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Abstract: The unstable international economic situation is reflected in the supply chain stress, lack
or increased cost of some raw materials, fuel or semi-finished products is forcing organizations to
perform new optimization initiatives in the utilization of their equipment and assets pointed to
obtain the maximum value from them, while maintaining and even improving the quality of their
products. The achievement of these objectives involves the reduction or minimization of equipment
downtime to maintain the advantage over their competitors and ensure the organization's
competitiveness. The intelligent maintenance system (IMS) provides adequate support for decision-
making related to equipment maintenance, since poor maintenance results in unplanned stoppages,
with the consequent additional cost and increased customer dissatisfaction, and an over-
maintenance can result in an additional labor cost, time and the replacement of parts that are in
good conditions. The utilization of new tools and technologies introduced by Industry 4.0 offers
multiple opportunities for enhancement through communication and computerized data
processing, aiming to improve the maintainability of a hydrogen compressor using neural networks
based on attention mechanisms combined with linear regression.

Keywords: Intelligent maintenance; neural network; attention mechanism; transformer; time series
forecasting; internet of things; cyber physic system; monitoring; artificial intelligence

1. Introduction

The concept of Industry 4.0, also known as the Fourth Industrial Revolution, emerged as a
strategic initiative launched at the 2011 in the Hanover Fair by the German Government within the
"High-Tech Strategy 2020 Action Plan" [1] which an association of businessmen, politicians, and
academics promoted a new approach aimed at empowering and transforming the German
manufacturing industry through the use of cyber-physical systems (CPS), Internet of Things (IoT)
and cloud computing [2]. Since then, this term has evolved, encompassing increasingly diverse
interpretations, perspectives, and concepts, although it has a common element to all of them, “smart
manufacturing” consisting of digital manufacturing, digital-networked manufacturing, and
intelligent/smart manufacturing [3].

To a relevant extent, this development is determined by the use of cyber-physical systems and
although there are many definitions [4-7], all of them are characterized by the integration or
collaboration of computer systems with physical systems (mechanical, electrical and/or human) to
perform a specific function (communication and/or control) and perform real-time calculations
(analysis). Their use in industrial environments requires capturing, processing, analyzing, and
storing enormous amounts of data.

Industry 4.0 revolutionizes manufacturing by increasing flexibility, mass customization, quality,
and productivity through the introduction of the nine pillars: IloT (Industrial internet of things), Big
Data, horizontal and vertical integration, simulations, cloud, augmented reality, autonomous robots,
3D printing, and cybersecurity: The use of high technology implies changes in the management of
organizations, including policies and strategies within assets maintenance [8]. Furthermore, [9]
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indicate that intelligent maintenance within Industry 4.0 is oriented towards self-learning, failure
prediction, diagnosis, and triggering maintenance programs, and [10] indicate the suitability of its
use, since the use of supervised models for making forecasts will ensure that the process operates
correctly and efficiently without incurring high maintenance costs and reducing product quality
degradation.

2. Description of the equipment, facilities, and data.

This paper addresses the prediction of the behavior of a hydrogen compressor in the
petrochemical industry, specifically in the production of caprolactam used in the manufacture of
nylon 6 fibers. The compressor is used to compress hydrogen from 0.35 kg/cm? to 285 kg/cm? in a
multi-stage process where the hydrogen is compressed and cooled in four stages in order to keep it
below 150 °C (423 K).

The current level of preventive maintenance corresponds to level 3 according to [11] since there
is a monitoring and alarm system that alerts operators if any anomalies occur, in addition to
performing the mandatory preventive maintenance every three months. The objective is to employ
Industry 4.0 technologies with the purpose of increasing maintenance up to level 4, relying on real-
time data monitoring based on predictive techniques. Knowledge acquisition takes place through the
training of a neural network that uses self-attention mechanisms to determine the hyperparameter
configuration that best fits the type of data generated by the equipment. Due to the enormous volume
of real-time sensor data generated in facility operations, a highly specialized distribution control
system is implemented to enable efficient analysis and decision-making. Figure 1 shows how data is
collected through the asset's sensors and connects via Ethernet to the control racks, which in turn
send the signal to the unique data base which share the data through the OPC-UA server for
subsequent processing by users. In the absence of a fog layer, raw sensor data are transmitted directly
to clients who process monitoring in real-time through a SCADA system, and adjust variable values
as needed to prevent out-of-range operating situations. Materials and Methods should be described
with sufficient details to allow others to replicate and build on the published results. Please note that
the publication of your manuscript implicates that you must make all materials, data, computer code,
and protocols associated with the publication available to readers. Please disclose at the submission
stage any restrictions on the availability of materials or information. New methods and protocols
should be described in detail while well-established methods can be briefly described and
appropriately cited.
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Figure 1. Collecting data process from the compressor to operators.

The equipment generates data points every single minute, with the output pressure nominally
set at 285 kg/cm? and controlled within limits of 265 and 305 kg/cm?2. With the object of predicting its
operation on an hourly basis, these limits must be adjusted to match new average values. Applying
the central limit theorem, the new limits are established at 282.5 and 287.5 kg/cm? using the
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expression o= (305-265)/(6\60) to estimate the new standard deviation, thus the new limits control
will be set at +3 o.

The time series have been created by generating pseudorandom numbers and using sine
functions to generate seasonal behaviors, thus as shown in Figure 2, the data used have been created
from a series composition, consisting of a trend, two cyclical components (annual and quarterly), and
noise.
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Figure 2. Composition of the data generated for the time series.

Trend shape depicts an imbalance in the compressor that reduces the outlet pressure over time
and a manual adjustment by the control room operator is required no achieve the nominal value
again. Annual and quarterly series aim to symbolize the regular fluctuations due to changes in the
environment (ambient pressure and temperature) that affect the normal operation of the equipment.
The final model includes a noise part consisting of a normal distribution N(0, 0.032), in order to
incorporate an hourly variation component into the process, that is to say 0.250 of the minutely
variation of the data.

3. Neural network with self-attention.

Originally designed for natural language processing, the network of (Vaswani et al., 2017)
known as Transformer uses only attention mechanisms to predict the output sequence, instead using
LSTM networks along with attention mechanisms of type [12] or [13] as was previously utilized. The
novel approach of Transformers uses three types of attention architectures: self-attention of the input
data in the encoder, masked attention of the sequences it should predict in the decoder, and finally,
cross-attention, where the information from the encoders and that contained in the decoder,
specifically from masked attention, is integrated.

We use a model inspired by [14] to capture dependencies between separate points in the
sequence, although instead of using all parts of the Transformer network, including encoders and
decoders, to predict the behavior of time series values, only the self-attention mechanism of the
encoder is used along a feed-forward layer to obtain the output tensor. The attention block uses three
independent networks: query (Q), key (K), and value (V) to acquire information from input data and
obtain a proper representation of the data. For each attention head, the layer calculates the attention
weight through the dot product between query and key vectors divided by a scaling factor (d) and
transformed by the softmax function (Equation 1).

. QK"
Attention(Q,K,V) = softmax (Jd_) % 1)

k
The attended output of each attention head is used to compute a weighted sum of the value
vectors. In the end, all attended outputs from all attention heads are concatenated linearly to obtain

the final output of each attention head.

The additional utilization of convolutional networks is commonly used in data from numerical
series, due to the high feature extraction capability. [15] indicate that a convolutional network is a
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type of dense, feed-forward neural network has successfully applied in many dominions such
classification problems or time series classification [16]. Its structure allows the model recognizes
specific patterns and abstract information from the input sequence.

Additionally, [17] described the batch normalization as a regularization technique that is applied
to input layers consisting of normalizing the activation values of the units in that layer so there is a
mean of 0 and a standard deviation of 1, which improves stability and facilities convergence speed
while avoiding problems such as exploding or vanishing gradients. Do not confuse batch
normalization with input data normalization, which involves scaling input data to a specific range to
improve numerical representation.

At the output of the encoders a Global average polling 1D layer (GAP1D) is added for polling
and preserving all relevant information in a single layer that can straightforwardly understood by
single or multiple dense layers. Thus, Figure 3 shows the network used, in which the normalized
sequence of data to be predicted is introduced into a normalization layer prior to its entry into the
multi-head attention block, and a dropout layer is applied to its output [18] to prevent excessive
overfitting of the model. This set of layers and blocks forms the normalization and multi-head
attention block. The obtained vectors are added to the normalized input sequence and introduced
into the Feed Forward layers, which consist of a normalization layer, a dropout layer, and two 1D
convolutional layers, and finally, adding the output to the input of this layer, thus forming the
encoder structure. This architecture can be repeated up to six times in succession, although in this
study, the maximum number of encoders used is four. The output of the network is formed by a
GAP1D, and to conclude, the information passes through the dense layer equipped with another
dropout layer to obtain the time series forecast.

Normalization
and attention

Feed Forward

Dropout

3

CCIEEEEE e
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{ Transformer Encoder 1 } [Transformer Encoder 2 to 6 ]

Figure 3. Architecture of neural network used in the prediction model.
4. Results

4.1. Design of experiments and response surface method.

The flowchart followed in this methodology is shown in Figure 4, where, based on historical
data, the value of the hyperparameters is simultaneously modified to determine which ones are
significant in the performance of the network, attempting to minimize their output, in this case the

mean absolute error (MAE), defined by MAE = }7_; IﬁtT;y:I, where y: is the true output, Jt is the

estimation and T the number of data points. The design of experiments (DoE) size depends on the
quantity of hyperparameters, so in many times some type of reduction has to be selected to reduce
the number of runs and save computing time. Once the factors that significantly affect the output
variable are known, a response surface model is applied in order to determine which factors, or their
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interactions are relevant in the network performance and whether the point of minimizing the error
can be determined.
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Figure 4. Flowchart to predict the future behavior of the compressor.

To reduce the computational requirements of the hardware, relevant hyperparameters are
adjusted at the optimal point, while irrelevant factors are tuned to their lowest values. The neural
network is then trained using historical data while new data are collected from the compressor and
the model makes a prediction showing a time series. Based on training and predicted data, and their
experience, the control room technicians analyze the consequences of the potential equipment out-
of-range operability or unplanned stoppages and then make decisions according to operational
procedures. Moreover, the hyperparameters or factors considered in the study to determine the
optimal size of the network that minimizes the prediction error for the supplied data are collected on
Table 1, note that they are presented normalized and encoded with -1 and 1.

Table 1. Hyperparameters considered in the model.

Hyperparameter -1 1 Hyperparameter -1 1
A Sequence size 5 35 F  mlp units 64 192
B Head size 64 192 G mlp dropout 0 04
C Number of heads 2 6 H Dropout 0 0.5
D F.Forward dimension 2 6 I Learning rate 00005 0.0015
E  No. encoder blocks 2 4

Sequence size (A): indicates the number of data point from the temporal sequence that will be
used in the network training to obtain the forecast. Head size (B): refers to the number of neurons
that are part of each head. Number of heads (C): is the number of hidden neural networks inside the
transformer block. Feed Forward dimension (D): number of the 1D convolutional layers. No.
encoders blocks (E): is the number of encoders that forms the network. mlp units (multi-layer
perceptron units - F): is the number of neurons that compose the dense network and mlp dropout
(G): is the dropout probability of the dense layer. Dropout (H): Percentage of disconnected nodes
during training at the output of the attention block. Finally, the learning rate (I) determines the step
size at each iteration while moving towards a minimum of a loss function.

Due to the high number of factors being considered, 9, the use of a fractional factorial design is
deemed necessary. The resolution of the design depends on the number of runs desired and the level
of aliasing that is acceptable among the factors and their second, third, or higher-order interactions.
Thus, III is the smallest possible resolution for obtaining a screening of the most relevant attributes
[19]. In accordance with the aforementioned assumptions, the 27;° is the design that best fits the
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premises with a 25 reduction, although there is aliasing between the factors and second-order
interactions. As a result of the chosen design, only 24 (16) trials need to be conducted instead of the
512 initially considered in the model. Since a replication is performed to improve the error estimation,
a total of 32 runs are finally executed. In Appendix A, the Table Al with the conducted experiment
and the RSM are included on Table A2, showing the obtained MAE and the number of trained
parameters by the neural network.

From the experiment, two relevant values are obtained: the MAE and the number of trainable
parameters for each run, and Figure 5 shows the absolute value of the coefficients of the normalized
variables, with green indicating variables whose t-test is significant. Hence, four of the attributes were
found to be significant: data sequence size, number of neurons of the dense layer, number of heads,
and dropout of the dense network.

The Box-Behnken'’s response surface model only employs those four factors, with the aim of its
use being twofold: to recognize the optimal operating point of the neural network that minimizes
prediction error and to identify the existence of significative second-order interactions. The RSM
performs 24 runs to which 7 replications are added around the central point to be able to include
curvature in the model and a replica is performed.

sequence_size |
mip_units
No_of_heacs |
mip_dropout |
Head_size |
No_Trans_blocks | N
FF_dimension |
Learning rate |
Dropout [

0 0.0005 0.001 0.0015 0002 0.0025 0.003 0.0035 0004

Figure 5. Pareto diagram of the predictors for the fractional factorial design.

Figure 6 represents the Pareto chart of the absolute value of the coefficients of the normalized
variables and their second-order interactions, whose t-test is significant (green). The lowest MAE
depends on the size of the input sequence and the interaction between the input sequence size and
the number of neurons in the dense output layer. Specifically, increasing the number of neurons in
the output layer can lead to a decrease in the size of the input sequence, and vice versa. The equation
that estimates the MAE based on the value of the normalized significant variables is § = 0.037736 —
0.003021A —0.002103AF + 0.001795 A2.

00025

Figure 6. Relevant factors and interactions in the RSM.
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4.2. Neural network complexity.

Thanks to performing a large number of trials, abundant data is available relating to prediction
error and network size, allowing the study of whether the use of complex models enables improved
network performance or not. The relationship between the number of trained parameters and the
obtained MAE is shown in the scatter plot in Figure 7, conducting a linear regression to determine if
there is any kind of linkage between them.

0.05

0.045

0.035

o 5000 10000 15000 20000 25000 30000 35000 40000 45000

Figure 7. Relationship between number of trained parameters and MAE.

Surprisingly, the F-test of overall significance of the linear regression model indicates that both
of two variables are independent, therefore we cannot conclude that regression coefficient is different
from 0 which implies that the complexity of the network is not related to a reduction in the prediction
error, thus more complex models do not necessarily provide better estimations. The number of
trained parameters depends on the values of hyperparameters related to network size such as,
number of encoders, blocks, neurons, and input sequence size, while others such as learning rate or
dropout do not affect to the computational burden on the hardware. The results show that simple
models in terms of the number of blocks, heads per block, and number of encoders exhibit good
results, reducing computational effort and training time.

The RSM estimates the stationary point of the response surface in (A=3.754, C=-5.547, F=0.985,
G=1.019), and since it is out of the range of some factors and not all factors are significant, A=1 and
F=0.985 are considered, yielding an estimated mean absolute error of § = 0.0344. An extremely
complex model is not necessary, and only 8 921 parameters need to be trained, that corresponds to
sequence size (35), head size (64), no. of heads (2), feed forward dimension (2), no. encoders blocks
(2), and multi-layer perceptron units (128 rounded). Nothing has been mentioned regarding dropout
or learning rate, which can be adjusted to their minimum chosen values since it does not affect the
network architecture; however, to avoid overfitting or slow convergence, they have been set to
average values.

Just after training the model, a comparison can be made between the test data and those
predicted by the neural network, as shown in Figure 8, where a very good similarity between both
types of data can be observed. We perform a regression analysis to determine the linear relationship
between these values to discover whether a hidden structure exists or if we should use a simpler
model.

Histogram of value distribution: Test

50 4 Original dataset: Test
B Prediction dataset: Test

2854 285.6 285.8

Figure 8. Predicted vs original test values.
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Clearly, the linear relationship between the test and estimated data can be noticed in Figure 9,
which is why the regression line can be easily estimated, emphasizing the adjusted R? parameter,
which has a value of 0.9833, indicating that the regression model is capable of predicting adequately
based on the test data. The equation line is § = 15.0910 + 0.9471x and the estimation of the residual
standard error follows a normal distribution with mean 0 and standard deviation of 0.03669. In this
case, the whole neural network can be replaced by a linear regression.

286.4
286.2

286

285.6

285.4

285.2

285
285.1 285.2 285.3 2854 285.3 285.6 285.7 285.8 285.9 286 286.1 286.2

Figure 9. Actual and predicted values of data test.

4.3. Statistical analysis.

There are three types of data available for comparison, the test data, those obtained from the
neural network, and from the regression model, each presenting different characteristics as shown in
Figure 10.

Neural_Network

Data_fest }7 4{

286.0 2861
Outlet_pressure

Figure 10. Bloxplot comparing several data sources.

Multiple statistical tests are conducted to determine the normality of the data (Shapiro — Wilk)
and tests of equality of means (ANOVA) and variances (Bartlett’s test), and if any of them emerge
different, post-hoc analyses are performed to determine which group of data differs significantly
from the others.

From Figure 10 and Table 2, it can be easily inferred that the different data predictions have
different characteristics and although they all are normally distributed, both the mean and variance
tests are significant, since the null hypothesis is rejected, marking a difference between them. The
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post-hoc Tukey’s test indicates that there is a difference between the means of the series, except for
the mean of the original data test series and the mean of the data generated by linear regression. With
respect to variance, the paired tests with Bonferroni correction for the Bartlett test indicate that all
variances differ from each other, unable to affirm equality between any of them as shown on Table 3.

Table 2. Statistical tests for the several data sources.

Data source Mean sd Normality test Equal mean Equal var.
(p-value) (p-value) (p-value)

Data test 286.0 0.0327 0.4257

Neural Network  286.1  0.0142 0.6098 5.7510%  <2.2-1071¢

Regression 286.0 0.0513 0.6245

Table 3. Equal variance tests, paired samples.

Test K - squared Value
Neural Network vs Data test 59.034 1.549-10-15
Neural Network vs Regression 125.430 <2.2-1016
Data test vs Regression 18.753 1.635-10°

From the above results, none of the series generated by the models fit the initial test data as in
Figure 10, where data test (blue line), neural network prediction (red line), and regression forecast
(green line) are shown. This is where directors, supervisors, and people in charge should intervene
to decide regarding their utilization, specifically if they prefer type I or type II errors occur. A simple
description of both types of errors consists of the former not providing alarm signals when the
equipment is truly malfunctioning, while the latter will provide failure signals when the compressor
operates correctly. The neural network will generate type I errors and regression of type II.

Although all the series have different variance, the fact that the original time series and the data
provided by the regression have the same mean does not imply that they should be discarded.

Wl ﬂmﬁ\mw\’

Figure 10. Prediction of the next 96 hours (4 days).

The final consideration is the interconnection of the data generated by the model and the control
system. Due to the continuous nature of the manufacturing process and the high cost of a stoppage,
the connection of the prediction model with the control system of the installation is not considered.
As indicated in Figure 4, the final decision about the prediction data point and what to do belongs to
the technicians of the control room.


https://doi.org/10.20944/preprints202306.1464.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 June 2023

10

5. Conclusions

Although it may seem counterintuitive, the use of more complex neural networks does not
necessarily produce better results in terms of minimizing the prediction error in time series.
Therefore, technicians and managers should not rush into the generation and design of intricated
models with the aim of obtaining better predictions. For the given data and defined network, the
most important hyperparameters are the length of the input sequence to the network and the dense
layer size at the output. The longer the sequence, the lower error, but at the same time, if long
sequences are used to provide information, the size of the dense layers at the output of the network
can be reduced.

Due to the linear relationship between the test data and those provided by the neural network,
the prediction model can be simpler by employing just a model based on linear regression, where the
independent variable is the data provided by the compressor and the dependent variable is the
prediction. Considering that the responses of both models differ from the original data, either one
can be selected, depending on the type of error that is wanted to commit in the prediction. It goes
without saying that the regression model depends directly on the trained neural network model, so
any of the solutions hinges on an adequate design of the network.

The work developed here is an approach to predict only the outlet variable, and future studies
might focus on the multivariate analysis of the time series, which includes other variables such as
temperatures, compression ratios, and internal pressures of the compressor that might allow for
reducing the MAE. Another approach could refer to anomaly detection through the use of other types
of sensors (accelerometers) and detect in which state the asset is in and predict the next stage instead
of predicting its future behavior.

Appendix A

The following table shows the design of experiment employed to screen relevant factors,
including the number of parameters, the measured MAE, and that obtained in the experiment's
replication and the value of the coded variables as (+) and (-).

Table A1. DoE collecting data.

# A B C D E F G H 1 Parameters MAE Replica
1 + - + + - 4+ + - - 12529 0.0354 0.0321
2 4+ - - - - - - - 4185 0.0358 0.0341
3 4+ 4+ - o+ + - 4+ - - 13217 0.0464 0.0438
4 - 4+ + - - -+ 6769 0.0423 0.0425
5 - - - - % + -+ 5025 0.0423 0.0424
6 - + + - - - 4+ - o+ 16 601 0.0462 0.0444
7 - - 4+ 4+ o+ - - -+ 11297 0.0427 0.0425
8 - - 4+ - 4+ - + + - 11249 0.0454 0.0452
9 + - 4+ - - + - + + 12505 0.0304 0.0305
10 + + - - 4+ - - + + 13169 0.0443 0.0325
11 - + + + - -+ - 16 625 0.0423 0.0439
12+ - - + - - o+ o+ 4+ 4209 0.0388 0.0377
13 - - - + 4+ + - + - 5025 0.0423 0.0435
14 + + + + + + + + + 39457 0.0344 0.0324
15 - + - - - + + + - 6745 0.0429 0.0423
16 + + + - + + - - - 39409 0.0325 0.0313

Finally, the last table depicts the RSM and the coded attributes as (+), (0) and (-), and the number
of parameters, MAE and its replica.

doi:10.20944/preprints202306.1464.v1
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Table A2. RSM collecting data.

# A C F G Parameters MAE Replica
1 - + 0 0 6297 0.0314 0.0429
2 + - 0 0 6553  0.0318 0.0361
3 0 0 - - 5017 0.0319 0.0388
4 + + 0 0 10137  0.0331 0.0429
5 0 0 0 0 6425 0.0309 0.0372
6 0 0 + + 7833 0.0311 0.0371
7 0 0 - + 5017 0.0361 0.0414
8 0 0 + - 7833 0.0316 0.0366
9 - - 0 0 2713 0.0314 0.0424
10 0 0 0 0 6425 0.0310 0.0374
11 0 0 0 0 6425 0.0330 0.0406
12 0 0 0 0 6425 0.0309 0.0382
13 - 0 0 + 4505 0.0322 0.0427
14 0 - - 0 3225 0.0336 0.0360
15 0 + - 0 6809 0.0351 0.0410
16 0 0 0 0 6425 0.0306 0.0370
17 + 0 0 - 8345 0.0313 0.0329
18 0 0 0 0 6425 0.0310 0.0375
19 0 0 0 0 6425 0.0309 0.0362
20 0 - + 0 6041 0.0306 0.0388
21 + 0 0 + 8345 0.0357 0.0347
22 0 + + 0 9625 0.0302 0.0378
23 - 0 0 - 4505 0.0309 0.0421
24 + 0 - 0 5977  0.0382 0.0407
25 0 - 0 + 4633 0.0318 0.0375
26 0 + 0 + 8217 0.0314 0.0362
27 0 - 0 - 4633 0.0298 0.0365
28 + 0 + 0 10713 0.0303 0.0320
29 - 0 + 0 4953 0.0310 0.0425
30 - 0 - 0 4057 0.0318 0.0428
31 0 + 0 - 8217 0.0302 0.0358
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