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Abstract: Making sustainable business models, especially in manufacturing, is a key approach for 

organizations to adopt in order to create more sustainable processes. New technologies are needed 

to implement new policies that can minimize the economic, environmental, and social consequences 

of industrial activity. Sustainable maintenance is decisive to guarantee the availability, reliability, 

and safety of assets, surpassing traditional maintenance policies and embracing the principles of the 

circular economy. The main objective of Maintenance 4.0 is to increase the lifespan and availability 

of the equipment by preventing unplanned downtime, reducing planned shutdowns, and 

improving safety. This research focuses on the integration of advanced Industry 4.0 tools with 

conventional monitoring and control techniques in process industries. The article suggests that 

while complex neural networks might provide good predictions, simpler solutions can generalize 

well and have lower prediction errors because they can capture the underlying relationships 

between variables in a specific asset better. The combination of maintenance function, Industry 4.0 

tools, and advanced statistical solutions to obtain sustainable processes can facilitate organizational 

change and aid decision-making in equipment management. These solutions seek to reduce 

interruptions and expenses through the unnecessary utilization of labor and spare parts. All these 

considerations improve communication and data processing, resulting in improved maintenance of 

a hydrogen compressor in the petrochemical industry. 

Keywords: sustainable maintenance; Industry 4.0; forecast; neural network; hyperparameter. 

 

1. Introduction 

On September 2015, the UN General Assembly approved the 2030 Agenda, and its goals cover 

three dimensions of sustainable development: economic growth, inclusion, and environmental 

protection [1]. By implementing these objectives, the intention is to decouple economic growth from 

an intensive use of resources, energy and by reducing emissions and waste from the extraction, 

production, consumption, and disposal of goods. The diversity of discourses related to sustainable 

development, the complexity and multidimensionality of the concept, and the different worldviews 

and values make it impossible to establish a single correct interpretation of the term. Thus, [2] identify 

four interpretations of the concept of sustainable development that hinder its implementation in 

organizations and governments, mainly due to the disparity in interpretations of the same concept. 

On the other hand, a strategic initiative was launched at the Hanover Fair in 2011 by the German 

Government known as Industry 4.0 [3], which promoted a new approach aimed at empowering and 

transforming the manufacturing industry through the use of cyber-physical systems, the Internet of 

Things, and cloud computing [4]. In parallel with the two previous initiatives, the concept of strategic 

asset management is developed, guaranteeing the creation and maintenance of value throughout the 

life cycle of the assets. Thus, the EN16646 standard [5] shows the important relationships between 

operations and the maintenance of value throughout the life cycle of the physical assets. 
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The combination of traditional statistical tools has been used to develop prediction methods for 

preventive maintenance. Autoregressive moving average (ARMA) [6], autoregressive integrated 

moving average (ARIMA) [7], exponential smoothing [8] are commonly used in statistical forecasting 

methods. These methods are typically limited as they rely on a sole time series, whereas methods 

based on deep learning are capable of incorporating numerous variables as input. This development 

is characterized by the use of cyber-physical systems, and although there are many definitions [9–

12], all of them have in common 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 utilization in industrial environments 

requires the capture, processing, analysis, and storage of huge amounts of data. 

Organizations are forced to adapt to a new and changing environment as a result of the 

introduction of these new types of tools, which presents both opportunities and challenges. The 

implementation of this type of solution requires careful consideration and resolution of several 

difficulties, including the choice of technology to invest in, the management of current knowledge, 

its transfer, and the acquisition of new expertise [13] and [14] describes the implementation of a 

roadmap that optimizes the likelihood that these tools will be applied successfully. 

Neural networks provide a promising solution for handling massive data [15], and they are 

characterized by multiple layers that enable complex feature abstraction from data points [16]. 

Industry 4.0 has the potential to transform manufacturing by enhancing flexibility, mass 

customization, quality, and productivity by introducing the nine pillars of 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, and sustainability 

requires changes in the management of organizations, including policies and strategies within asset 

maintenance [17,18]. Moreover, [19] indicates that smart maintenance within Industry 4.0 is oriented 

towards self-learning, failure prediction, diagnosis, and triggering maintenance programs. At the 

same time, [20] identifies the suitability of its application since the utilization 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.  

Based on the aforementioned information, it can be identified that predictive maintenance is the 

most appropriate strategy of action in the context of Industry 4.0 and that predicting an asset's state 

is essential for preventing or minimizing catastrophic failures as well as achieving the goal of zero-

downtime in industrial systems [21]. You can refer to [22] to have a deeper understanding of the 

different machine learning strategies and how they connect with predictive maintenance in the 

context of sustainable manufacturing. 

This paper aims to address 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. This is a continuous manufacturing process, which means that a failure in any 

component of the facility could result in the entire production being stopped. An unplanned 

shutdown can cause a series of unwanted inconveniences for the organization, such as possible 

deterioration or breakage of other manufacturing process components like sensors, control valves, 

and pipelines, and the potential failure to meet delivery dates for customers. It can also cause 

additional costs for spare parts and maintenance staff overtime. Furthermore, it is essential for control 

room operators to monitor the compressor’s behavior and prevent it from operating outside the pre-

established working ranges for the output variable. The company's objectives include increasing the 

equipment's uptime, so the over-managers considered to use machine learning techniques to enhance 

the compressor's performance and predict possible undesirable operating states. 

Machine learning refers to the set of techniques and methods used by computers to 

autonomously extract complex patterns and relationships from large datasets and make decisions or 

predictions about real-world events [23]. The concepts used in machine learning are cross-

disciplinary and come from computer science, statistics, mathematics, and engineering. The main 

types of machine learning were outlined by [24] as supervised learning, unsupervised learning, and 

reinforcement learning. Predictions are made based on new or unanticipated data [25], unlike 
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unsupervised learning, in which an algorithm is trained using an unlabeled dataset [26]. Effective 

policies for complex tasks that typically require many interactions can be learned using reinforcement 

learning [27]. 

Deep learning is a branch of machine learning that focuses on the learning of data 

representations and of hierarchical features. In order to extract features, deep learning algorithms 

employ a system comprising numerous layers of nonlinear processing identities (neurons) that aid 

in data abstraction [28]. One of the main issues that this technique presents is distinguishing when 

the generated model is not overfitted to the training data and is able to generalize well when new 

data is presented. The difficulty in reading and comprehension of deep learning models might limit 

their practical application to non-qualified personnel. The primary drawbacks of using this 

methodology within organizations may be the management of large quantities of data, the utilization 

of expensive resources, necessity of large computational processing power, and a precise 

interpretation of the outcomes. Additionally, a sophisticated understanding of mathematical and 

statistical concepts is required. Due to the aforementioned factors, its implementation in small and 

medium-sized enterprises may prove to be challenging. 

Time series prediction holds significant importance in assisting decision-makers, not only in 

well-known aspects such as product or service demand, but also in predicting the functioning of 

equipment aimed at enhancing the reliability, productivity, and quality of products or services. 

Hence, traditional prediction systems that are based on Industry 4.0 necessitate timely analysis and 

treatment of data, thereby enabling the incorporation of trained machine learning models to improve 

the accuracy of such predictions. Although recurrent neural networks in their various forms have 

traditionally been used, architectures equipped with attention mechanisms commonly used in 

natural language processing, which are more complex and have a higher number of trainable 

parameters, should provide better results [29]. The full discussion of Transformer-based neural 

networks for time series prediction can be found in [30]. 

Although the concepts presented in this paper are obvious to neural network specialists, they 

can be complex for those who are not familiar with them, making their implementation and 

parameterization complicated, frustrating, and sometimes impossible. Using statistical tools, this 

article simplifies the most innovative neural networks that can be employed and, focuses on 

identifying the hyperparameters of a neural network that are significant for the process of forecasting 

and how to adjust them to obtain adequate predictions and facilitate its replication in real-world 

processes. 

1.1. Contribution of the Paper 

A summary of recent advances in supervised learning applied to time series forecasting will 

help non-qualified personnel implement sophisticated neural networks in maintenance processes. 

The main goals of this paper are listed below:  

1. A Transformer-based deep learning network is used to make temporal predictions about the 

outlet pressure of a hydrogen compressor, by utilizing compressor current consumption data as 

input. 

2. Identifying the primary parameters of the neural network and their optimal settings that 

minimize the prediction error through the utilization of statistical tools. 

1.2. Structure of the Document 

The structure of this paper is as follows: The description of the origin of Industry 4.0, sustainable 

manufacturing and the maintenance function, and their potential use in a real-world problem have 

been included in Section 1. Statistical tools that optimize the neural network are presented in Section 

2, which outlines the design of experiments. In Section 3, the main characteristics of the facilities are 

detailed, as are the data gathering from the device. The short explanation of the neural network 

Transformer-based can be found in Section 4, and the statistical results are described in Section 5. 

Finally, the conclusions and future directions are explained in detail in Section 6. 
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2. The Concepts and Procedures for the Utilization of Design of Experiments (DoE). 

Most practical situations where it is intended to control the output or response of a real process 

are conditioned by the existence of controllable variables (factors) and other unknown factors. The 

DoE is a methodology proposed by Ronald A. Fisher in the 1920s and 1930s and it encompasses a set 

of mathematical and statistical techniques that seek the effects on a measured response variable (Y) 

by manipulating simultaneously some input variables (Xs). 

In the application of DoE techniques, the main guidelines may include the following: (1) stating 

the objectives of the research, (2) defining the response variable(s), (3) determining factors and levels, 

(4) deciding the experimental design type, (5) conducting the experiment, (6) data analysis and (7) 

validation of the results. In order to estimate first and second order effects and cross-product, two-

level factorial designs are used, and the polynomial function must contain quadratic terms. An 

orthogonal design is shown in the equation below:  

 
𝑦 = 𝛽0 +∑ 𝛽𝑖𝑥𝑖

𝑘

𝑖=1
+∑ 𝛽𝑖𝑖𝑥𝑖

2
𝑘

𝑖=1
+∑ 𝛽𝑖𝑗𝑥𝑖𝑥𝑗

𝑘

1≤𝑖≤𝑗
+ 𝜀 (1) 

where k is the number of variables, 𝛽0 is the constant term, 𝛽i represents the coefficients of the 

linear parameters, 𝑥𝑖  represents the variables, 𝛽ii  represents the coefficients of the quadratic 

parameters, 𝛽ij represents the cross-product, and 𝜀 is the residual associated with the experiment 

(random error). 

The variables are usually expressed in different units and vary in different ranges, which makes 

it necessary to code them. If this is not accomplished, it is impossible to assess the relevance of a factor 

through the magnitude of the model coefficients. As a result, all factor levels are set at two levels (-1, 

+1) with equal spaced intervals between them. 

Hence, the factorial experiments with multiple factors with two levels (“high” and “low”), 

suggest that the complexity of the model grows exponentially (2k), and the experiment requires a lot 

of resources and time. Since a low number of main effects and lower order interactions are significant 

to the response variable, and higher order interactions are not significant, a Fractional Factorial 

Design may be chosen.  

The resolution of an experiment (expressed in Roman numbers) is a measure of clarity, in which 

the effects of factors can be estimated without confusion due to the interference of other factors. 

Resolution IV indicates that the no main effect or two-factor interaction is aliased with any other main 

effect or two-factor interaction, but two-factor interactions are aliased with three-factor interactions. 

3. Description of the Equipment, Facilities, and Data Collection 

A multistage (4-stages) hydrogen compressor is used to compress the gas from 0.35 kg/cm² to 

285 kg/cm², cooling the hydrogen after each stage to prevent its temperature from reaching above 150 

ºC (423 K). According to [31], the present level of preventive maintenance corresponds to level 3, as 

there exists a monitoring and alarm system that alerts operators in the event of any anomalies, in 

addition to the mandatory preventive maintenance every three months. 

The objective is to implement Industry 4.0 technologies with the aim of enhancing maintenance 

up to level 4 and reducing the over maintenance through the utilization of real-time data monitoring 

based on predictive techniques. The acquisition of knowledge involves the training of a neural 

network that employs self-attention mechanisms to identify the hyperparameter configuration that 

most effectively aligns with 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 in order to enable efficient analysis and decision-making. Figure 1 

illustrates how data is collected through the asset's sensors and connected via Ethernet to the control 

racks, which then send the signal to the unique database, which then shares the data through the 

OPC-UA server for subsequent processing by users. In the absence of a fog layer, the raw sensor data 

is transmitted directly to clients, who process the monitoring in real-time through a SCADA system 

and adjust variable values as required to prevent out-of-range operating situations. At present, the 

training processes for control operators are extensive due to the absence of any technological support 

for decision-making. Each action necessitates consultation with the most experienced operators until 
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the requisite knowledge and security are acquired for a proper evaluation of the situation by trainees 

and to prevent the shutdown of the entire installation. 

 

Figure 1. Collecting data from devices and transmitting it to the operators. 

The equipment produces data points every minute, with the output pressure nominally set at 

285 kg/cm² and controlled within limits of 265 and 305 kg/cm². With the objective of stabilize the 

process and improve the predicting capacities of the neural network, its necessary to operate on an 

hourly basis, and it is imperative to adjust the control limits to align with the new average values. 

This makes it easier to predict the next few hours of operation, as opposed to predicting the 

equipment’s behavior over the next few minutes. By applying the central limit theorem, the new 

limits have been established at 282.5 and 287.5 kg/cm² utilizing the expression σ= (305-265)/(6√60) to 

estimate the new standard deviation. Thus, the new limits control will be set at ±3 σ. The data 

depicted in Figure 2 corresponds to the hourly average of the outlet hydrogen pressure and the 

current consumption by the main motor. As can be observed, there are five scheduled equipment 

shutdowns (preventive maintenance), and the longest stoppage occurs during the summertime. 

 

Figure 2. Compressor outlet pressure and current consumption time series. 

4. Self-Attention Neural Network 

The network known as Transformer, originally designed for natural language processing, uses 

only attention mechanisms to predict the output sequence instead of Long Short-Term Memory 

(LSTM) networks along with attention mechanisms of type [32] or [33] as were previously 

implemented in these types of solutions. The innovative approach of Transformers employs three 

distinct attention architectures: self-attention for input data in the encoder, masked attention for the 

predicted sequences in the decoder, and finally, cross-attention, wherein the information from the 

encoders and the decoders, specifically from masked attention, are combined. 

The model inspired by [34] captures dependencies between distinct points in the time sequence, 

although instead of employing all parts of the Transformer network, including encoders and 
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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. 

Therefore, Figure 3 shows the network used, in which the normalized sequence of data to be 

predicted is introduced into a normalization layer before it enters multi-head attention block. Batch 

normalization is a regularization technique that is applied to input layers consisting of normalizing 

the activation values of the units in that layer so that there is a mean of 0 and a standard deviation of 

1 [35]. This improves stability and facilitates the convergence speed while avoiding problems such as 

exploding or vanishing gradients. You should not confuse batch normalization with input data 

normalization, which involves scaling input data to a specific range to improve numerical 

representation. 

The attention block uses three independent networks: query (Q), key (K), and value (V) to 

acquire information from the input data and obtain a proper representation of it. The block calculates 

the attention weight by dividing the dot product between the query and key vectors by a scaling 

factor (d), transforming it using the softmax function to obtain numerical values between 0 and 1, 

and finally multiplying it by the value vector (Equation 3) to condense the information into a vector 

for each data point or token. 

 
𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (

𝑄𝐾𝑇

√𝑑𝑘
)𝑉 (2) 

This set of layers and blocks forms the normalization and multi-head attention block. Multiple 

attention blocks can be used to detect further associations and relationships among data points and/or 

groups of data across different levels. These vectors are then combined using an additional neural 

network into a single compressed vector. Furthermore, a dropout layer is applied to its output [36] 

in order to prevent excessive overfitting of the model. 

The obtained vector is then 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. Finally, the output is added to the input of this layer, forming the encoder 

structure. Due to their feature extraction capability, convolutional networks are commonly used in 

data from numerical series.  

Convolutional networks are a type of dense, feed-forward neural networks that have been 

successfully applied in many domains [37], such as classification problems or time series classification 

[38]. This structure of the model allows to recognize specific patterns and abstract information from 

the input sequence. This architecture is called an encoder, and it can be repeated up to six times in 

succession. A global average polling 1D layer (GAP1D) is added to the output of the encoders for 

polling, preserving all relevant information in a single layer that is easily understood by dense layers 

equipped with another dropout layer to obtain the time series forecast. 

 

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

Once the self-attention mechanism network architecture has been defined, it is necessary to 

empirically analyze it and determine the value of hyperparameters that maximize the result (lower 
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MAE or RMSE) with the lowest computational cost. Statistical analysis allows only considering 

relevant factors, which result in a simpler model to train. 

5. Design of Experiment 

This approach is based on historical data, the value of the hyperparameters is simultaneously 

modified to identify which ones are significant in the network’s performance, in an attempt to 

minimize their outputs. In this case the mean absolute error (MAE), defined by 𝑀𝐴𝐸 = ∑
|𝑦̂𝑡−𝑦𝑡|

𝑇

𝑇
𝑡=1 , 

the root mean square error (RMSE), defined by 𝑅𝑀𝑆𝐸 = ∑ √
(𝑦̂𝑡−𝑦𝑡)

2

𝑇

𝑇
𝑡=1 , the trainable number of 

parameters and training time, where yt is the true output, ŷt is the estimation, and T the number of 

data points. Many times, some type of reduction has to be selected to reduce the number of runs and 

save resources and computing time, since the complexity of the DoE depends on the quantity of 

hyperparameters considered. Table 1 contains the factors considered in the study to determine the 

optimal size of the network to minimize the prediction error for the supplied data. Please note that 

these values are presented as normalized and encoded values of -1 and 1. 

Table 1. Hyperparameters considered in the model. 

 Hyperparameter -1 1  Hyperparameter -1 1 

A Sequence size 5 35 E No. encoder blocks 2 6 

B Head size 64 192 F mlp units 64 192 

C Number of heads 2 6 G Learning rate 0.0005 0.0015 
D F. Forward dimension 2 6     

Sequence size (A) indicates the number of data points from the temporal sequence that will be 

used in network training to obtain the forecast. Head size (B) refers to the number of neurons that are 

part of each head. The number of heads (C) is the number of hidden neural networks inside the 

transformer block. Feed-forward dimension (D) is number of the 1D convolutional layers. The 

number of encoder blocks (E) is the number of encoders that make up the network. mlp units (multi-

layer perceptron units - F) are the number of neurons that compose the dense network, and the 

learning rate (G) determines the step size at each iteration, moving towards the minimum of the loss 

function. 

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 their training, predicted data, and their 

experience, the control room technicians analyze the consequences of potential equipment out-of-

range operability or unplanned stoppages and then make decisions according to operational 

procedures. 

Due to the large number of factors being considered (7), the use of a fractional factorial design 

is deemed necessary. The resolution of a design depends on the number of runs desired and the level 

of acceptable aliasing among the factors and their second, third, or higher-order interactions. 

Therefore, IV is the smallest possible resolution for obtaining the most relevant attributes and the 

second order interactions. According to the assumptions, this is the best design, 27-3, although there 

is aliasing between the factors and second order interactions. Due to the chosen design, only 16 trials 

are needed to be conducted instead of the 128 and no replications are considered. The high or low 

values of the factors and the four response values are presented on Table 2. 

Table 2. Results of the experiment. 

A B C D E F G MAE min TP RMSE 

+ - + + - - + 17.4676 18 7 793 0.3182 

- - + - + - + 10.3694 11 16 649 0.2825 
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- - + + + + - 10.1799 11 17 617 0.2398 

+ + + - + - - 10.2230 212 50 825 0.3130 

+ - + - - + - 16.9314 12 12 505 0.3221 

- + - + + - + 9.5850 4 16 721 0.2734 

- - - + - + + 9.2802 1 3 185 0.2528 

- - - - - - - 10.4062 1 2 265 0.2785 

- + + + - - - 9.8325 3 16 625 0.2753 

+ - - - + + + 17.0954 7 12 553 0.3128 

+ + + + + + + 15.8387 66 55 633 0.3124 

- + - - + + - 9.6386 8 17 545 0.2422 

+ + - + - + - 16.1783 11 12 529 0.3121 

+ + - - - - + 18.7059 8 7 769 0.3232 

- + + - - + + 8.8957 7 17 497 0.2447 

+ - - + + - - 16.2595 9 7 889 0.3149 

After a regression analysis has been conducted for both the linear and quadratic models, Table 

3 displays the significant factors for each response variable. The quadratic model has a higher 

determination coefficient, which suggest that it explains the variability better than the linear one. 

Furthermore, their values are higher in both cases, indicating that the selected factors adequately 

explain the different response variables. 

Table 3. Significant factors for each response variable. 

 Model Output variable Relevant factor(s) R²  

 

Linear 

MAE A 0.856  

 Time None 0.561  

 TP B, C, E 0.812  

 RMSE A 0.931  

 

Quadratic 

MAE A 0.986  

 Time None 0.964  

 
TP 

A, B, C, D, E, F, AB, 

AC, AF, AG, BG, 
1 

 

 RMSE A, F 0.995  

It is easily deduced from the results obtained that, depending on the response variable 

considered, the results vary significantly. Consequently, the variables that affect the prediction 

capacity of the model (MAE and RMSE) are the sequence size and the mlp_unit. None of the factors 

affect the training time, and the number of trainable parameters depends on the complexity of the 

neural network, specifically the number of encoder blocks, head size and number of heads. 

After a screening has been conducted and the two variables that mainly affect the predictive 

capacity of the network have been determined, a second order complete factorial experiment is 

performed, adding the central point to identify if there is a curvature in the model. Figure 4 depicts 

this approach. 

Taking advantage of the fact that the remaining factors have no impact on the prediction capacity 

of the model, they are adjusted to their lower value (-1) in order to reduce the computational effort 

and processing time. The results obtained are shown in Table 4. 

Both in the linear and quadratic models, the only significant factor that minimizes the MAE is 

the size of the sequence, being significant only in the linear model of the RMSE. In this manner, the 

transformer architecture model that optimizes the prediction of the gas outlet pressure from the 

electric current consumed in the motor is defined by: Sequence size (5), Head size (64), No. heads (2), 

FF dimension (2), No. encoder blocks (2), mlp units (64) and learning rate (0.0015). 
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Figure 4. Full 2² experiment 

Table 4. Full factorial with significant factors (A and F). 

 (5, 64) (35, 64) (20, 128) (5, 192) (35,192) 

MAE 

10.224 

11.049 

10.799 

17.784 

16.975 

18.845 

13.344     15.254 

15.228     14.475 

15.183     14.886 

10.571 

8.632 

9.934 

17.387 

17.850 

20.129 

RMSE 

0.278 

0.230 

0.257 

0.302 

0.311 

0.307 

0.272     0.254 

0.293     0.243 

0.265     0.242 

0.261 

0.236 

0.230 

0.322 

0.332 

0.317 

Figure 5 shows a scatter diagram between motor consumption and output pressure for the 

training data. Their relationship being determined by y = 1.0274x + 34.24 (R² = 0.8654). The MAE of 

the test data in the regression model is 18.995 compared to 7.005 obtained by the neural network. This 

indicates that the prediction capacity is superior to that obtained by using more basic tools.  

 

Figure 5. Scatter plot of current consumption vs outlet pressure. 

If only the last 1,000 data points of the time series are considered, the results improve since the 

series is more stable, which reduce the mean absolute error to 2.848. The residuals, understood as the 

difference between the real value and the predicted value, present a bias, since they do not have a 

mean of zero, but rather 2,205, as is illustrated on Figure 6. According to [39], biases in machine 

learning are primarily attributed to the nature of the data utilized and can be classified into three 

distinct categories: covariate shift, sample selection bias, and imbalance bias. They can be 

summarized as a certain feature is not uniformly covered throughout the dataset, there is no clear 

correlation between a value and its label, or there are few samples for certain labeled values. The 

residuals exhibit a normal distribution of the data, with a standard deviation of 2.744. Therefore, the 

estimate given by the network can be modified by adding 2.205. In this manner, the MAE is reduced 

to 2.147. 
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Figure 6. Residuals of the last 1 000 predicted values. 

If a continuous reduction of prediction error is performed, an overfitting of the test data can be 

observed. Thus [40] suggest that the possible causes of this overfitting could be the use of excessively 

complex networks, the design, and use of models with a high number of features, or the use of few 

training data. 

6. Conclusions 

Reducing unplanned stops, needless maintenance, and preventing high asset deterioration are 

all part of improving the sustainability of industrial equipment. Thus, predicting their behavior using 

neural networks may seem counterintuitive, since the utilization of more intricate neural networks 

does not necessarily yield superior outcomes in terms of minimizing the prediction error in time 

series. Therefore, technicians and managers should not rush into the generation and design of 

intricate models in order to obtain better predictions (less error), since, as demonstrated in this paper, 

simpler architectures better capture the structure of the data.  

For the given time series and the defined network, the most important hyperparameter is the 

length of the input sequence to the network. The shorter the sequence, the lower the error. This 

implies that there is no autocorrelation between lag data points and that long sequences do not add 

relevant any information. This situation may be attributed to the fact that the control room operators 

manually adjust the values of the variables prior to any type of issue or critical circumstance arising. 

Therefore, the appearance of bias in the predicted data suggests that there is an ambiguous 

relationship between the compressor engine consumption and the hydrogen outlet pressure. In other 

words, it is not necessarily true that the lower the consumption, the lower the pressure, and vice 

versa. 

Neural networks designed can foresee compressor activity with a relatively low prediction error, 

even though the operators' behavior is not optimal for process management because it creates bias 

and obscures the compressor's true behavior. 
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