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Abstract. This paper provides an initial analysis of neural network implementation possibilities in 
practical implementations of the prescriptive maintenance strategy. The main issues covered are 
the preparation and processing of input data, the choice of artificial neural network architecture 
and the models of neurons used in each layer. The methods of categorisation and normalisation 
within each distinguished category were proposed in input data. Based on the normalisation results, 
it was suggested to use specific neuron activation functions. As part of the network structure, the 
applied solutions were analysed, including the number of neuron layers used and the number of 
neurons in each layer. In further work, the proposed structures of neural networks may undergo a 
process of supervised or partially supervised training to verify the accuracy and confidence level 
of the results they generate. 
Introduction 
Currently, the leading maintenance technology used practically in enterprises is predictive 
maintenance, which is one of the elements of the Industry 4.0 strategy. It allows for the optimal 
use of machines and devices, eliminating or reducing the adverse effects of failures downtimes 
and improving the organisation of maintenance works by carrying out regular inspections of the 
technical condition of machines. The prescriptive maintenance strategy is a further development 
of the predictive maintenance approach. According to this strategy, the system should eliminate or 
reduce the effects of undesirable situations in the industrial process and generate automatic 
recommendations and warnings for maintenance services regarding the possible occurrences of 
potential problems in the future.  

A literature review by K. Lepenioti et al. [1] lists several methods used in prescriptive 
maintenance. The study provides the primary methods for implementing prescriptive analytics and 
identifies existing research challenges. The classification of methods for prescriptive maintenance 
includes the following categories: 
• probabilistic models, including Markov Decision Process, Hidden Markov Model and Markov 
Chain, are usually used to calculate the likelihood of certain events occurring (like a malfunction). 
The usage of probabilistic models allows the avoidance of continuous monitoring of actual data 
looking for patterns of events that have happened before; 
• mathematical programming is commonly used to solve complex decision-making problems, 
e.g. optimal or quasi-optimal allocation of scarce resources. It may use a variety of techniques and 
algorithms: Mixed Integer Programming, Linear Programming, Binary Quadratic Programming, 
Non-Linear Programming, Robust and Adaptive Optimization, Dynamic Programming, Binary 
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Linear Integer Programming, Stochastic Optimization, Conditional Stochastic Optimization, 
Constrained Bayesian Optimization, Fuzzy Linear Optimization, Optimal searcher path; 
• evolutionary computation algorithms used for stochastic optimisation in a multi-agent 
environment, inspired by the process of biological evolution: Genetic algorithms, Evolutionary 
Optimization, Greedy algorithm, Particle Swarm Optimization; 
• simulation is understood as the creation of simplified computer models and verification of their 
operation. It can be used in prescriptive analytics systems to increase the efficiency of the decision-
making process regarding infrastructure security and product quality. Main simulation methods 
include: Simulation over Random Forest, Risk Assessment and Stochastic simulation; 
• logic-based models are also used to improve the decision-making process. They usually store 
expert knowledge in the form of rules: Association rules, Decision rules, Criteria-based rules, 
Fuzzy rules, Distributed rules, Benchmark rules, etc.  
• machine learning and data mining use the following methods: K-means clustering, 
Reinforcement Learning, Privacy preservation, Boltzmann Machine, Nadaraya-Watson estimator, 
and Classical Artificial Neural Networks. The mentioned methods are used to build network 
models using specific sets of input and output data (training samples), which are then can 
a prediction or recommendation for other, similar data sets. Combining neural networks with 
machine learning algorithms seems particularly useful in solving too complex problems for 
probabilistic models, mathematical programming, and logic-based models. 
Implementations of Prescriptive Maintenance Strategy. The description of the conceptual 
model of the prescriptive maintenance strategy for the semiconductor production process was 
presented by Biebl et al. [2]. The core of the decision-making system is a 3-layer Bayesian 
network, trained to predict the causes of failures and generate recommendations regarding the 
possibility of potential problems. The study highlights the high requirements for ensuring the 
appropriate quality of training data and the need to classify service activities and generate 
documentation for the performance of these activities for individual components. The publication 
[3] presents the concept of building an integrated model covering both production planning and its 
maintenance using the prescriptive maintenance (PriMa) strategy. The proposed model covers 
maintenance, autonomous production control (APC), and production planning (PP). The decision-
making process is based on the maintenance of knowledge databases and model-based learning 
algorithms. A proposal to build a learning-based reference model following the assumptions of the 
prescriptive maintenance strategy is included in the article [4]. The proposed reference model 
supports the implementation of the PM strategy, facilitates the integration of scientific data 
processing methods to predict potential future events, and identifies action fields to achieve higher 
prediction accuracy. The authors also postulate using a strategy of continuous improvement of the 
reference model during its operation by adding patterns of all newly occurring failures to the 
database. K. Matyas et al. in [5] proposed an innovative procedural approach to the recommended 
maintenance planning in manufacturing companies. Multi-dimensional data analysis and 
simulation tools were used to analyse historical data on product quality machine and production 
program failures. A rule-based reaction model predicts system failures and proposes recommended 
maintenance measures using identified data correlations and incoming real-time machine data. The 
results of actual industrial implementation in a 3D machining centre of an automotive company in 
Austria are presented. The system consists of four main modules: (1) overview, (2) machine health 
prediction, (3) planning support, and (4) key performance index (KPI). The authors declare that 
the system allows predicting about 43% of unplanned downtime of machines caused by 
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mechanical failures. This effect leads to higher quality maintenance planning, including savings 
of up to 20% of the time spent on completing the entire maintenance process, including analysis, 
evaluation and manual activities. Additionally, a 30% reduction in maintenance costs was achieved 
by generating recommendations to avoid direct and indirect repair costs and an overall increase in 
equipment availability by 12%. 
Neural Networks in the PM Models. In the available literature, neural networks are usually 
included as components of decision models involved in the prediction process. However, there are 
no scientific publications on the practical aspects of using neural networks, deep learning and 
machine learning methods in the prescriptive maintenance process concerning the company's 
maintenance. In particular, there is a lack of studies on structures and datasets containing actual 
industrial data that can be used in this process. Wang et al. [6] used a neural network to predict the 
sound attenuation properties of glass fibre mats. In this case, the authors used a classic 3-layer 
nonlinear network with one hidden layer. The training process used one hundred fifty independent 
data samples from experimental studies. In the input and hidden layers, neurons with tan-sigmoid 
activation function were used, while in the output layer - linear neurons. The Matlab system 
implemented the network model, and supervised training was carried out using six different 
algorithms. A network trained with the Bayesian Regularization (BR) algorithm obtained the best 
prediction results. A mean relative error below 5% was acquired by a network trained with the 
Bayesian Regularization (BR) algorithm. Lazakis et al. [7] proposed a hybrid methodology for 
identifying critical systems and components of a Panamax size container ship through reliability 
modelling and monitoring their physical parameters through neural networks. In particular, 
artificial neural networks were used to predict the upcoming values of all main engine cylinders 
exhaust gas temperatures. A three-layer network with hyperbolic tangent transfer function in the 
hidden layer and linear neurons in the output was designed and trained. The results predicted by 
the neural network were validated through comparison with actual observations recorded onboard 
the ship. Inspiring models of artificial neural networks that quantify membrane fouling causes in 
a reverse osmosis system were created by E. A. Roehl Jr et al. [8]. The models were developed 
and trained based on a six-year process database and comprised 59 hydraulic and water quality 
parameters, representing 190 runs between membrane cleanings. The runs were segmented into 
two phases which were modelled separately. The trained network allowed identification and 
prediction of four parameters within phase 1 and five parameters within phase 2 which became 
crucial for the correct operation of the system and avoiding failures. Furthermore, the obtained 
results were consistent with the previously known failure mechanisms. Unfortunately, the authors 
did not provide precise data on the architecture of the neural network and the types of activation 
functions used.  

The carried out analysis shows that the use of neural networks and the related deep learning 
methods in the prescriptive maintenance process, especially about maintaining the company's 
operation, is currently in the phase of continuous growth. It is worth noting the growing interest in 
leading research centres. However, scientific publications on this subject are few. In particular, 
there are no studies on recommended network structures and real industrial data sets that can be 
used in the network training process. Hence, within this study, the tasks of formulating 
assumptions for constructing the neural network structure, selecting types of neurons, and 
normalising signals were undertaken. 

The issues discussed in this article may be of interest to a wide audience using data-driven data 
analysis methods, including in materials sciences [9-11], machining [12-14], thermodynamics of 
internal combustion engines [15], energy[16, 17], mechanics of solids [18, 19], BIM [20, 21], road 
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traffic engineering [22, 23], and even in military equipment [24, 25]. The developed identification 
(learning) techniques of neural networks can be used in analogous situations requiring the creation 
of appropriate predictive approximators [26-28] and classifiers [29]. 
Working Principle of a Neural Network 
Using a model based on neural networks requires extensive research to develop the most effective 
network structure (number of layers, number and types of neurons) and the selection of a training 
algorithm because it may be of significant importance for the subsequent operation of the model 
in industrial conditions. The proposed neural network design strategy is shown in Fig. 1. 

In the first phase, the inputs and outputs of the neural network are identified. The chosen input 
parameters are classified and normalised. Then, research is carried out to determine the structure 
and topology of the network, including the number of layers of neurons and the number and form 
of their activation functions in each of the layers. The final selection of individual parameters is 
assessed based on the obtained training results conducted using supervised learning techniques. 

Input Parameter Identification. The first step in preparing input data is to develop models of 
behaviour of a selected device or a group of similar devices, their characteristics and maintenance 
procedures. The models include separate devices based on their technical specifications, mainly 
the type and ranges of operating parameters. This requires grouping (classification) of devices and 
then assigning individual groups to specific steps in business processes and determining the 
expected results of their use. 

 
Fig. 1. Neural network design strategy for a selected device 

The conducted analysis allowed identification of the following tasks: 
• selection of input parameters that have a key impact on the correct operation of the device; 
• normalisation of input parameters. Typical input parameters ui are assumed to be: voltage signal 
e.g. 0-10 V, current signal 4-20 mA, values from the continuous range <a, b>, values from the 
finite set {u1, u2, …, uk} and logical parameters {false, true}. Values of logical parameters are 
mapped using a simple relation: {false, true} → {0   1}. Parameters with continuous or quasi-
continuous are normalised to the range <0, 1> according to the dependency: 
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For the parameter values from a finite set of size n, the following normalisation formula is 
proposed: 
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• creating the ideal reference output parameters: each identified input parameter is assigned a 
reference output value or range of values. This leads to designing a theoretical model of a device 
operating at its optimal conditions. The created model metrics also constitute a set of training and 
test samples for the neural network; 
• creating the reference samples for the occurrence of emergency states: these samples combine 
values of the input parameters out of the allowable range with identifiers of the possible 
malfunctions or other undesirable exceptional events. Such a situation should exceed the threshold 
output value of a neuron or a group of neurons in the output layer. 

Design of a Neural Network Structure. Based on previous publications on neural networks in 
the prescriptive maintenance strategy, a classic feed-forward network architecture was proposed, 
including the input layer, a certain number of hidden layers m, and the output layer. The scheme 
of the network is shown in Fig. 2.  

The following requirements and recommendations were taken into account when creating the 
network structure: 
• initial assumption of hidden layer number is m=3. However, there is a possibility of increasing 
the number in the case if the initial results of the effectiveness of the trained network are 
insufficient; 
• number of input signals u is k; 
• an initial number of neurons in hidden layers hi, where i = 1 … m depends on the layer number:  
h1, hm = 2 ‧ k, while h2, …, hm-1 = 3 ‧ k; 
• number of output parameters y represented by neurons in the last layer is p; 
• activation functions are the Swish function S(x) in hidden layers and the sigmoid (logistic) 
function σ(x) in the output layer. The Swish function is mainly dedicated to the hidden layers of a 
multi-layer network. In contrast, the sigmoid function gives a convenient range of the output signal 
<0, 1>, allowing easy identification of the permitted and emergency operational states. The 
formulas and graphs of the activation functions and their derivatives are shown in Eq (3), Eq(4) 
and Fig. 3. 

 
Fig. 2. Neural network architecture 
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Fig. 3. Activation functions: a) Swish, b) Sigmoid (Logistic) 

In the next step, the neural network should be subjected to a training process using sets of 
samples containing parameters and a device state corresponding to each sample (regular 
operation/occurrence of an emergency state). Verifying the correct operation of the synthesised 
neural network should take place by simulating the deviations of selected parameters from the 
standards and checking the related neural network outputs. It is expected that the acceptable 
efficiency understood as the percentage of correct messages for a given set of test samples should 
be about 75%. The verification is iterative, possibly changing the number of hidden layers and the 
number of neurons in each layer. The result of the work carried out within this study will be an 
object of a trained multilayer neural network. The object will be based on a selected device or 
process's behavioural patterns and performance characteristics. 
Summary 
The main contribution of this study to the development of the current state of the art is the proposal 
to develop an effective structure of the neural network concerning the Prescriptive Maintenance 
(RxM) strategy. This will fill the gap in research on the use of artificial intelligence (in particular 
neural networks) in this strategy and allow for its further automation process. The systematisation 
and analysis of data generated by enterprises to use them in the Prescriptive Maintenance strategy 
and the creation of behaviour patterns and corrective actions based on expert knowledge on 
devices, technologies, readout characteristics, etc., will also have a significant impact. The work 
proposes a methodology for identifying and normalising input and output signals to prepare 
training and test data samples. The architecture of a multi-layer neural network was also offered, 
which in the course of further work will be subjected to a training process using appropriate 
machine learning algorithms. 
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