Hyperbolic tangent sigmoid activation function

logsig Logistic sigmoid activation function

AFNOR  French standardization association (used for
parameter thresholds)

TCR True Classification Rate

LSTM Long Short-Term Memory

GAN Generative Adversarial Networks

1 Introduction

Industrial sector has experienced an unprecedented instal-
lation and use of automation and higher order intelligence
systems that has seen the need to have efficient and reliable
machinery in different industries. On the one hand, screw
compressors as the significant elements of the manufactur-
ing activities associated with refrigeration and pneumatic
systems, are the assets of the industrial processes whose per-
formance directly impacts production efficiency and safety
[1]. The shift toward Industry 4.0 has required the develop-
ment of more sophisticated diagnostic systems that allow
predicting possible failures and thus reducing unscheduled
downtime and the optimization of maintenance solutions.
In this regard, precision fault diagnosis has been identified
as a key technology with the potential to change traditional
reactive maintenance paradigms to proactive data-driven
schemes, given their high complexity under artificial intel-
ligence methods [2].

Screw compressors work by making two helical rotors
to interact inside very carefully manufactured housing that
forms compression chambers that sequentially diminish in
size as the rod passes through discharge port and suction
port. These machines are easily prone to most of the failure
modes, such as bearing degradation, rotor wear, seal degra-
dation, and thermals [3]. Conventional methods of diagnosis
are mostly time based which implies regular maintenance
or corrective action after the major failures giving rise to a
huge loss to the economy in terms of monetary losses as well
as downtime of the operations. The requirement for screw
compressor systems to operate continuously demands,
requires advanced monitoring and diagnostic capabilities
that have the ability to accurately detect incipient faults and
also differentiate the usual changes in the operations of the
system and the actual anomalies [4].
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There has been a remarkable evolution of machine
learning in the diagnosis of machinery fault where machine
learning was originally applied using the traditional statisti-
cal approach, which has evolved to the use of sophisticated
deep learning structures. Initial methods relied mainly
on the use of support vector machines and simple neural
nets as ways of recognizing beats in a collection of vibra-
tions. Nevertheless, the shortcomings of the traditional
machine learning techniques on the extraction of complex,
multi-dimensional information in industrial systems has
propelled scientists to seek better solutions whose under-
standing is better as well. Training of physics-informed
neural networks has become one of the promising avenues
where knowledge about the domain is combined with data-
driven machine learning to make the diagnostic more accu-
rate and reliable [5, 6].

Newer generations of fault diagnosis techniques make
use of deep learning designs that are able to automatically
find interesting ways of varying sensor input. Convolutional
neural networks, recurrent neural networks, and their hybrid
mixes have been reported to carry better performance to
detect complex pattern faults in rotating machines [7, 8].
The emergence of sophisticated architectures namely Long
Short-Term Memory (LSTM) based models in specific has
demonstrated potential towards modeling temporal relation-
ships within data on the condition of machines, to achieve
prognostic capabilities with greater accuracy [9, 10].

Along with the machine learning applications, there are
daunting challenges that remain inherent in the machinery
fault diagnosis. The imbalance of data also constitutes a
considerable challenge because the number of healthy oper-
ating data is overwhelming compared to the samples of fault
conditions in most industrial contexts [11]. This skewed
trend may create biased performances of the models, which
in case of diagnostic systems, makes them proficient at
detecting normal conditions but incompetent identifying the
rare but vital fault conditions. Generative adversarial net-
works are being considered as one of the solutions to the
data imbalance problem that can be solved by generating a
fake realistic sample of fault data to be used to supplement
training datasets [12—14].

The modern industrial systems are complex and this
poses other complexities that revolve around data fusion
and multi-modal sensor integration. The various data
streams provided by machinery systems through acceler-
ometers, temperature sensors, pressure transducers, and
acoustic emission sensors are diverse and will need cutting
edge techniques of fusion to intelligently merge the different
complementary sources of information. These data streams
are heterogeneous, and due to different sampling rates and
uncertainties of measurements, this makes it hard to form
single diagnostic frameworks [15].
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The industrial Internet of Things era has provided new
paradigms to deploy diagnosis systems, especially via the
use of federated learning that facilitates distributed model
training without violating data privacy and minimizes the
communication requirement [16]. Federated learning mod-
els enable decentralized training of diagnostics by separate
machines or even facilities without sharing the centralized
data which is why this method has no issues with propri-
etary information safety and bandwidth constraints [17, 18].

Recent trends in learning-based methods with federations
in case of machinery fault detection have shown encourag-
ing findings in circumstances where data is decentralized,
and communication channels possess faults [19]. Such strat-
egies will allow creating strong diagnostic systems that will
be able to utilize group know-how without compromising
operational autonomy, especially useful in the context of
screw compressors in distributed industrial plants.

Not much fault related data is recorded in industrial appli-
cation and this has necessitated an enormous amount of
research being conducted towards the use of data augmenta-
tion to specifically fault diagnose machinery. Conventional
data augmentation methods such as noise addition and signal
operation have not been effective to provide feasible fault
signature simulation outputs. This has been achieved owing
to several recent developments of advanced generative mod-
els, especially Wasserstein Generative Adversarial Networks
(GANSs) and their derivatives that are more powerful at gen-
erating high-quality fault data with the statistical properties
of the actual fault scenario perfectly retained [20-22].

The compressed sensing methods have also shown to be
useful in improving data augmentation of fault data espe-
cially when applied to cases where highly-representative
fault samples are in short supply. The approaches make use
of the sparsity of the fault signatures in transformed spaces
to obtain full patterns of faults given incomplete measure-
ments [23]. The combination of deep learning architecture
and compressed sensing has shown to have potential towards
the realization of a solid diagnostic structure that could be
operated effectively when data on faults are limited.

The peculiar causes of rarity of fault events in systems
that are not undergoing any industrial degradation has con-
tributed to the work of anomaly detection strategies that
mostly train models based on normal operating properties.
Generative adversarial networks especially in the format of
anomalous GAN like AnoGAN and f-AnoGAN have proven
useful in finding minute anomalies in normal operating pro-
cesses without the use of huge fault databases [24-27].

Auto encoder architectures is another type of unsuper-
vised learning technique which has performed well in the
diagnosis of machinery faults. Locally the networks learn
encoding of the normal operation patterns in a compressed
representation and during operation, anomalies are detected

by checking the reconstruction errors [28, 29]. The addi-
tional capability of this type of auto encoder in being able
to denoise the data it is dealing with also improves its resis-
tance to measurement noise and other types of disturbances
that occur in industrial environments.

Changes in the industrial process and variations in the
trend of degradation of the machines systems have been a
driving force towards an adaptive method of diagnosis based
on reinforcement learning principles [30]. Those methods
can make diagnostic systems continually learn and acclima-
tize to varying conditions of operation as well as fault pat-
terns as they arise over time without having to re-train using
historical data [31, 32].

Another bit of flexibility comes in the form of weakly
supervised learning techniques, when specific labeling of
faults is either unknown or uncertain [33]. These techniques
have the potential to exploit partial labeling (information)
or expert advice to come up with diagnostics without hav-
ing complete fault databases, which are especially practical
in complex systems such as screw compressors where the
characterization of the fault may be problematic.

Integration of numerous deep learning models has also
resulted in hybrid models that utilize the advantages of
distinct models towards optimizing performance in their
diagnostic capabilities. CNN-LSTM models have proven
especially useful to accommodate spatial patterns in sen-
sor measurements as well as time-dependent fault progress
[34]. Such combinations of methods allow the thorough
analysis of machinery status data, including instantaneous
measurements and historical changes to increase the accu-
racy of diagnosis.

Bidirectional LSTM models have been useful when need
to analyze both forward and backward temporal patterns in
order to detect gradual degradation processes and sudden
faults occurrence [35, 36]. These techniques of Bayesian
optimization, in conjunction with deep learning structures,
also improve model performance by automatically optimiz-
ing hyperparameters and quantifying uncertainties [37].

This work presents a novel Artificial Neural Network
(ANN)-based fault diagnosis and identification system spe-
cially designed to have the highest classification accuracy
(up to 100%) ever reached to correct components such as
engine, compression block, cooling system and the oil cir-
cuit in screw compressors. The substantial improvement
is in: (1) custom-designed ANN architectures (e.g., 3—12-
7-3 of the engine) trained on industrial datasets compris-
ing 25,000 or more samples, (2) an inclusion of vibration
(RMS, gA) and thermal parameters that are incorporated
into an integrated diagnostics framework, and (3) having
nearly zero error rates (MSE as low as 3.47e-17), which is
much higher than traditional methods. Using available tan-
sig/logsig activation functions and a proper validation, the
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system provides real time solution scalable to reduce down-
time and maintenance cost in an industrial scenario, which
is a considerable enhancement of old-style fault detection
methods.

2 Artificial neural network (ANN)

Artificial neural networks (ANNs) are computer models
inspired by the human brain, widely used in artificial intel-
ligence for classification, prediction, and pattern recogni-
tion [38]. Their main advantage lies in their ability to model
nonlinear relationships between data. However, for linear
relationships, classical statistical methods are often more
appropriate. It is therefore recommended to combine the
two approaches for better data interpretation [39].

Figure 1 displays the design of artificial neural network
(ANN), which is made up of connected layers of neurons.
Initial data is received at the input layer and transferred to
the hidden layers, in which majority of the calculations take
place and define the complexity of the network. The outer-
most layer is the output layer which gives the final result
and the neurons are those related to the expected output val-
ues or classes. The weighted interconnections between the
neurons in this layered structure allows ANNSs to capture
non-linear relationships in data and hence are useful in such
tasks as classification, prediction, and pattern recognition.
The diagram will indicate the flow of information between
the inputs and the outputs with the aspect of learning and
adaptation through training of the network.

The model of Artificial Neural Network (ANN) used in
this paper is a feedforward multi-layer perceptron (MLP). A

Fig. 1 Artificial neural network
architecture
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mathematical description can be used to describe the math-
ematical process of a single neuron in an output or hidden
layer.
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vious layer plus a bias term:
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Two activation functions were critically chosen in this work,
which were first tested:

The hidden layers made use of the hyperbolic tangent
sigmoid (tansig):
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In the output layer, the logistic sigmoid (logsig) was used to
squash the results into a [0, 1] space, which is appropriate to
be used in classification:

1

f(Z):m

“4)

The overall goal of the training process was to minimize the
Mean Square Error (MSE) between the network’s predicted
outputs ¥ ,and the actual target values yj. The MSE for a
dataset with m samples and K output neurons is defined as:

m k
1 2
MSE:E E g (Yki =Y kj) (5)
k=1j=1

The backpropagation algorithm was used to train the net-
work, to repeatedly optimize the weights and biases, with
the aim of obtaining the MSE to the very low values reported
(e.g., 3.47e-17), thus resulting in the high levels of classifi-
cation accuracy shown in the results.

3 Compressor description

The research is made on Atlas Copco ZT75 screw compres-
sor that is oil-free and air-cooled compressor used in indus-
try where high purity demands are applied to air. The most
prominent characteristics are compact in size, the variable
speed drive (VSD) technology used to ensure energy effi-
ciency, and the quality components that provide reliability
and the ability to meet the high standards of quality. The
visual descriptions are offered in Figs. 2 and 3 which pres-
ent a half-sectional view of the compressor and Figs. 2 and
3 the view of the inside part of the compressor respectively.

Fig.2 The real photo Atlas Copco ZT75 screw compressor unit

This is an excellent compressor in an environment sensitive
to the performance, energy savings and uncontaminated air.

The Atlas Copco ZT75 is an air-cooled screw compres-
sor designed to be used in applications where high-purity
air is needed, and is oil-free, with important operational
characteristics including a 7.2 to 8.5 bar range of operating
pressure, discharge air temperatures of between 40 °C and
140 °C, and important vibration limits indicated by an RMS
velocity up to 5.1 mm/s and a peak acceleration (gA) up to
6 mm/s>. Its on-board Variable Speed Drive (VSD) technol-
ogy maximizes energy savings by varying the speed of the
motor to the air demand needs, and its durable mechani-
cal engineering can maintain its performance under the
demanding standards of industry condition monitoring, like
those of AFNOR E 90-300, on which the fault classification
criteria in this study are based.

4 Implementation of ANN for air
compressor unit fault classification

4.1 Dataset description

The data set will be sensor measurements on the Atlas
Copco ZT75 compressor during steady-state and transient
operation to cover the faults thoroughly. A total of 25,000
samples were obtained per subsystem and they were spread
in fault classes as below: engine (8,334 per class: Good,
Alarm, Fault), compressor block (8,334 per class), cooling
system (8332 per class), and oil circuit (8,334 per class) with
an approximate ratio of 60% healthy (Good) to 40% fault
(Alarm/Fault) samples overall. PCB Piezotronics 352C33
accelerometers (+0.5% uncertainty) were used to measure
vibration data at 10 kHz and K-type thermocouples were
used to measure temperature (error of +0.5%). This step-by-
step description guarantees the reproducibility and reliabil-
ity of the ANN based fault diagnosis findings in this paper.

4.2 Initial network parameters

The paper used neural modeling such as multi-layer per-
ceptron (MLP) and a total of 70-percent data was used to
train the model, 15-percent was used to evaluate the model
and 15-percent as a test. The training process used two
stopping criteria: a maximum of 1000 iterations or a mini-
mum root mean square error of 1e-20. Activation functions
were critically chosen and the choice of activation func-
tion in the hidden layers was in the form of tansig (hyper-
bolic tangent sigmoid) which has proved to run through
the non-linear patterns and logsig (logistic sigmoid) in the
output layer due to the effectiveness of these forms in the
preliminary tests. In this study, the implementation was

@ Springer
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Fig. 3 The sectional view of Elasti
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the compressor and its internal aSt_ ¢ Synchronous
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undertaken in the MATLAB platform as shown in Fig. 4,
whereby similar parameters were applied to all the five
neural systems in order to be reproducible and reliable in
classifying the faults.

Figure 5 illustrates in a concise manner all the steps in
the process of modeling and evaluating the artificial neural
network.

4.3 Implementation of ANN for engine fault
classification

Selection of architecture The choice of the best ANN con-
struction was made to use two main criteria: the root mean
square error (RMSE), which determines the accuracy pre-
diction of the network and the correct classification rate
based on confusion matrices to determine the correct identi-
fication level of the ANN network to categorize the type of
fault. They were referred to the AFNOR E 90-300 standard
that establishes engine parameter thresholds (e.g., vibration,
temperature) to determine the engine operational states as
follows: Good, Alarm, Fault. Since RMSE was minimal
and classification accuracy was maximized, the selected
architecture (e.g., 3—12-7-3 in the case of the engine) guar-
anteed that the results of the fault detection process were
reliable and that they could meet the industrial requirements
(performance was nearly perfect, achieving 100% accu-
racy for the engine). This was an intense method of design-
ing in in-between accuracy and practicality in compressor
monitoring. The Table 1 is admissible standards of the dif-
ferent engine parameters before the AFNOR E 90-300 stan-
dard [40] (Table 2).

The chosen ANN architecture, that is, 3—12-7-3, per-
formed best in fault classification with a very low mean

@ Springer
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square error (3.47 e —17) and optimal correct classification
(100% on any of the datasets, that is, training, validation,
and test sets). Figure 6 demonstrates this optimal accuracy:
they are all classified correctly with no misclassifications,
which proves that the model has a notably high generaliza-
tion ability with unfamiliar data. The hidden layers (12 and
7 neurons) are well-tuned and hence capture effectively the
non-linearities inherent in the fault data generated in com-
pressors and assure robust and reliable diagnostics of faults
in a compressor. The findings affirm that ANN is suitable in
industry fault detection in which accuracy is essential.

The performance curve of the Engine ANN is shown in
Fig. 7 which demonstrates the training process of the net-
work by recording the error (more likely the Mean Squared
Error, MSE) against the epochs. The curve curves steeply
down at initial training periods indicating these high levels
of reduction in the number of errors then reaches a near-
zero error value very quickly, showing highly-effective
learning. The tiny end error shows that the ANN is highly
accurate in classification of faults with the accuracy of
correctly classifying faults supported by the confusion
matrices whose accuracy was 100 this is crucial. This has
highlighted the effectiveness of the selected architecture
(3—12-7-3), and training parameters so that the specified
parameters can cause the high and exact fault detection of
the compressor system.

4.4 ANN implementation for compressor block (CB)
defect classification

Choice of architecture The operational parameters and the
fault classification criteria of the CB are described in Table
3 and the conditions are broken down into good, alarm, and
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Neural Network

Hidden Layer 1

5
Algorithms
Data Division: Random (dividerandt)
Training: Levenberg-Marquardt (trainlm)
Performance: Mean Squared Error (mse)
Calculations: MEX
Progress
Epoch: 0 1000 lterations 1000
Time: 0:06:27
Peformance: 0314 [SSOTAN] 1.00-20
Gradient: 0200 ORI ] 1.00e-20
Mu: 0.00100 1.00e-16 1.00e+10
Validation Checks: 0 0 6
Plots
Performance (plotperform)

Training State (plottrainstate)

Fig.4 Overview of the Proposed Framework

default (fault) states. Its parameters have specific thresholds
(air temperature and air pressure at the outlets of the com-
pression block). The criteria for choosing the best structure
are the mean square error and the correct classification rate
presented in the confusion matrices. We used a training
database of over 1,000 samples to train our ANN.

The confusion matrices of the BCA (Block Compres-
sor Air) ANN were shown in Fig. 8, where the outputs of
the classification of the training, validation, test and overall
dataset were provided. The values of the matrices repre-
sent that the percentages of correct classifications are large

(100% in training set and validation, and 99.4% in a test
set and total sets) and the occurrences of misclassifications
are minimal. The green diagonal cells are those which have
been predicted correctly, the red off-diagonal cells are the
errors which are not significant. It illustrates the strength
of the said ANN structure (2—13-8-5-3) used in classifying
faults that is informed by its minimal mean square error
(4.76 e-18) and reliability in application in the real world
scenario.

The illustration shown in Fig. 9 is the performance curve
of the ANN (Artificial Neural Network) of the compressor
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Fig.5 Global ANN-based meth- 4 \
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Table 1 Engine parameters

Engine parameters Good Alarm Default
La codification 1 0 0 0 1 0 0 0 1
Vibration parameter RMS (mm/s) 0-2.82.82 2.83-4.46 4.47 ou plus
gA (mm/s?) 0-4.42.42 4.43-7.01 7.02 ou plus

Temperature (°C) 40-120 120.1-140 140.1 ou plus
Table 2 Engine test results block in training, validation and testing mode. As the epochs
Architecture  Correct answers (%) MSE increase, seen in the graph, there is a steep decrease in error

Learning  Validation Test  Total (most probably Mean Squared Error, MSE), which means
3-10-5-3 99.9 100 99.9 999  0.000120 that the learning process is rapid and effective. The error
3-12-7-3 100 100 100 100 3.47 e-17

level oscillates to an extremely low value (4.76 ¢ —18),
which demonstrates the superior accuracy of the network
in the classification of fault in the air compression block.

3-9-4-3 100 100 100 100 4.67 e-6
3-14-9-3 100 100 100 100 6.8 e-5
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Fig.6 Confusion matrices of the

Training confusion Matrix

Validation confusion Matrix

engine’s ANN
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Target Class Target Class
Test confusion Matrix All confusion Matrix
15.6% 0.0% 0.0% 0/0% 15.7% 0.0% 0.0% 0/0%
610 0 100.0% 4096 0 0 100.0%
1 1
% 0.0% 57.3% 0.0% 0.0% - 0.0% 57.0% 0.0% 0.0%
8 0 2239 100.0% | @ 0 |14852 | 0 |1000%
O (&
52 5 2
a 0.0% 0.0% 27.1% 0.0% a 0.0% 0.0% 27.3% 0.0%
8 0 0 1060 | 100.0% 8 0 0 7116 | 100.0%
3 3
0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
100.0% 100.0% | 100.0% 100.0% 100.0% | 100.0%
1 2 3 1 2 3

Target Class

The performance of this model together with the fact that
the confusion matrices accuracy was 100% proves the effec-
tiveness of the selected architecture (2—13-8-5-3) when it
comes to identifying faults in the compressor system.

Table 4 shows the various tests that were performed to
determine the number of hidden layers and the number of
hidden layer neurons.

4.5 ANN implementation for cooling system fault
classification

Architecture selection Operational limits of the air cooling
system have been described in Table 5 where conditions
are represented by the group of Good, Alarm and Default
ranges of temperatures and pressures. Concerning tem-
perature, the Good arguments are 40—-60 °C, the alert argu-
ments are 35-39 °C or 61-64 °C and the Fault warns less

Target Class

than 35 °C or over 64 °C. In the same manner, pressure is
categorized as Good 6.15-6.25 bar, Alarm 5.8-6.14 bar or
6.26—7.41 bar and Fault when the value is out of the range.
Such thresholds provide accurate fault detection and identi-
fication using the ANN thus ensuring early maintenance and
reliability of the system.

Table 6 detailed the findings of several tests that were
implemented to determine the best ANN architecture to use
in the cooling system on different hidden layer configu-
ration and number of neurons in the layer. The most suc-
cessful structure 2—11-6-3 reported a good level of correct
classification (99.4% total samples) and of mean squared
error (6.76 e-4), which represents high levels of accuracy in
identifying faults. Those other tested architectures that were
2-10-5-3, 2—10-15-3, and so on, revealed slightly lower per-
formance as well, which once again emphasizes the point
that depending on the complexity of the network, highly
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Fig. 7 Performance of the ANN of the engine’s
Table 3 CB parameters
Engine parameters Good Alarm Default
Classification 1 0 0 0 0 0
Air temperature at the outlet of the compression block (°C) 65-100 3-65 Less than 3
100-110 More than 110
Air pressure at the outlet of the compression block (bar) 7.5-7.8 7.2-7.5 Less than 7.2
7.8-8.5 More than 8.5

effective outcomes can be achieved. The table has reflected
that the process of ANN parameter refinement is an iterative
one aimed at maximizing reliability in classifying the faults.

Figure 10 shows the artificial neural network (ANN)
confusion matrices to categorise the cooling system faults.
The matrices indicate the accuracy of the classification of
training, validation, test and all data sets with the correct
classification proposed to be 100% on the class 1, 98% on
the class 2 and 99.9% on the class 3. The correctly classified
cases are under the green cells whereas misclassifications
are covered under the red cells. The rate of accuracy and
low error proves the efficiency of ANN in diagnosing the
error resulting in the cooling system, and provides reliable
monitoring and maintaining the compressor.

@ Springer

4.6 Implementation of ANN for the classification of
oil circuit faults

Structure choice Parameters and the classification range
of oil circuit in the screw compressor are listed in Table 7
with differentiation between Good, Alarm, Default states
depending on the values of temperature and pressure. Good
(40-70 °C), alarm (20-39 °C or 71-90 °C) and default
(below 20 °C or above 90 °C) are established as the tem-
perature ranges. In the same way, the pressure will be good
(6.4 t0 6.99 bar), alarm (5.8 to 6.39 bar or 7 to 7.39 bar), and
default less than 5.79 bar or more than 7.4 bar. These param-
eters are essential to observe the health conditions of the
oil circuit to make a timely detection and classification of
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Fig.8 Confusion matrices of the

Training confusion Matrix

Validation confusion Matrix
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the faults according to the ANN-based system that reached
100% accuracy at testing.

The results of the test to classify the oil circuit fault with
artificial neural networks (ANNSs) are described in Table 8.
Architecture 2—10-10-3 is the best one by performance as
it performed with 100% accuracy in classification errors
on the learning, validation, and test sets, and the root mean
square error (MSE) was minimal at 7.03e-13. Additional
architectures, 2—13-8-3 and 2-15-12-7-3, were also good
in performance reaching an accuracy of 98.8% and 99.5%
with an increased MSE value of 6.82 and 0.50 respec-
tively. These findings reflect the efficiency of the selected
ANN architecture in the precise classification of the oil
circuit faults, which could be used as an efficient industrial
diagnostic.

The efficiency test of the engine network was con-
ducted in Table 9 which explains that the ANN can classify
between the faults well by taking parameters such as tem-
perature (T), vibration (gA), and root mean square (RMS)

Target Class

as parameters. The table reflects the calculated outputs and
network outputs against each other portraying 100% accu-
racy of all the tested samples. The fact that the ANN has
successfully classified samples as good, alarm, or default
also proves the resilience of the architecture (3—12-7-3) as
well as its applicability to a screw compressor real-life fault
diagnosis scenario and is evident by each row (3—12-7-3).

Figure 11 shows the oil circuit ANN confusion matrices
and demonstrates how the model performs in categorizing
the faults as being within the classes of Good, Alarm and
Default. The matrices are highly accurate with a 100% cor-
rect classification rates on training, validation and test sets
as shown by the green cells in the diagonal representing cor-
rect classification of the samples. The small number of red
squares in its diagonal cells and the small root mean square
error (7.03 e-13) proves the ability of ANN in identifying
faults and thus far the effectiveness in doing so as well in
monitoring and maintaining the oil part of the compressor
system [39].
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Fig.9 Performance curve of the ANN of the CB
Table 4 Test results for CB compressor such as the engine, compression block (BC),
Architecture  Correct answers (%) MSE cooling, and oil circuit. Through careful architecture design
Learning  Validation Test  Total it has been demonstrated that ANN can be used to model
2-15-10-5-3 100 99.4 994 998  7.03e-13 nonlinear relationships between faults with optimal per-
2-13-8-5-3 100 100 9%8.1 9.7 476e18 formance in classifying faults (engine: 3-12-7-3, 100%
2*1‘2";03'63‘3 133 gz; 22411 zgg ;;‘ e'f accuracy, MSE=3.47¢-17; BC: 2-13-8-5-3, 100% accu-
_12-7-3- ) : . 3le- _ . : ©9_11-6- -
> 12753 100 100 100 100 013 .14 racy, MSE=4.76e-18; cooling system: 2—11-6-3, 99.4 fel

lowship, MSE=6.76e-4; The system is also proven to be
effective; not only through simple testing but also by rigor-

5 Conclusion

This paper demonstrates that the suggested Artificial Neu-
ral Network (ANN) based fault-classification system on
screw compressors shows outstanding correctness and
reliability in identifying faults in different elements of the

ous testing where the engine network was able to correctly
label the samples accurately, even in cases such as severe
vibration (RMS 5.1, gA 6) and high temperatures (130 °C).
Such findings demonstrate the ANN capability to reduce
maintenance expenses, improve the efficiency of the pro-
cesses, and provide fault detection in time, which is a solid

Table 5 Cooling system parameters

Classe Good Alarm Default
The codifications 1 0 0 0 1 0 0 0 1
The temperature (°C) [40, 60] [35,39] Under 35
[61, 64] More than 64
Pressure (bar) [6.15, 6.25] [5.8, 6.14] Less than 5.8
[6.26, 7.41] More than 7.41
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Table 6 Test results for the cooling system

Architecture  Correct answers (%) MSE
Learning  Validation Test  Total

2-11-6-3 99.9 98.7 98.1 994 6.76 e-4

2-10-5-3 99 98.1 97.4  98.6 0.00712

2-10-15-3 99.4 99.4 96.8 99 0.00446

alternative to the existing diagnostic methods. The com-
bination of such big amounts of data (e.g. 25,000+ engine
training samples) and use of more powerful activation

functions (tansig, logsig) also emphasises the scalability
and accuracy of the system. Although the proposed ANN
system proves to be highly accurate and strong within the
confines of the conditions tested, there are certain limi-
tations of this work, such as the use of data related to a
particular compressor model and working setting, which
may impact the generalizability. Moreover, the quality
and labelling of historical data used to train the evaluation
might not be as good in the industrial case. It is planned that
the system will be tested on other types of compressors and

Fig. 10 Confusion matrices of the Training confusion Matrix Validation confusion Matrix
cooling system
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Table 7 Oil circuit parameters
Class Good Alarm Default
The codifications 1 0 0 0 1 0 0 0 1
Temperature (°C) [40, 70] [20, 39] Less than 20
[71,90] More than 90
Pressure (bar) [6.4,6.99] [5.8,6.39] Less than 5.79
[7,7.39] More than 7.4
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Table 8 Test results for the oil circuit

various operating regimes to validate the system and apply-

Architecture  Correct answers (%) MSE ing adaptive learning methods to adapt to changing fault
Learning Validation Test  Total . . .
modes and insufficient data, and real-time deployment of
2-10-10-3 100 100 100 100 - 7.03 e-13 the system in distributed industrial networks will be inves-
2-13-8-3 100 99.1 932 98.8 0.000381 ti tydt ke th t tical and lient
2 15-12-7-3 100 991 974 995 297 ed igated to make the system more practical and resilient.
Table 9 Engine network effectiveness test results
Sample The desired outputs Network exits Answers
[T; gA; RMS]
[50:3.2;1.9] 1 0 0 1 0 0 TRUE
[60:4;1] 1 0 0 1 0 0 TRUE
[95:6;5.1] 0 0 1 0 0 0.999 TRUE
[105;0.5;2.5] 1 0 0 1 0 0 TRUE
[110;5:3.8] 0 1 0 0 1 0 TRUE
[130;6.3;5.5] 0 0 1 0 0 1 TRUE
[115;3;4.8] 0 0 1 0 0 1 TRUE
[86:4;6.6] 0 0 1 0 1 0 TRUE
Fig. 11 Confusion matrices of the Training confusion Matrix Validation confusion Matrix
ANN of the oil circuit
10.7% 0.0% 0.0% 0.0% 12.8% 0.0% 0.0% 0.0%
58 0 0 100% 15 0 0 100%
1 1
n 0.0% 46.3% 0.0% 0.0% » 0.0% 42.7.% 0.0% 0.0%
8 0 252 0 |[1000% | & 0 50 0 |100.0%
(®] O
52 52
a8 0.0% 0.0% 43.0% 0.0% a 0.0% 0.0% 44.4% 0.0%
a3 0 0 234 | 1000% | 3 0 0 52 | 100.0%
3 3
0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
100.0% | 100.0%| 100.0% 100.0% 100% | 100%
2 3 2 3
Target Class Target Class
Test confusion Matrix All confusion Matrix
9.4% 0.0% 0.0% 0.0% 10.8% 0.0% 0.0% 0.0%
11 0 0 100% 84 0 0 100%
1 1
@ 0.0% 59.8% 0.0% 0.0% ) 0.0% 47.8% 0.0% 0.0%
& 0 70 0 |100% | ® 0 372 0 |996%
O O
52 52
o 0.0% 0.0% 30.8% 0.0% o 0.0% 0.0% 41.4% 0.0%
3 0 0 36 |1000% | 3 0 0 322 | 100.0%
3 3
0.0% | 4.9% | 0.0% 0.0% | 0.0% | 0.0%
100.0% | 95.1% | 100% 100.0% | 100% | 100%
1 2 3 2 3
Target Class Target Class

@ Springer



The International Journal of Advanced Manufacturing Technology (2026) 143:6641-6656

6655

Author contributions N T; O.M; H.A; C.M: Conceptualization,
Methodology, Software, Formal analysis, Writing — original draft.
F.L.R; M.K : Writing—original draft, Data curation, Investigation, Vi-
sualization. M.R.S; C.A : Conceptualization, Writing—original draft,
Writing-review & editing, Supervision, Resources. I.M: Writing re-
view & editing; software; and Writing — original draft.

Funding No funding.

Data availability The datasets used and analyzed in this study are pre-
sented in the form of tables and graphs within the manuscript.

Declarations

Conflict of interest The authors declare no competing interests.

References

10.

12.

13.

Yang B, Lei Y, Li X, Li N (2024) Targeted transfer learning
through distribution barycenter medium for intelligent fault diag-
nosis of machines with data decentralization. Expert Syst Appl
244:122997

Dhiraj Neupane MR, Bouadjenek R, Dazeley S, Aryal (2024)
Machinery fault detection using advanced machine learning
techniques, in: PHM Society European Conference, Vol. 8, No.
1,p. 4

Qin Y, Liu H, Mao Y (2024) Faulty rolling bearing digital twin
model and its application in fault diagnosis with imbalanced sam-
ples. Adv Eng Informat 61:102513

Zhang W, Wang Z, Li X (2023) Blockchain-based decentral-
ized federated transfer learning methodology for collaborative
machinery fault diagnosis. Reliab Eng Syst Saf 229:108885
Yigit A, Yucesan, Felipe AC, Viana (2020) A physics-informed
neural network for wind turbine main bearing fatigue. Int J Progn
Heal Manag 11 (1)

Qing Ni JC, Ji B, Halkon K, Feng AK, Nandi (2023) Physics-
informed residual network (piResNet) for rolling element bearing
fault diagnostics. Mech Syst Signal Process 200:110544
Alzubaidi L, Zhang J, Humaidi AJ, Al-Dujaili A, Duan Y, Al-
Shamma O, Santamaria J, Fadhel MA (2021) Muthana Al-
Amidie, laith Farhan, review of deep learning: concepts, CNN
architectures, challenges, applications, future directions. J Big
Data 8(1):53

Purushottam Gangsar AR, Bajpei R, Porwal (2022) A review on
deep learning based condition monitoring and fault diagnosis of
rotating machinery. Noise Vib Worldw 53(11):550-578

Honghu Pan X, He S, Tang F, Meng (2018) An improved bearing
fault diagnosis method using one-dimensional CNN and LSTM,
strojni v ski. Vestnik-J Mech Eng 64(8):7

Abhinav Saxena R, Kumar AK, Rawat M, Majid J, Singh S,
Devakirubakaran GK, Singh et al (2023) Abnormal health mon
itoring and assessment of a three-phase induction motor using a
supervised CNN-RNN-based machine learning algorithm, Math.
Probl. Eng. (2023)

Zhang Y, Li X, Gao L, Wang L, Wen L (2018) Imbalanced data
fault diagnosis of rotating machinery using synthetic oversam-
pling and feature learning. J] Manuf Syst 48:34—50 Special Issue
on Smart Manufacturing

Qianjun Liu G, Ma C, Cheng (2020) Data fusion generative
adversarial network for multi-class imbalanced fault diagnosis of
rotating machinery. IEEE Access 8:70111-70124

Zheng T, Song L, Wang J, Teng W, Xu X, Ma C (2020) Data syn-
thesis using dual discriminator conditional generative adversarial

14.

15.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

networks for imbalanced fault diagnosis of rolling bearings. Mea-
surement 158:107741

Zhao B, Yuan Q (2021) Improved generative adversarial network
for vibration based fault diagnosis with imbalanced data. Mea-
surement 169:108522

Qian Q, Luo J, Qin Y (2024) Heterogeneous federated domain
generalization network with common representation learning
for cross-load machinery fault diagnosis. IEEE Trans Syst Man
Cybern Syst

Khouas AR, Bouadjenek MR, Hacid H, Aryal S (2024) Training
machine learning models at the edge: A survey, arXiv preprint
arXiv:2403.02619

Manan Mehta S, Chen H, Tang C, Shao (2023) A federated learn-
ing approach to mixed fault diagnosis in rotating machinery. J
Manuf Syst 68:687-694

Funa Zhou S, Liu H, Fujita X, Hu Y, Zhang B, Wang K, Wang
(2024) Fault diagnosis based on federated learning driven by
dynamic expansion for model layers of imbalanced client. Expert
Syst Appl 238:121982

Tao Wen X, Chen D, Zhang C, Roberts B, Cai (2024) A sequential
and asynchronous federated learning framework for railway point
machine fault diagnosis with imperfect data transmission. IEEE
Trans Ind Informat 20(6):8828—8837

Quan S, Peng F, Yu X, Li H (2023) Data augmentation strategy
for power inverter fault diagnosis based on Wasserstein distance
and auxiliary classification generative adversarial network.
Reliab Eng Syst Saf 237:109360

Yaoxiang Yu L, Guo H, Gao Y, Liu (2022) PCWGAN-GP: A new
method for imbalanced fault diagnosis of machines. IEEE Trans
Instrum Meas 71:1-11

Gu X, YuY, Guo L, Gao H, Luo M (2023) CSWGAN-GP: a new
method for bearing fault diagnosis under imbalanced condition.
Measurement 217:113014

Dongdong Wang Y, Dong H, Wang G, Tang (2023) Limited fault
data augmentation with compressed sensing for bearing fault
diagnosis. IEEE Sens J

Wengqian Jiang Y, Zhou HB, He X, Cheng C (2019) A GAN-
based anomaly detection approach for imbalanced industrial time
series. IEEE Access 7:143608-143619

Yan K (2021) Chiller fault detection and diagnosis with anom-
aly detective generative adversarial network. Build Environ
201:107982

Peng J, Shao H, Xiao Y, Cai B, Liu B (2024) Industrial surface
defect detection and localization using multi-scale informa-
tion focusing and enhancement ganomaly. Expert Syst Appl
238:122361

Hao Wen D, Van Maele JC, Poletto P, De Baets (2024) Kon stanti-
nos Gryllias, A gear health indicator based on f-anogan, in: PHM
Society European Conference, Vol. 8, No. 1, p. 12

Jia N, Cheng Y, Liu Y, Tian Y (2022) Intelligent fault diagnosis
of rotating machines based on wavelet time-frequency diagram
and optimized stacked denoising auto-encoder. IEEE Sens J
22(17):17139-17150

Cai W, Zhang Q, Cui J (2022) A novel fault diagnosis method for
denoising autoencoder assisted by digital twin, Comput. Intell.
Neurosci. (1) (2022) 5077134

Nian R, Liu J, Huang B (2020) A review on reinforcement learn-
ing: introduction and applications in industrial process control.
Comput Chem Eng 139:106886

Teimourzadeh H, Moradzadeh A, Shoaran M, Mohammadi-Ivat-
loo B, Razzaghi R (2021) High impedance single-phase faults
diagnosis in transmission lines via deep reinforcement learning
of transfer functions. IEEE Access 9:15796-15809

Belhadi A, Djenouri Y, Srivastava G, Jolfaei A, Lin JCW (2021)
Privacy reinforcement learning for faults detection in the smart
grid. Ad Hoc Netw 119:102541

@ Springer



6656 The International Journal of Advanced Manufacturing Technology (2026) 143:6641-6656
33. Zhou Z-H (2018) A brief introduction to weakly supervised learn- 38. Bre F, Gimenez JM, Fachinotti VD (2017) Prediction of wind
ing. Natl Sci Rev 5(1):44-53 pressure coefficients on Building surfaces using artificial neural
34, Imamura LY, Avila SL, Pacheco FS, Salles MBC, Jablon LS networks. Energy Build, 158
(2022) Diagnosis of unbalance in lightweight rotating machines 39. Yang Z, Yang Z (2014) 6.01 - Artificial neural networks. Compr
using a recurrent neural network suitable for an edge-computing Biomed Phys 6:1-17
framework. J Control Autom Electr Syst 33(4):1272—1285 40. NF E90-300 (1988) Measurement and evaluation of vibration

35.

36.

37.

Shi J, Peng D, Peng Z, Zhang Z, Goebel K, Wu D (2022) Plan-
etary gearbox fault diagnosis using bidirectional convolutional
LSTM networks. Mech Syst Signal Process 162:107996

Cabrera D, Guaman A, Zhang S, Cerrada M, Sanchez RV, Cev-
allos J, Long J, Li C (2020) Bayesian approach and time series
dimensionality reduction to LSTM-based model-building for
fault diagnosis of a reciprocating compressor. Neurocomputing
380:51-66

Zou L, Zhuang KJ, Zhou A, Hu J (2023) Bayesian optimization
and channel fusion-based convolutional autoencoder network for
fault diagnosis of rotating machinery. Eng Struct 280:115708

@ Springer

severity of rotating machinery - Acceptable vibration levels.
Association Francaise de Normalisation (AFNOR)

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.



	﻿Precision fault diagnosis in screw compressors using ANN
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Artificial neural network (ANN)
	﻿3﻿ ﻿Compressor description
	﻿4﻿ ﻿Implementation of ANN for air compressor unit fault classification
	﻿4.1﻿ ﻿Dataset description
	﻿4.2﻿ ﻿Initial network parameters
	﻿4.3﻿ ﻿Implementation of ANN for engine fault classification
	﻿4.4﻿ ﻿ANN implementation for compressor block (CB) defect classification
	﻿4.5﻿ ﻿ANN implementation for cooling system fault classification
	﻿4.6﻿ ﻿Implementation of ANN for the classification of oil circuit faults

	﻿5﻿ ﻿Conclusion
	﻿References


