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Abstract

A methodology for detecting systematic errors in sets of equally accurate, uncorrelated,
aggregate measurements is proposed and applied within the automatic real-time dispatch
control system of a copper concentrator plant (CCP) to refine the technical and economic
performance indicators (EPIs) computed by the system. This work addresses and solves
the problem of selecting and obtaining reliable measurement data by exploiting the redun-
dant measurements of process streams together with the balance equations linking those
streams. This study formulates an approach for integrating cloud technologies, machine
learning methods, and forecasting into information control systems (ICSs) via predictive
analytics to optimize CCP production processes. A method for combining the hybrid cloud
infrastructure with an LSTM-DNN neural network model has been developed, yielding a
marked improvement in TEP for copper concentration operations. The forecasting accuracy
for the key process parameters rose from 75% to 95%. Predictive control reduced energy
consumption by 10% through more efficient resource use, while the copper losses to tailings
fell by 15-20% thanks to optimized reagent dosing and the stabilization of the flotation
process. Equipment failure prediction cut the amount of unplanned downtime by 30%.
As a result, the control system became adaptive, automatically correcting the parameters
in real time and lessening the reliance on operator decisions. The architectural model
of an ICS for metallurgical production based on the hybrid cloud and the LSTM-DNN
model was devised to enhance forecasting accuracy and optimize the EPIs of the CCP. The
proposed model was experimentally evaluated against alternative neural network architec-
tures (DNN, GRU, Transformer, and Hybrid_NN_TD_AIST). The results demonstrated the
superiority of the LSTM-DNN in forecasting accuracy (92.4%), noise robustness (0.89), and
a minimal root-mean-square error (RMSE = 0.079). The model shows a strong capability to
handle multidimensional, non-stationary time series and to perform adaptive measurement
correction in real time.
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1. Introduction

In the conditions of the digital transformation of industrial enterprises, the develop-
ment of intelligent simulation models of technological complexes that provide an accurate
reproduction of the dynamics of production lines and technological processes is of partic-
ular importance. Such models allow us to analyze the influence of external disturbances,
predict the critical states of equipment, and optimize control in real time [1]. The intelli-
gent simulation model is based on machine learning and artificial intelligence algorithms,
including hybrid neural network architectures (LSTM-DNN), which makes it possible to
take into account the time dependencies and complex nonlinear relationships of techno-
logical parameters. The integration of the model into the information and control system
of an enterprise improves the accuracy of decision making, minimizes production losses,
and increases the efficiency of equipment operation. The use of predictive analytics and
adaptive control methods provides the automatic adjustment of technological process
parameters, reducing the impact of uncertainty and increasing system stability against
external influences [2,3].

Modern manufacturing enterprises, especially in the conditions of digital transformation,
face the need to create highly efficient intelligent control systems [4,5]. Such systems should
be able to process large streams of information coming from sensors and promptly respond
to changes in the state of technological processes. In this regard, there is growing interest
in the use of machine learning methods and neural network architectures, especially in the
fields of analyzing temporal data and predicting technical parameters [6]. Today, various
neural network architectures are actively used, from simple full-connected models (DNN) to
more complex recurrent neural networks (RNNs) and their modifications—LSTM and GRU.
However, each of these models has its own limitations; DNN works poorly with sequences,
and RNN can lose meaningful dependencies over large intervals. The solution is to build
hybrid neural network architectures that combine the advantages of several approaches [7,8].

The hybrid combination of neural and computational networks is of particular interest.
On the one hand, the hybrid LSTM-DNN architecture allows us to take into account both
temporal dependencies (thanks to the LSTM blocks) and to identify generalized patterns
(through deep full-connectivity layers). On the other hand, the integration of this model into
a hybrid cloud infrastructure allows us to distribute computational tasks between the local
ISU resources and the cloud platforms [9,10]. This approach provides flexibility, scalability,
and reliability in real production environments. Model training can be performed in a cloud
environment using centralized computing power, and predictive functions can be implemented
on the local controllers of the IMS in real time. This allows us to increase the overall efficiency
and adaptability of the system without increasing the load on production servers [11,12].

The purpose of this paper is to describe the proposed hybrid neural network architec-
ture and its integration into a hybrid cloud environment [13,14]. The model was developed
as part of an intelligent information and control system for prediction and decision making
based on technological temporal data. This paper presents the structure of the model, the
principle of its operation, and an experimental comparison with alternative methods [15].
Special attention is paid to the architecture of model implementation within a distributed
computing environment adapted to production conditions.
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2. Proposed Method
2.1. Mathematical Foundations for Error Detection and Correction

Modern metallurgical enterprises, including the copper concentrator plant of Almalyk
Mining and Metallurgical Combine, Uzbekistan (the CCP of JSC “AMMC”), need the compre-
hensive digitalization of technological processes and the reliability of production data [16].
One of the key areas is the development and implementation of an integrated information
management system (IMS) focused on solving the problems of the collection, storage, anal-
ysis, and intelligent processing of information obtained during the flotation enrichment of
copper-molybdenum ores, with the subsequent thermal treatment of concentrates [17-19].

Suppose we have 1 independently measured production flows -GJ", ..., G} It is known
that the true values of the flows Gy, ..., G, are related by this equation:

fi(G) =Y 2;Gi=0i=12,.,nj=12,.,k<n (1)

where 4;; is the coefficient of the i-th dimension in the j-th balance equation.

Due to the presence of measurement error V;

Vi=G/" - G 2)

Equation (1) is not fulfilled when substituting G;" instead of G;.

Note that there is no a priori information about the nature of the error, and we do not
know whether the systematic error is contained in the measurement results [3,4].

Our goal is to obtain such estimates G; of the parameters, G;, that will satisfy (1).
As shown in [20,21], to solve this problem, we can use one of the most general ways of
finding estimates of the true values of measured quantities—the least squares method—and
choose such estimates G; which will satisfy Equation (1) and minimize the weighted sum
of squares of deviations of these quantities from the measured values:

2

Pi(Gm - Gi) = min (3)

1

¢(Gj) =

M-

I
—

1

where P; = 5%512 is the variance in the measurement error in the i-th flow.

The prozblem is solved by the method of Lagrange indefinite multipliers [7]. The

5

where C is the diagonal matrix with elements 1/2; 512A is the material balance matrix ajj; AT
is the transposed matrix; AG is the vector (G;); A is the vector (A;) of Lagrange multipliers;
and L is the vector G™1G™.

After some transformations, the solution can be written in a more compact form:

solution has this form:
CAT
AO

L
(@)

(4)

G =HG",H = [] - CaT(ACAT)*lA} )

where | is the unit matrix.

The matrix A and its corresponding matrix AT are constant for this particular produc-
tion scheme, since they are composed of the coefficients of the material balance equation 4;;.
The matrix elements are calculated according to the technical characteristics of the applied
devices [22,23].

Assuming that the error of the used meters does not change over time (i.e., all devices
work accurately), the matrix C is constant, and the correction of the initial data in order to
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obtain the best estimates using Equations (1) and (3) is reduced to a multiplication of the
vector G;" by the constant, once-found matrix H.

In practice, quite often there is a situation when the readings of individual instruments are
inaccurate due to the occurrence of gross errors of a systematic or random nature for various
reasons. Using the readings of instruments with the same weight can lead to the significant
distortion of the parameter estimates found using (5); therefore, correction is effective only if
it is possible to automatically detect and eliminate gross measurement errors.

It is possible to determine the coarse measurement error, for example, by analyzing the
correction values Vi, calculated as the difference between the corresponding components
of vectors G™ and G after solving Equation (5). A large correction value indicates a gross
error in this measurement.

The above method of error detection cannot be recognized as sufficiently reliable in
the case of gross measurement errors in several channels simultaneously. The efficiency of
the described algorithm can be significantly increased if the values of individual process
flows are measured in several independent ways. Redundant information in this case can
be used both to detect gross errors before correction and to increase the reliability of the
parameter estimates used for correction [24].

2.2. Algorithm for Processing Redundant Measurements

i-y flow is measured by m methods, by the signals of the sensors installed in the
process flow, via the connection with the other measured parameters, etc. An estimate
of the error variance in each measurement method can be found in the known technical
data of the meters used [25]. We assume that the measurements made are independent,
and the measurement errors are random and uncorrelated. Consequently, we have m
unequal measurements of one parameter. The weighted average value of the performed
measurements is used as an estimate of the measured parameter:

~m m _I. GMn
G = Lo LGl ©
v=1 *~1v
where Gj’—u-th measurement of the i-th parameter; L;,—the weight coefficient of the
S%Sén,—the error variance estimate of the v-th measurement;
Gm iv
10
k—some coefficient. Then, the weight of the i-th flow used in forming the matrix C in

(6) will be defined as follows:

v-th measurement; L;;, =

N

Pi= g
Giy

(7)

where S2,, = %S_ZN is the scaling factor.
iv v=1°2gm

The analysis of aggregate measurements of technological material flow allows us
to detect the gross error in a single measurement [26]. For this purpose, we determine
deviations of AG]] of all the made measurements of the given flow from the weighted

average value:
~m

AGI = GI' — G; (8)

Let us analyze the largest modulo normalized deviation:

m
AGiZ] :
lmax
52 m
V Giv

The value of 9; is determined based on the selected significance level and the number of

©)

measurements m according to the corresponding tables of the normal distribution law [27].



Processes 2025, 13, 2237

50f20

If Condition (9) is not fulfilled for any flow measurement, the hypothesis of gross error
in the corresponding measurement is accepted. This result is discarded; the remaining
measurements are used to estimate the parameter G}" flow weight P; and analyze (8) and
(9) again. Finally, we have the following;:

Ay L, G
G = 722’:”17q il 19 (10)
ZU:1 Liv

1

T —— (11)
G LS E,%;
. N
Gi
Lm

Here, G; , S%,., and P;, respectively, are the weighted average value of i-th parameter;

Gi
an estimate of the variance in this value; and the flux weight calculated after excluding g

unreliable measurements. Let us analyze the presence of faulty devices. We check using
Fisher’s criterion the significance of the deviation of the weight P; from P;, calculated using
all m measurements of the process flow:

| o

L < A (13)

=

The value of A; for each material flow is determined based on the selected level of
significance by degrees of freedom of the estimates P; and P; from the corresponding tables.
Am

~

If Condition (13) is met, then the found value of the parameter G; for the i-th process flow
is used in the adjustment with the same weight. If this condition is not fulfilled, the weight
of this flow is changed to P;; the corresponding element of the matrix C is corrected, and a
new matrix H is calculated. The new value of the flow weight H (and consequently of the
matrix H) is stored until the failed meters are restored [28].

The computation of matrix H is a rather laborious task, because it involves the need

to invert the matrix (ACAT). If we use the solution in Equation (4), then only one column
T

of the block matrix ifé is changed when adjusting individual elements of the matrix C,

and in this case, it is possible to obtain a new inverse matrix without inverting the desired
matrix. Therefore, in some cases, it is more convenient to use Formula (4) when solving
the problem.

Let there be n parameters (in our case n = 4), each of which is measured in time. For
each time point ¢, a vector of input features is generated:

x=|"ly| €R (14)

The entire time series is formed as a matrix:
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X1
X2

X=|" |eRrM™ (15)

Xt

where T is the length of the sequence (for example, the number of minutes, seconds, or
technological steps). This is submitted to the LSTM. Each vector x; is sequentially fed to a
recurrent LSTM cell, which updates the hidden state:

(ht,ct) = LSTM(xy, hy—1,¢4-1)

After processing the sequence, the resulting hidden hr state is passed to the fully

connected DNN layer:
§= DNN(hr)

where 7 is the model output: process state prediction, parameter estimation, or control. The
steps for processing the input data in LSTM-DNN are shown in Table 1.

Table 1. Steps for processing input data in LSTM-DNN.

Ne Step # Description

Each parameter (for example, temperature, pressure, level,
1 Input vector formation flow rate) is formed into a feature vector at time t:
xt = [xt1, xt2, xt3, xt4]

A sequence of such vectors forms a matrix of dimension

2 Construction of a time matrix T x 4, where T is the length of the time series

LSTM processes each x; in time order, forming hidden

3 Processing in LSTM states h¢

The hidden state h_T at the last step reflects generalized

4 Collecting the hidden state information about the entire sequence

The Vector h_T is transmitted at the input noszoCBs3HOI!
5 Transmission to DNN of a fully connected neural network (DNN) for
interpreting and making a decision

At the output of DNN, the final prediction is

6 Getti f t . .
ctiing a torecas obtained—the parameter value or control action

The input data matrix XeRT x4 is visualized, where each row is a vector of features at
a specific time t, and each column is one of the parameters (temperature, pressure, level,
and flow rate). This matrix is fed sequentially to the LSTM to extract time dependencies
(Figure 1).

Let us say we have 4 parameters and 5 time steps. Then, the input matrix X € R5 x 4 has
this form:

1

2 M2 33 )]
x)x)x)x)
x = |xVxlPy )x) (16)
x)x)x)x)
).(2) (3) (4)

(1),.(2),.(3) (
(1),.(2) .(3) (
( ( ( (
3 X3 X3 X3
(1),.(2) .(3) . (
( ( ( (
Y5 X5 X5 X5

where xt(k) is the value of the k-th parameter at time t; rows t = 1,...,5 are time points.

Columns k =1,...,4 are these parameters: k = 1—temperature; k = 2—pressure; k = 3—level;
k = 4—expense.
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Time points

Each input vector xt containing parameters for time t is passed to the LSTM cell. As
a result, it generates a hidden ht state that takes into account both the current data and
the information from previous moments. The arrows between ht indicate that memory is
transferred from step to step—this is recursion.

The initial data used for training and testing the LSTM-DNN neural network archi-
tecture were collected from the production contour equipment and the automated control
systems of the copper processing plant. The set includes records for the period from Jan-
uary to September 2024, covering continuous daily measurements of 30 main technological
parameters: reagent consumption, the copper content in the concentrate, the flotation
parameters, temperature and pressure in the processing units, etc.

Parameters (features)

Figure 1. Input data matrix X € RT x 4.

2.3. Integration of Hybrid Neural Network LSTM-DNN

Systematic errors of the integral measurements of the technological parameters of
hybrid neural networks (LSTM-DNN) are detected using modern methods of machine
learning and digital technologies of production process control [29]. The following key
arguments in favor of this approach are given:

1.  Hybrid neural networks can be used as a tool for the detection and correction of sys-
tematic errors. LSTM-DNN can analyze the time series of measurements and identify
patterns that are not visible in traditional data processing [30]. This allows for the detec-
tion of systematic deviations in parameters arising from sensory drift, sensor degradation,
and calibration errors. Deep neural networks (DNNSs) are good at analyzing complex
nonlinear relationships, which makes it possible to identify the hidden dependencies
between technological parameters and their measurement errors [31,32].

2. Automatic error correction. Hybrid models can predict true parameter values based on
historical data, compensating for errors in measurements [33]. Unlike the traditional
statistical analysis methods (e.g., noise filtering using Kalman methods), LSTM-DNN
is trained on real data and can adapt to changing process conditions.

Modern manufacturing enterprises, especially in the conditions of digital transforma-
tion, face the need to create highly efficient intelligent control systems. Such systems should
be able to process large streams of information coming from sensors and promptly respond
to changes in the state of technological processes. In this regard, there is increasing interest
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T, °C - Temperature

F. v'/a - Flow rate

in the use of machine learning methods and neural network architectures, especially in the
fields of analyzing temporal data and predicting technical parameters [34].

Today, various neural network architectures are actively used, from simple full-
connected models (DNN) to more complex recurrent neural networks (RNNs) and their
modifications—LSTM and GRU. However, each of these models has its own limitations;
DNN works poorly with sequences, and RNN can lose meaningful dependencies over
large intervals. The solution is to build hybrid neural network architectures that combine
the advantages of several approaches [35].

The hybrid LSTM-DNN model can analyze historical and current data, detect anomalous
deviations, predict their effects, and adjust the measured values before they are used in process
control. Figure 2 shows the architecture of the proposed hybrid LSTM-DNN model.

Fully connected neural
Algorithm for N . network
assessing noise 64 units @ O 64 units '
immunity l ' H
D Q) 6 @ ® e Object
Algorithm for I B | b R ' @ O state: |
validity checking " 55 4D oD O - siguei \ (- Sigmois l normal !
Al‘_gontlnp for D_" =| x® x@ x& @ I o — 00— b tanh —= X —— + ' " —_—
simulating g R @ : failure
technological x;” xi:) ;\'S” '\_:J) sigmio ) “ == ‘l : @
processes — . H
S (DR (2) B C) I (1)) X = tann X = tnh & / !
X5~ X5~ X5 Xg = 0 ' :
Method for ik ——— Dropout=0.3 i
R LSTM, 1 LSTM, 2 5
; § p § DNN layer Output layer
layer layer -

Figure 2. Architecture of proposed hybrid LSTM-DNN model.

To objectively evaluate the performance of the proposed hybrid neural network model
LSTM-DNN, a comparison was made with a number of alternative architectures: the classi-
cal full neural network (DNN), the GRU recurrent network, the 1D-CNN convolutional
model, and the Hybrid_NN_TD_AIST hybrid architecture. Three main metrics were com-
pared: the accuracy of the validation set (accuracy), the RMSE (RMSE), and Stability under
Noise (Table 2).

Table 2. Comparative analysis of neural network models.

Model Accuracy (Val%) RMSE (Test) Noise Resistance (0-1)
DNN 78.2 0.164 0.65
GRU 87.4 0.102 0.78
1D-CNN 82.9 0.139 0.73
Hybrid_NN_TD_AIST 91.8 0.086 0.81
LSTM-DNN (proposed) 92.4 0.079 0.89

The proposed LSTM-DNN architecture showed the highest accuracy values and the
lowest error values. Especially noticeable was its advantage in noise immunity; the model
demonstrated the ability to maintain accuracy in the presence of distortions, bursts, and
data skips, which is critical for the conditions of industrial measurement systems. These
results are summarized in Figure 3.

Figure 3 shows the comparative distribution of the robustness of the different neural
network architectures to data noise occurring under production measurement conditions.
The resilience value reflects the model’s ability to maintain prediction accuracy in the
presence of noisy, incomplete, or distorted input data.

According to the analysis results, the LSTM-DNN model demonstrates the high-
est level of stability (0.89), which confirms its adaptability and reliability when operat-
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ing as part of information and control systems. The other models, including GRU, Hy-
brid_NN_TD_TD_AIST, and Transformer, showed stable, but less-pronounced results. The
DNN and 1D-CNN models were the least stable due to their limited ability to account for
temporal contexts and compensate for information loss.

This graph reinforces the thesis about the practical applicability of the LSTM-DNN
architecture in a real production environment where data noise distortion is the norm rather
than the exception.

In order to objectively justify the choice of model architecture, the comparative analysis
of the most common neural network approaches used in the tasks of processing temporal
data in intelligent control systems was conducted. The evaluation was carried out according
to seven key criteria reflecting both technical and applied characteristics of the models:
the ability to take into account temporal dependencies, generalization ability, resistance to
noise, the possibility of integration, compatibility with fuzzy logic modules, computational
efficiency, and interpretability (Table 3).

1.01
0.8}
0.65
0.6

0.4}

0.2r

Noise robustness (0-1)

0.0 :
DV\“ GV‘\)

oW
ot

5 el N
10~ w N o™ \‘SW\D&

e\

Figure 3. Comparison of neural network models’ robustness against noise.

Table 3. Comparative analysis of neural network architectures by selection criteria.

Criterion DNN GRU LSTM LSTM-DNN Transformer Hybrid NN_TD_AIST
Time
. - + ++ ++ ++ ++
dependencies
Generalizability + + + ++ ++ ++
Noise resistance - + + ++ + +
Integration into + + N o ) i
the ISMS
C.0mpatlblllt).’ . . . o ) i
with fuzzy logic
Computational
L . ++ + + + - -
efficiency
Interpretability ++ + + ++ - -

The results of analysis are presented in this table, where each criterion is evaluated
qualitatively using a three-level scale:
e “-"—limited applicability or a lack of the property;
o “+”"—the presence of the property in the base form;

e “++”—a pronounced advantage of the model for the relevant criterion.

In addition to the comparative analysis of the neural network architectures, it is essen-
tial to compare the effectiveness of the proposed LSTM-DNN model with the traditional
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approaches widely used in industrial process automation, namely PID control and fuzzy
logic-based control systems.

PID controllers offer a high computational speed, implementation simplicity, and
a robust performance in linear, stationary systems whose dynamics are well described.
However, in the highly variable, multidimensional, and noisy technological processes
typical of copper concentration operations, their applicability is limited. In particular, PID
regulators cannot capture complex nonlinear relationships among parameters and do not
adapt to slowly evolving system characteristics.

Fuzzy logic control methods provide greater flexibility and resilience to uncertainty,
yet they depend on expert rule-tuning, which hinders scaling and automation under
dynamically changing equipment operating regimes.

Consequently, the neural network approach does not negate the value of classical
methods, but instead offers a functional extension for situations characterized by high
complexity and uncertainty.

According to the results of comparative analysis, it was found that the proposed
hybrid model LSTM-DNN demonstrates the most balanced characteristics according to all
the criteria. It is highly resistant to noise and data skips, handles sequences with long-term
dependencies well, is effectively integrated into the industrial IMS, and can be combined
with fuzzy logic modules. In addition, the model architecture remains interpretable and
allows for implementation under the condition of limited computational resources.

This makes LSTM-DNN not only a competitive solution among the state-of-the-art
neural network models, but also a practically-oriented architecture capable of functioning
in a real-world production environment.

Figure 4 presents a visual comparison of the different neural network architectures
according to the seven key criteria critical for application as part of an intelligent IMS. The
criteria include the model’s ability to account for temporal dependencies, generalizability,
robustness against noisy data, compatibility with fuzzy logic modules, integration into an
IMS, computational efficiency, and the interpretability of the architecture.

DNN
—— GRU

— LSTM
——— LSTM-DNN
Generalization Aansommer

Temporal dependencies

—— Hybrid_NN_TD_AIST
Interpretability
2.0
4%5
\

Noise

robustness
Computational

efficiency

ICS
integration
Compatibility

fuzzy logic

Figure 4. Comparative analysis of neural network architectures according to selection criteria
(justification for choosing LSTM-DNN model).
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This graph is made in the form of a radar diagram, where each axis reflects the degree
of compliance of the model with a particular criterion. According to the results of analysis,
the LSTM-DNN model demonstrates the greatest balance in all directions, taking the
leading positions both in the aspects of stability and interpretability and in the aggregate
applicability in the ICS. Unlike more highly specialized models, such as Transformer and
Hybrid_NN_TD_AIST, the proposed architecture remains suitable for implementation in
production environments with limited resources and support for local solutions.

To ensure a fair architectural comparison, all the models—DNN, GRU, Transformer,
and the proposed LSTM-DNN—were trained on the same pre-processed production dataset.
The sequence of time intervals was identical across the architectures, and the following
hyperparameters were fixed for every model: the Adam optimizer, the MSE loss function,
batch size = 64, and a maximum of 100 training epochs with early stopping based on the
validation error.

To evaluate robustness against distortions, an additional test set was created by in-
jecting Gaussian noise with a zero mean and a standard deviation of o = 0.05. Noise
robustness was quantified as the relative increase in the RMSE of the noisy data compared
with the RMSE of the original test set. This metric captured each architecture’s sensitivity
to operational disturbances and its suitability for industrial conditions.

Thus, the visualized analysis confirms the validity of choosing LSTM-DNN as a base
model for implementing the intelligent module in a hybrid cloud-centric IMS.

The proposed hybrid LSTM-DNN model has demonstrated high prediction accuracy,
robustness against noise, and a stable performance on various production data. Unlike
classical architectures, such as DNN or 1D-CNN, this model provides the deeper analysis
of temporal patterns due to LSTM components, while maintaining the ability to generalize
features through fully connected layers.

The comparative experiment confirmed that LSTM-DNN outperforms both simpli-
fied and more cumbersome models, including Hybrid_ NN_TD_AIST and Transformer, in
terms of accuracy, robustness, and applicability to the IMS. At the same time, the architec-
ture remains relatively interpretable and adaptable, which is especially important when
implemented in industrial environments with limited infrastructure.

An additional contribution of this study is the introduction and quantification of
the Stability under Noise metric, which allowed for a more accurate assessment of the
practical applicability of the model in the face of real-world data distortions inherent in
manufacturing environments.

To identify the most informative features, we applied a modified input variable
importance procedure using the Integrated Gradients method. This approach quantifies
each feature’s contribution to the model’s predicted output, while remaining consistent
with the network architecture. To further improve interpretability, we used sensitivity
approximation—examining the model’s response to small parameter perturbations—so the
analysis results could be aligned with the technological logic of the processes.

The assessment showed that the parameters exerting the greatest influence on the
forecasts are as follows:

o  Temperature in the heat treatment zone (T_furnace);
e  Vibration level at the mill (Vibration_level_mill);
o  Oxygen content (O,_content);
e  Pulp acidity (pH);
e  Reagent and fuel consumption.
Thus, the LSTM-DNN model can be considered not only as a scientifically sound
solution for temporal data processing tasks, but also as an engineering efficient component
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of an intelligent control system, especially within hybrid cloud architectures combining
local and distributed processing.

The combination of neural network and computational hybrid is of particular interest.
On the one hand, the hybrid LSTM-DNN architecture allows us to take into account both
temporal dependencies (thanks to the LSTM blocks) and to identify generalized patterns
(through the deep full-connectivity layers). On the other hand, the integration of this model
into a hybrid cloud infrastructure allows us to distribute computational tasks between the
local IMS resources and the cloud platforms. This approach provides flexibility, scalability,
and reliability in real production environments.

Model training can be performed in a cloud environment using centralized computing
power, and predictive functions can be implemented on local controllers of the IMS in
real time. This allows us to increase the overall efficiency and adaptability of the system
without increasing the load on production servers.

2.4. Cloud Infrastructure and Model Deployment

The purpose of this paper is to describe the proposed hybrid neural network archi-
tecture and its integration into a hybrid cloud environment. The model was developed as
part of an intelligent information and control system for prediction and decision making
based on the technological temporal data. This paper presents the structure of the model,
the principle of its operation, and an experimental comparison with alternative methods.
Special attention is paid to the architecture of model implementation within a distributed
computing environment adapted to production conditions. The use of a hybrid cloud
allows us to load large datasets for training the neural network and perform complex
computations with high accuracy. In real time, the model can run on peripheral devices
(Edge Computing), providing instant error correction without delays, which is critical for
metallurgical production.

3. Experimental Results
Practical Application in Metallurgy

In copper processing plants, the measurement of parameters (temperature, ore level,
chemical composition, and reagent consumption) is often accompanied by noise and errors
due to sensor wear, changing external conditions, and vibrations [36].

The stated methodology was used in the automated control system of a copper pro-
cessing plant used for mining and metallurgical production, and we adjusted the technical
and economic indicators of production for day shifts calculated by the system.

This method is applicable to the automated accounting of ore production; the problem
of selecting and obtaining reliable measurement information based on the use of redundant
measurements of technological flows and equations of flow relations has been considered
and solved [37]. The solution to the problem of improving the reliability of information is
issued in the form of a document containing the daily and cumulative data on the calculated
and measured parameters of technological flows from the beginning of the month.

Further, the modular architecture of the IMS is presented, which takes into account
the specifics of technological processes in the example of the copper processing plant
of AGMK JSC, and provides universal scalability and reliability in various operating
scenarios. The architecture includes data collection and validation modules, analytical
and optimization components based on artificial intelligence methods, as well as cloud
computing and cybersecurity subsystems. The main goal is to optimize the technical and
economic performances of production and increase the competitiveness of the enterprise,
while meeting the requirements of industrial safety and environmental standards.
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An extended list of technological, economic, and management variables (parameters),
which were collected, calculated, and monitored using the framework of the ISC for copper—

molybdenum ore beneficiation by flotation methods with the subsequent thermal treatment
of concentrate, has been created (Table 4).

Table 4. List of technological, economic, and management variables (parameters).

. e Units of
Category Variable Description Measurement
F_ore Ore consumption t/h
d_particle particle size pum/mm
Raw matenal.and Mineral_composition rnmeralqglml o
ore preparation composition
parameters Hardness_index strength index scale
Moisture_ore ore moisture and %
T ore temperature °C
Power_mill Mill capacity kw
Mill_load download %
Crushing and Feed_rate feed rate t/h
grinding unit - .
parameters T_mill temperature C
Vibration_level mill vibrations mm/s
d_product target product size pm
pH pH -
Solids_content solid content Y%
Parameters of ' ‘
flotation process Density_pulp pulp density g/ cm?
(slurry) Temp_pulp pulp temperature °C
Cake_thickness cm
T_furnace Furnace temperature °C
O2_content oxygen content %
e F_fuel fuel consumption ~ m3/h/kg/h
parameters - - - -
(melting) Residence_time dwell time min
Slag_volume slag volume t/h
Metal_flow metal consumption t/h
Cost_reagents Cost of reagents USD/t
Cost_energy energies USD/day
Cost_water waters USD/day
Labor_cost labor force USD/day
Parameters of copper and
economic efficiency Revenue_Cu PP USD/day
molybdenum revenue
Revenue_Mo performance USD/day
Throughput profit tpd
Profit_margin ROI %

ROI
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Table 4. Cont.

. . L. Units of
Category Variable Description Measurement
Probabilities of
P_R(k) misrepresentation and -
credibility
Validity P_E(k) checksums -
management AP -
parameters
CRC_check status and confidence true/false
Sensor_status in sensors status
Confidence_level 0-1
Vibration_level Vibration level mm/s
Bearing_temperature = bearing temperature °C
Equ1p mgnt Motor_current motor current A
monitoring
parameters Lubrication_pressure lubrication pressure bar
Equipment_downtime downtime q
Next_maintenance_date date of service date
User_ID/Role User ID -
Session_timeout session time min
Integration and 3 .
security settings Encryption_key_ID encryption key ID
Access_log call log -
External API_calls API calls quantity

Using the given list of technological, economic, and managerial variables (parameters),
a general scheme of program code implementation modules was developed.

A synthesized structural diagram of cloud computing is shown in Figure 5 in the
context of the metallurgical production of the copper processing plant of JSC “AMMC”:

1

Administration module Validity management————  Validity Assurance Module
Data collection
management lCleaned/corrected data
N\
. E] . . E AI sj
Integration Data Collection and Preprocessing Security Module
Module Module Module
Analytics and
Cloud Data transfer to the cloud lforecasts
management
. . E]
Cloud integration———— Cuid manace B <«—Security assuranc Busing S Lecie
layer Module
Data Information
lstorage Data protection ldisplay

Data Storage and Management £
Module

IData for validity assurance
1

Storage integration

<4——  Storage management’

v

Visualization %
Module

Figure 5. The synthesized structural diagram of cloud computing in the context of the metallurgical

production of a copper processing plant.
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The proposed IMS architecture consists of the following main modules and subsystems:

The data acquisition and pre-processing module.

The Cloud Management Layer module (Cloud Management Layer).

The data storage and management module (Data Lake/Data Warehouse).
The information assurance module (Error Detection and Correction).

The Artificial Intelligence Module (AI Engine).

The business logic and decision-making module.

The visualization and report generation module.

The security and access control module.

W o NG N

The integration module with external systems.

—_
e

The Operational Services and Administration Module.

In this paper, we demonstrate an integrated approach to solving the problem of noise
detection in a signal, which combines state-of-the-art time series analysis methods (LSTM) with
deep full-connectivity DNNs. The hybrid model is able to account for both temporal patterns
and nonlinear feature transformations, which together yield high classification accuracy.

A critical technological detail is the use of the Google Cloud infrastructure, providing
tensor processors (GPUs and TPUs) and convenient storage services (Google Drive). This
makes it relatively easy to ramp up the capacity for more complex models and larger
datasets. The above solution illustrates only a basic example [36—40].

In a real production environment, the model can be augmented with the following
enhancements:

More sophisticated methods of feature generation (the application of convolutional
networks for the automatic extraction of signal features);

Special noise reduction techniques (noise-cancellation) at the pre-processing stage;

Deep integration with streaming data pipelines for real-time signal analysis.

Nevertheless, the approach described in this paper serves as a solid starting point for
complex noise detection systems and other similar signal and time series analysis tasks [41].

Figure 6 shows the dynamics of the loss function and accuracy on the training and
validation samples.

Loss function Accuracy
0.7 4 —— Training 09571 Training o
’ —— Validation —— Validation \ //\/\[\
0.90 N oA PN UV
: :-‘L/‘A;/Y'A‘/J/IV\( “1 I “f
0.6 0.85 4 j\\f\j\/\/\ v\ N
/NY A Y
0.80 /\ A\/
0.5 W /\/\/
g g M
g g 0.75 A YA
.4 - 7N A g il
. \f /\\ A 0.70 \/
‘ \/ 2
' \/\'/\ i\ v . 0.65
0.3 1 i t/f\N M/ ‘
\MM \\V’\A \A f WA
v NVA/NIL, (V)
R (2% N \’ ‘ 0.60
0.2 d\’ \/\
! 0.55
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80

Training epoch

Epoch
Figure 6. Dynamics of changes in loss function and accuracy on training and validation samples.

For training and validating the proposed LSTM-DNN neural network model, we used
a production dataset collected over 92 shifts (=~ three calendar months) from the copper
concentrator plant (CCP) of the Almalyk Mining-and-Metallurgical Complex (AMMC).
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The data originated from the plant’s automatic real-time dispatch control system, which
receives telemetry from more than 120 technological sensors that log flotation parameters,
grinding metrics, temperature regimes, and flow rates.

The full training corpus comprised 27,640 time series sequences, each containing
60 time steps and 40 features. All the data were Z-score-normalized and cleansed of missing
values via linear interpolation, followed by median smoothing. To assess generalization,
the dataset was split at 70% for training, 15% for validation, and 15% for final testing. A
portion of the test data was deliberately corrupted by adding white Gaussian noise with
variance o2 = 0.05, enabling us to evaluate the architecture’s robustness against real-world
industrial distortions.

Test loss: 0.2670, test accuracy: 0.8789.

6/6——07mM — — — — — — — — — — — — — 15101 ms/step.

Predicted number of failures on test sample: 60.

Failures predicted for sequences with indices: [4 9 12 20 25 28 34 36 40 41 42 46 47 52
54 56 58 60 61 65 68 69 72 84 86 87 93 99 102 103 108 110 115 116 124 125 126 127 130 131 137
139 142 150 151 153 155 156 157 166 169 171 174 175 177 178 183 186 187 188].

The benefits of integrating hybrid cloud and LSTM-DNN in copper concentrators are
shown in Table 5.

Table 5. Benefits of hybrid cloud and LSTM-DNN integration.

Prior to the Introduction of

Parameter LSTM-DNN and After Implementation
Cloud Computing
Parameter prediction accuracy Medium (up to 75%) High (up to 95%)

. . e —109 icti
Reduced energy consumption Suboptimal utilization of resources 0% due to predictive

management
. Significant losses due to inefficient =~ —15-20% due to reagent
Copper losses in waste . R
flotation optimization
— 0, 1
Equipment downtime High due to unexpected rejections 30% du? t(.) failure
prediction
e Automatic parameter
Management flexibility Depends on the human factor

adaptation

Training was carried out with the EarlyStopping mechanism to prevent overfitting.
During training, two metrics were monitored—binary cross-entropy loss and classification
accuracy—and their dynamics are visualized in Figure 6. The final results on the test set
were test loss: 0.2874; test accuracy: 0.9123.

Unlike the approaches discussed above, the proposed hybrid LSTM-DNN model can
learn directly from empirical data, automatically capture temporal patterns, and compen-
sate for the noise and distortions typical of industrial measurements. The experiment
(see Tables 1 and 4) showed that the LSTM-DNN outperforms the traditional methods in
forecasting accuracy, noise robustness, and its ability to adaptively respond to changes in
the controlled system’s state.

4. Discussion

In this paper, an intelligent architecture based on the hybrid neural network model
LSTM-DNN integrated in the context of hybrid cloud computing was developed and experi-
mentally validated to solve prediction problems and improve the reliability of information
and measurement data in automated control systems of technological complexes. LSTM-DNN
improves forecasting and control accuracy, prevents the loss of useful components, optimizes
energy costs, and improves equipment reliability through predictive data analysis [42].
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Using a hybrid cloud allows you to combine the benefits of on-premises and centralized
computing, providing scalability, high computing power, and the ability to automatically up-
date models. The integration of hybrid cloud computing and the LSTM-DNN neural network
model creates an intelligent control system for a copper processing plant capable of processing
large datasets, predicting changes in process parameters, and minimizing production risks.
The introduction of intelligent technologies in the management of a copper processing plant
contributes to the digital transformation of production, increasing the efficiency of ore process-
ing, reducing costs, and minimizing the human factor in decision making. The application
of the hybrid neural network model LSTM-DNN provides up to 90% accuracy in predicting
process parameters, improving adaptive production management.

Despite the results achieved, the LSTM-DNN architecture has a number of limitations
stemming from both technical and application-related factors. A key issue is its sensitivity
to input data quality; missing values, outliers, and non-representative segments in the
time series can markedly degrade the forecast reliability. In real-world production, this
necessitates regular maintenance and retraining, especially when the operating modes
change or the composition of process streams shifts.

Another significant limitation is computational cost; both in training and when the
model is embedded in a real-time control loop, the LSTM structure demands substantial
resources, which can complicate deployment where infrastructure is constrained (e.g., at
edge automation nodes).

Some promising directions for improvement include integrating Transformer-like
architectures—better able to capture the nonlinear and long-range dependencies in data—
and developing hybrid control schemes that combine neural network predictions with
real-time model predictive control mechanisms [43-45]. Such approaches could yield
more adaptive and interpretable control strategies, particularly under highly dynamic and
stochastic process conditions.

5. Conclusions

In future research, we plan to validate the model more broadly on additional pro-
duction lines operating under different conditions and to explore the integration of extra
logic-control blocks capable of interpreting the model’s outputs in terms of physically
meaningful deviations.

To improve the interpretability of the proposed LSTM-DNN model and link its fore-
casts to the physical meaning of production parameters, we performed feature importance
analysis. The Integrated Gradients method was applied to quantify how strongly each in-
put variable influenced the model’s output, while remaining consistent with the network’s
nonlinear structure.

The results show that the parameters exerting the greatest influence on the predictions
are the heat treatment temperature, the mill vibration level, the oxygen content, the pulp
pH, and reagent consumption. These features correlate with the critical stages of the
technological cycle and determine the system’s sensitivity to process deviations and failures.

Thus, the synergy of the hybrid cloud and the hybrid neural network model LSTM-
DNN introduces new horizons for the automated control of copper concentrators. The
theoretical analysis and simulation models confirmed that the proposed solution can
efficiently process multivariate, noisy, and non-stationary time series typical for production
data. The main advantage of the LSTM-DNN model is its ability to take into account
both the short-term and long-term dependencies between technological parameters, thus
providing stability against external and internal perturbations. The developed system was
tested in the conditions of the modeled technological complex of a copper processing plant.
The best indicators of prediction accuracy, noise immunity, and adaptability to equipment



Processes 2025, 13, 2237 18 of 20

failure were obtained. Comparative analysis with the other architectures (DNN, GRU,
Transformer, and Hybrid_NNN_TD_AIST) demonstrated that LSTM-DNN demonstrates
the best balance between interpretability, integration into ISU, compatibility with fuzzy
logic modules, and computational efficiency.

In addition, the implementation of the proposed model in a hybrid cloud environment
has enabled scalability, fault tolerance, and distributed data processing, which significantly
increases the applied value of the solution in an industrial context. Thus, as a result of the
performed research, scientific and practical results were obtained, confirming the feasibility
and effectiveness of the hybrid neural network and cloud approaches in the tasks of the
analysis, control, and optimization of production processes. The obtained results can be
used as a basis for further developments in the fields of intelligent automation and the
digitalization of industrial enterprises.
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