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Abstract: The paper develops a method for predicting the parameters of a complex chemical energy-technological 

system of recycling wastes from apatite-nepheline ore processing. The relevance of the study is explained by 

the necessity of decreasing environmental damage caused by mining-and-processing integrated works to 

adjacent areas and by the recyclability of the wastes having a rich chemical and mineralogical composition, 

which enables them to be viewed as technogenic deposits. The technological system implements the process 

of yellow phosphorus production from apatite-nepheline ores, the source information about its parameters 

being presented as a multivariate time series. For forecasting, the method employs a long short-term memory 

deep recurrent neural network. The network is an autoencoder-based one, with an encoder at the input and a 

decoder at the output. The novelty of the method lies in the adaptation of the autoencoder architecture to 

solving the problem of predicting the parameters of a technological system and in the introduction of an 

attention mechanism into its structure. This allows the decoder to receive information about the intermediate 

internal states of the encoder and increases the forecast accuracy, as is confirmed by a model experiment 

performed in Matlab. 

1 INTRODUCTION 

The application of cyber-physical systems to 

implement various processes implies using hardware 

(units, devices) responsible for performing different 

stages of these processes. A complex chemical 

energy-technological system (CETS) of phosphorus 

production from apatite-nepheline ore waste, 

developed within the concept of circular economy, is 

an example of such hardware (Puchkov, 2022). It 

comprises three tandem process units: a granulator, a 

conveyor-type multi-chamber calcining machine 

(CTMCM), and an ore thermal furnace (OTF) 

(Meshalkin, 2019). The CETS is characterized by 

large amounts of consumed power, about several tens 

of megawatt. This foregrounds the problem of 

optimizing the power consumption of the CETS since 
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even a small percentage of energy saving results in 

large values in absolute terms. Within solving the 

problem of optimizing the power consumption of the 

CETS, it is necessary to have data on the current state 

of the process, as well as the forecast of its changes at 

various time horizons. The current state is estimated 

by the information coming from the instrumentation, 

and the prediction functions are implemented by the 

information and analysis support of the intelligent 

monitoring system; the improvement of this support 

increases the prediction quality due to the application 

of new methods and algorithms (Solopov, 2021). 

They are currently being rapidly developed for 

various applications and subject areas due to great 

prospects offered by deep learning (DL) as a branch 

of machine learning (ML) and artificial intelligence 

(AI). DL is now considered to be the main technology 

of Industrial Revolution 4.0 (Sarker, 2021), which 
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implies a wide-scale application of cyber-physical 

systems to meeting human needs and manufacture. 

The aim of this study is to improve the CETS 

parameter prediction method based on the application 

of a deep artificial neural network (DNN) through the 

implementation of the attention mechanism (AM). 

This mechanism allows searching for interrelations of 

input and output data sequence lengths (Vaswani, 

2017).  

Attention is a metaphoric term in this context, i.e. 

AM simply facilitates focusing on separate data 

sequence elements which are the most significant in 

DNN response production. Initially, neural networks 

with AM were meant for natural language processing. 

However, it follows from the summary of the 4th 

annual report on the state of AI, recently published by 

N. Benaich, general partner of Air Street Capital, a 

venture company specializing in AI startups 

(https://www.stateof.ai/), that AM technologies have 

turned into general-purpose architecture for ML. 

General-purpose architecture implies that AM 

enables one to work with any input data if a neural 

architecture returning the set of annotation vectors 

can be selected for them. The Transformer neural 

network architecture presented by Google Brain 

researchers in 2017 and based on the attention 

mechanism became the main trend in AI systems in 

2021, and it is used in the most effective state-of-the-

art models, such as BERT and GPT. 

The transformation of AM technology into 

general-purpose architecture can be confirmed by 

numerous publications describing its various 

applications in areas not related to word processing, 

e.g. for information system intrusion detection 

(Laghrissi, 2021), in visual monitoring systems (Fan, 

2021), in pharmacy (Ye, 2021), in seismology, in 

behavior recognition systems, in medicine (Junlong, 

2020), for passenger traffic prediction, etc. All those 

publications report that AM-based models offer better 

prediction accuracy as compared to other approaches, 

including DNN-based ones, not using AM. 

The scientific novelty of this study lies in a 

developed method for predicting CETS parameters, 

which is based on the idea that data in engineering 

systems can be processed on the basis of revealing 

interrelated arrangement in their sequences, similar to 

natural language. To some extent, this assumption can 

be based on panpsychism views, the Penrose–

Hameroff theory of conscience (Hameroff, 2019), 

and the extension of the principles of cognitive 

semantics on the description of processes in 

inanimate objects. To support the idea, (Ntakouris, 

2021) can be mentioned, where the Transformer 

architecture is applied to timeseries instead of natural 

language. 

2 MATERIALS AND METHODS 

The aforementioned idea is supported by the fact that 

the individual units, namely the granulator, the 

CTMCM, and the OTF are arranged sequentially in 

the CETS. The granulator pelletizes the incoming 

crude ore; the resulting green pellets enter the 

calcining machine to be devoid of excess moisture, 

and the dried pellets are melted in the OTF, thus 

releasing gaseous phosphorus, which is the desired 

product of this processing procedure. This 

arrangement makes it so that the output parameters of 

one unit are the input parameters for the next one; 

therefore, in the sequences of parameter values there 

must be an interrelation similar to the predetermined 

arrangement of words in sentences. This interrelation 

is expected to be detectable by DNN with AM, which 

can provide higher accuracy in solving problems of 

classifying CETS states and regression. 

The autoencoder architecture includes an encoder 

and a decoder (an encoder-decoder model), and the 

proposed method employs a sequence-to-sequence 

data model, which reflects the form of the CTMCM 

parameters as a multivariate time series (. In the 

proposed architecture, the autoencoder consists of 

two deep recurrent neural networks (Fig. 1): 

– Encoder, which receives the input sequence of 

CETS parameters;  

– Decoder, which generates the output sequence of 

CETS parameter forecasts and to which AM is added.  
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Figure 1: The encoder-decoder recurrent model employing 

AM. 

Figure 1 has the following notations: Sequence 

Input – the layer receiving the input sequence and 

preparing it for feeding to the input into the LSTM, 

i.e. a recurrent layer of long short-term memory; 

Stacked LSTM – the stack of layers of recurrent DNN 

LSTM; Concatenate – the layer integrating several 



input vectors into one; Fully Connect – the fully 

connected layer; Softmax – the layer converting the 

input vector containing arbitrary values into the 

distribution of nonnegative weights whose sum is 

equal to 1. The input sequence is formed from the 

vectors G(ti), S(ti), and R(ti) containing the results of 

measuring the CETS parameters at discrete times ti. The 

vector G includes the following: g1 – water mass flow 

rate; g2 – crude ore mass flow rate at the entrance to 

the granulator; g3 – the tilt angle of the granulator 

plates; g4 – the power supply voltage of the plate drive 

motor. The vector S includes the following: s1 – pellet 

mass flow rate at the entrance to the CTMCM; s2 – 

the average temperature of the heat-carrier gas at the 

entrance to the vacuum chambers; s3 – the average air 

temperature at the exit from the vacuum chambers; s4 

– the total airflow rate in the vacuum chambers. The 

vector R includes the following: r1 – the average pellet 

diameter; r2 – finished pellet mass flow rate; r3 – 

phosphorus mass flow rate; r4 – phosphorus purity 

degree (Dli, 2022). The composition of the vectors 

can be changed according to the necessary detailing 

of the processes in the CETS. 

In the training set, the target values of the output 

sequence were time-shifted relative to the input 

sequence by the forecast range (delay), and this provided 

DNN training for generating predicted values 

G(ti+delay), S(ti+delay), and R(ti+delay). Prediction 

accuracy increases due to the fact that the AM must 

provide a richer context from the encoder to the decoder, 

and the latter identifies what should be paid attention to 

when predicting each time step of the output sequence. 

The AM thereby eliminates the encoder-decoder 

architecture limitation for long sequences and, on the 

whole, increases the skills of the model in forecasting 

problems. The proposed method for predicting CETS 

parameters has been tested by means of the developed 

program in the Matlab 2021b environment. This 

environment has a large set of tools for constructing 

DNNs of various architectures, e.g. multilayer 

perceptrons, recurrent, convolutional networks, etc., and 

it offers a large number of implementations. 

In order to implement the AM, a separate 

computational structure was developed, which was 

incorporated in the encoder-decoder software 

architecture, which is well known and has been used for 

a fairly long time (Nakayama, 2017) to solve various 

problems of data conversion. In the encoder-decoder 

architecture without the AM, the encoder memorizes the 

input sequence U=(G(ti), S(ti), R(ti)) in one output latent 

state transmitted to the decoder, which can no longer see 

the whole input sequence. The application of AM 

enables the decoder to eliminate this limitation and, 

during the formation of the output sequence elements, to 

address to different encoder states based on the input 

sequence.  

In terms of software implementation, AM is the 

function which, during the formation of an output 

sequence, takes in one of the latent states of the encoder 

and the decoder and yields an estimate to characterize 

how significant it is now for the decoder to look at this 

latent state of the encoder, so that it can correctly form 

the current element of the output sequence. Thus, the 

AM provides the neural network with a mechanism 

telling the decoder how significant it is for it to pay 

attention to a specific element of the input sequence. 

The latent states of the decoder and the encoder are 

respectively denoted as Hd = (hd0, hd1, hd2, hd3) and 

He = (he0, he1, he2, he3). At the initial moment the decoder 

has a state hd0, and it must obtain the next output 

sequence element at the output (at the initial moment it 

is G(t0+delay)). The AM passes hd0 and he0, he1, he2, he3 

through itself and yields the estimates W = (w0, w1, w2, 

w3) reflecting the significance of the input sequence 

elements (Fig. 2). After the estimates W are obtained, 

they are fed to the Softmax layer, from whose output we 

obtain normalized estimates P = (p0, p1, p2, p3) adding 

up to 1. 
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Figure 2: AM structure. 

The context vector C = He ◦ P is formed based on He 

and P, where ◦ denotes the Hadamard matrix product. 

The context vector is used to form the decoder output 

D = f([y1,C], hd0,), where the brackets denote vector 

concatenation and y1 is the decoder input (originally, it is 

BOS – begin of sequence), for it to generate the first 

element of the output sequence. As a result, the 

probability distribution at the decoder output takes into 

account not only hd0 and y1, but also the context vector 

C. The latter provides the decoder with information that 

allows it to calculate the first output sequence element in 

the best possible way, the vector G(ti+delay) in this case.  



With the entrance of a new element of the sequence 

U, a new context vector C is formed, the previous output 

D and the new context C are fed to the decoder input, 

etc. As a result, the decoder will gradually generate the 

whole sequence: G(ti+delay), S(ti+delay), and 

R(ti+delay). 

The function Att(hei, hdj) implementing the AM can 

be different, e.g., it can be matrix multiplication, and for 

hd0 it will be represented by a row vector (< he0, hd0 >, < 

he1, hd0 >,< he2, hd0 >,< he3, hd0 >). In the proposed 

recurrent architecture, a fully connected single-layer 

neural network is used for Att(hei, hdj), which was created 

with the use of fully Connected Layer from Matlab Deep 

Network Designer. This network takes in encoder and 

decoder state concatenations and gives normalized 

estimates: P = Att(hei, hdj) = fully Connected 

Layer(hei, hdj). After the joint training of the encoder, the 

decoder, and the fully connected network, the elements 

P will represent the significance level of this or that input 

sequence element in the formation of the output 

sequence element.  

The encoder, the decoder, and the AM in Matlab 

software are described by the following functions: 

- model Encoder receives the input sequence U and 

returns the latent states; 

- model Decoder receives the encoder output data, 

the context vector, and the initial latent state and returns 

the updated context vector, decoder output, the updated 

state, and AM weights; 

- attention returns AM weight estimates at each time 

step. 

To prevent the sharp increase or disappearance of 

activation outputs during DNN training, various layer 

weight initialization methods presented in Matlab were 

applied. The initialize Glorot method implementing 

Glorot initialization was applied for the AM. 

3  INTERPRETATION AND 

DISCUSSION OF RESEARCH 

RESULTS 

To generate training data, a model was created in 

Simulink, whose structure is shown in Fig. 3. Since the 

mathematical description of the CETS as a 

multidimensional controlled object is an aggregate of a 

large number of partial integro-differential equations, it 

is a separate complex problem to obtain the values of the 

parameters for them to be used in DNN training. 

Therefore, a simplified approach was used in the model 

experiment, considering dynamic models only in one 

channel reflecting the material balance of the process in 

the CETS in terms of incoming crude ore and the yield 

of the finished product (phosphorus).  

Approximation of the acceleration characteristics of 

individual units was used for this channel, namely the 

granulator s1(g2), the calcining machine r2(s1), and the 

ore thermal furnace r3(r2), in order to obtain their 

transfer functions, which were utilized to obtain training 

samples. DNN training in the model experiment with the 

developed software for predicting CETS parameters was 

based on a generated sample containing 30000 pairs 

{U(ti), U(ti+delay)}, 22000 of which were allocated to 

the training set, 4000 were assigned to the testing 

sample, and 4000 to the validation one. 

 

Figure 3: Simulink model for training data generation. 

The transfer functions were obtained as inertia links 

with a delay of the form W(p)=ke-τp/(1+pT), where p is 

the Laplace variable and k, T, and τ are parameters 

determined by the acceleration characteristic of a 

corresponding object. Simple proportional models were 

used for the other parameters in the sequences U(ti). 

Besides, the proportional model in the channel s3(s2) 

took into account the heat-carrier transit time in the 

vacuum chambers, and this is represented by using the 

link of transportation delay by the time τ from the 

Simulink library, s3=k .s2
.1(t–τ), where k is the object 

transmission factor.  

The input parameter g2 was represented as a linearly 

increasing signal with a harmonic component, and the 

parameters g1, g3, and g4 were set constant. All these data 

were normalized to the range [0; 1]. To simulate the 

measurement noise, a uniformly distributed random 

signal from the range [−ξ; ξ] was additively impressed 

on all the parameters.  

The DNN was trained within 80 epochs in a 

notebook with an AMD Ryzen 7 3750H processor 

(2.3 GHz) and an NVIDIA GeForce GTX 1650 video 

card. Figure 4 shows a change in the metric loss of the 

DNN in one of the experiments, which represents the 

behavior of this metric, typical of all the experiments. 

The quality of the proposed DNN model was tested 

on the validation sample based on the calculation of the 



root-mean-square error (RMSE). Fig. 5 shows the delay 

dependences of the RMSE for three values of ξ. 

The visual analysis of the dependences shows that the 

DNN with the AM provides a lower error than the DNN 

without the AM, this being particularly noticeable on 

large prediction intervals. This can be an experimental 

verification of the stated proposition that the attention 

mechanism in neural networks is able to reveal the 

interrelated organization in the sequences of process 

parameter values, which are presented as multivariate 

time series, and to provide higher prediction accuracy 

than a DNN without the AM.  

 
Figure 4: Loss metric variation during training. 

 

 
Figure 5: The delay and ξ dependences of the prediction 

error. 
 

In the proposed version, the AM decoder takes into 

account only the latent states of the encoder; however, 

more complex implementations of this mechanism are 

also possible, e.g. Self-Attention and Multi-Head 

Attention, which also provide higher quality of time-

series prediction as compared to other methods (Gao, 

2022). Note in addition that various AM variants find 

application in analysis of images to provide more 

complete acquisition of a vast amount of semantic 

information contained in them, thus significantly 

increasing the effectiveness of recommendation systems 

(Zhong, 2020). 

4 CONCLUSION 

The study has yielded a method for predicting the 

process parameters of phosphorus production from 

apatite-nepheline ores, which implies the application 

of an autoencoder architecture using one of the 

variants of the attention mechanism. In the presented 

architecture, information on the intermediate internal 

states of the encoder is accessible to the decoder, and 

the latter uses it to form an output sequence of the 

predicted values of the process parameters. 

The results of a model experiment in the Matlab 

environment have shown a higher accuracy of 

prediction based on the proposed method for various 

time horizons as compared to an autoencoder without 

an attention mechanism. The proposed method for 

predicting process parameters can find application in 

know are and software for recommendation systems 

and intellectual monitoring systems for various 

applications after taking into account their specificity, 

particularly, due to the adaptation of the dimensions 

of the sequences to be processed. 
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