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Abstract

UC RUSAL makes wide use of digital technologies to monitor and control alumina production
processes at the refineries. The best practice technologies used comprise of digital process twins
of the production processes, computational fluid dynamic and machine learning models. Digital
services are developed by RUSAL Engineering and Technology Center and integrated into the
work processes of the refineries. Models of chemical and engineering systems are applied to
improve the operating conditions at the alumina refineries, develop production methods for new
products and upgrade the existing facilities. Fluid-dynamic and heat and mass balance models
help to detect deficiencies, upgrade the design and enhance the efficiency of key process
equipment. Computational fluid dynamic is used to improve thickeners, washers, heat
exchangers, evaporators and kilns. Machine learning helps to predict particle size distribution of
aluminium hydroxide and liquor productivity in the precipitation control system. Projects
associated with the implementation of online and real-time measurements are carried out, for
example, on the balance of alumina and sodium carbonate in the alumina refinery, balance of soda
ash production, upgraded control of the flash trains in the digestion, evaporation and vacuum
cooling areas. Currently a digital process twin of the wet grinding area is being developed which
involves the use of fill level sensors for the mills, computer vision, and a system of real-time
measurements.

Keywords: Alumina production, Digital twins, Computational fluid dynamics, Machine learning,
Advanced process control.

1. Introduction

More and more research papers focus on digital technologies and the benefits these can bring in
industrial production processes. Mathematical algorithms which are extensively used at alumina
refineries are becoming increasingly sophisticated. Thus, well-known Bayer process, as well as
Bayer-sintering and sintering methods adopted by UC RUSAL, turn out to be quite challenging
from the perspective of applying mathematical algorithms. Though high-level automation
systems, e.g. Manufacturing Execution System (MES), Enterprise Resource Planning (ERP), are
well elaborated, alumina refineries have some challenges with the quality and lack of data from
lower levels in the control hierarchy. The latter is often attributed to limited use of online
measurements in the very aggressive and abrasive alkaline and often dense slurries. Insufficient
application of measuring instruments and sensors and the complex mathematical models are two
major challenges for automation of alumina refineries impeding process control and monitoring
as compared with oil, gas or some chemical industries.
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2. Mathematical Model as a Service

Traditional PID-based single-loop and cascade control systems have limited application, and are
mainly used for some of the simpler control functions. Control of complicated processes requires
the use of multi-parameter models, which can predict the behaviour of the object (model
predictive control — MPC) under various combinations of impacts [1, 2]. If a good model of an
object is available, one needs to select a control technique that can put the object in a required
condition within the shortest possible period. An optimal task can be solved using the known
methods and rarely needs any special research [3, 4]. Therefore, the most important and least
conventional element of the multi-parameter control system is a predictive model of the object,
which influences the quality and boundaries of the automation control.

It is desired that the model should consider specific features and parameters of the equipment
performance, be reliable even for irregular input data, identify the current condition and dynamics
of the controlled object, and predict target parameters under any combination of impacts and
disturbances. Increasing computational capabilities and developers’ efforts allow generating
algorithms that are more complicated; however, the more is complexity of a model the faster it
gets outdated, i.e. the consistency between the model and controlled object can be lost.
Maintaining the functionality of the complex model requires constant updates thereof throughout
the period of use, therefore, a mathematical model can be considered a digital service.

UC RUSAL uses digital technologies to monitor and control alumina production process at the
refineries. These include the development of digital twins of the production processes, as well as
computational fluid dynamic and machine learning models. Digital services are developed by
RUSAL Engineering and Technology Center and integrated into the work processes of the
refineries. The present paper discusses some examples thereof.

3. Process Systems Simulation

In the past, specialized software was rarely used to make decisions to modify a production facility
or change the alumina production process. Most of the calculations were performed by specialists
in different disciplines using simplified algorithms. Such approach did not allow to consider all
specifics of the plant or processes resulting in low reliability of calculation results. Generally,
only a primary positive effect was evaluated and the secondary effects, often of adverse nature,
were disregarded. For this reason, projects could have been associated with significant
technological risks and ineffective capital spending, which were revealed only at the stage of
actual project realisation.

At present specialized software for simulation of chemical engineering systems plays a significant
role in digital transformation of alumina refineries [5, 6]. Due to the possibility of solving tasks
with multiple recycle loops, such software enables to calculate the balances of alumina production
in very detailed simulations. Consequently, such software applications can provide missing data
or unexpected solutions. Implementation of SysCAD digital twins at the refineries along with
responsible operators of the twins (both at the refineries and in RUSAL Engineering and
Technology Center) allowed for both risk reduction and to assess the possible effects more
accurately even at the design stage. Therefore, presently UC RUSAL uses SysCAD process
calculations for assessment of investment efficiency.

In terms of process control at the alumina refineries, digital process twins facilitate the assessment
of the impact of expected changes in the raw materials subject to availability of reagents or
equipment, and help in prompt resolution of process issues. Thus, any risk of unnecessary
expenses significantly decreases.
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RUSAL Engineering and Technology Center develops SysCAD digital twins of the alumina
refineries as a single service with additional features. Said features comprise of consolidated data
acquisition from the refinery Automated Process Control System (APCS), generation of relevant
data samples by statistical data processing, automatic calibration of the mathematical models,
transfer of the calculation results to user in the MS Excel format. A standardized approach was
used to generate digital twins for the Urals alumina refinery, Bogoslovsk alumina refinery,
Achinsk alumina refinery, Friguia alumina refinery, Ewarton alumina refinery, and a prospective
greenfield alumina refinery (see Figure 1). RUSAL ETC also used SysCAD modelling for the
development of new technologies, e.g. alumochloride process, production of superfine
precipitated aluminum trihydroxide, scandium, magnesium and other by-products.
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Figure 1. Element of a digital twin in SysCAD software.
4. First Principles & Hybrid Models

First principles models provide for the detailed study of the processes in the metallurgical
equipment. Usually they represent complex equation systems, suggesting iterative solution
approaches. Limited computer performance does not always allow the use of first principles
models in digital services. However, they are worth mentioning, as they can be used to derive
coefficients or parameters for simpler simulation models. Such coefficients and parameters
normally do not have any physical or instrumental methods of determination; therefore they can
be set by an inverse solution based on the results of full-scale or numerical experiments. Another
way of application of basic knowledge on alumina processes is development of hybrid models,
which are partly solved by a machine learning model and another part involves basic laws [7].

A widely used method of studying dynamics in alumina production processes is computational
fluid dynamics (CFD). The systems of equations of the method of finite volumes, finite elements
or finite differences and can be solved in real time only in a simplified formulation [8]. At the
same time, generally, CFD methods enable to simulate multiphase reacting flows taking into
account particular design features of the process vessel or reactor.

For example, when simulating the kinetics of a continuous digestion process in a stirred reactor it
is necessary to select from several simplified reactor models, i.e. plug-flow reactor, perfect-
mixing reactor; then choose between series or parallel connection of ideal zones; and determine
the size of stagnant zones and the bypass coefficient [9]. The correct planning of the study based
on the hydrodynamic model allows adjusting the coefficients of the transition functions of the
reactor in 10—15 runs of the numerical experiment (see Figure 2). The resulting configured reactor
model can perform calculations in real-time mode.
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Figure 2. Example of the stirred reactor simulating. Left: concentration field,
Right: function of probability of liquor stay in the reactor depending on time.

Another example is a shrinking core model, which is widely used to describe the calcination
process. The usual formulation of this problem contains up to 40 equations, including equations
in partial derivatives [10]. A typical dynamic calculation of a flash calciner based on the shrinking
core model takes 44 sec on one Intel Core 17 core (8 Gfps) that is insufficient for optimization
calculations [11]. Specifically for optimization tasks, a model was developed based on a dual-
layer neural network of the Long Short-Term Memory (LSTM) type. The shrinking core model
and Gaussian process were used to train the neural network. After 25 000 runs, the model
achieved a root mean squared error of only 10 (see Figure 3).
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Figure 3. Changes in the parameters of the particles of different radii in the flash calciner
(see Figure 2). a) average volume temperature, b) extent of the calcination reaction,
¢) maximum pressure inside the particle, d) maximum pressure gradient inside the particle.
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As an example, CFD can be used to obtain coefficients of a model of slurry flocculation inside a
thickener. The well-known Smoluchowski principal equation describes the dynamics of the
flocculation process taking into account the mechanisms of coagulation and destruction of
particles. It is used to determine the optimum conditions for the addition of flocculants [12]:

dn; _ 1 max max

T = 7 Zi+k=i aB(y, w)nyny — 0y YREFaBu, udng — Sin; + X2 viSing (1)
where:
n; Quantitative concentration of floccules of size i, m™
t Time, s

o} Capture efficiency coefficient or the proportion of collisions leading to coagulation

B(uj, ur) Frequency of collisions of particles with volumes u; and uy, m’/s

Si Frequency of destruction of floccules of size 7, s™!

Yij Distribution function of fragments, which determines the volume fraction of fragments
of size i forming from floccules of size j.

The coefficients of Equation (1) were adjusted using CFD numerical simulation and population
balance of particles (see Figure 4).
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Figure 1. Left: distribution of shear rates in thickener feedwell, Right: flocs PSD at the
entry to and at the exit from the feedwell.

5. Control of Grinding Capacity

The power consumption for grinding the feedstock ore in a ball or rod mill at UC RUSAL’s
alumina refineries is relatively high and can reach up to 9 kWh/t bauxite, 17-23 kWh/t for
nepheline ore, 5 kWh/t for limestone, 14 kWh/t for sinter and 9.5 kWh/t for coal. Depending on
the alumina production process, raw material and size of the mill, the power consumption can
amount up to 36—270 kWh/t alumina. When considering the efficiency of the powerhouse this
corresponds to 190-1400 MJ/t alumina, expressed as thermal energy (from combustion of fossil
fuel).

Specific power consumption for grinding depends on the mill specifications, as well as the
operating conditions, and specifically the feed rate and mill charge. Bauxite charge and power
consumptions were measured at a line of two MShTs-3.2x4.5 wet mills operated in two stages
with cyclones in the grinding area at RUSAL Krasnoturinsk alumina refinery (see Figure 5). It
was established that the specific power consumption varies by 30 % when the bauxite charge
ranges from 60 to 80 t/h (see Figure 6). This provides an opportunity to decrease the power
consumption of the mills by reducing the feed variations and achieving maximum performance.
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Figure 6. Measurements of specific power consumption of the grinding line comprising
two MShTs-3.2x4.5 ball mills.

Running on a peak capacity of the grinding line is challenging due to the lack of controls for the
grinding capacity; consequently, there is some risk of mill overfilling. The mill overfilling can
deteriorate the grinding quality and result in emergency shutdown of the entire line. Capacity of
the second grinding stage is the most complicated to predict due to pronounced instability of its
filling. It can be attributed to occasional trapping of material in the first mill and unstable filling
of the cyclones.

It is suggested to control the grinding capacity of the mills by analyzing the spectrum of a
vibration or acoustic signal from the mill [13, 14]. The bauxite wet mills at RUSAL Krasnoturinsk
refinery were used to test one of such devices. The study used an electroacoustic transducer
installed opposite to the ball drop zone and as close as possible to the mill shell; and a vibration
transducer mounted on one of the mill supports (see Figure 7). A spectrum of the vibration and
acoustic signal was detected in a range from 10 to 4000 Hz. The analogue signal was amplified
and processed to digital format with sampling frequency of 22 kHz using Fourier transformation
(FFT). The grinding capacity of the mill was estimated by the FFT amplitude. Signals from both
mills were recorded simultaneously.
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Figure 7. Installation points of additional measurement devices. Left: vibration sensor on
the mill support, Right: industrial camera opposite the hopper.

The study was carried out for 5 months. During this period, the grinding line functioned under
normal conditions as well as with intentional changes in the bauxite consumption, different liquid
to solid ratios in the mills and cyclones, as well as natural and forced disturbances. All obtained
data were duly analyzed.

The results showed that the FFT amplitude of the vibration signal from the mills signal is
correlated with the flow rate of the grinded material and closely related to the liquid to solid ratio
in the mill, ball load and lining condition. The electroacoustic and vibration transducers catch the
disturbing signals from the adjacent mills and the materials dropping from the conveyor to the
feed hopper. When feeding rate or flow rate of the evaporated spent liquor change, a transient
process starts and the vibration signals from the mills alter (see Figure 8). This results in a non-
linear and noisy feedback, which is why any attempts to adjust the automatic control of the mill
grinding capacity using the vibration signal were unsuccessful. It can be therefore concluded that
for the wet grinding area at RUSAL Krasnoturinsk refinery, simple commercially available mill
level sensors are not applicable. To establish automatic control of bauxite grinding at high
performance, a more sophisticated and complex measurement and analytical system is required.
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Figure 8. The obtained results. a) amplitude-frequency characteristic of the vibration
signal, b) changes of ore consumption and liquor flow rate to the mill.
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The elaborated monitoring system at the grinding line continuously monitors the following
parameters and submits the readings to the automated control system:
e Dbauxite feeding rate;
e current intensity of the 1% and 2™ stage mills;
e flow rate of the evaporated spent liquor to the 1* stage mill, a downstream tank of the 1%
stage mill, the 2™ stage mill;
e density of the raw slurry.

Moreover, the monitoring includes the results of the following laboratory analysis (which is
provided every 12 hours): solids content in the slurry, particle size distribution of the slurry
(-56 um and + 160 pm), concentrations of NaxOcausi, Al2O3, NaxOrwri; CaO in the solids.
Additionally, loading time and the amount of grinding balls loaded will be also monitored.

A camera with machine vision applications, directed to the mill feeder, can also provide some
additional and useful data, namely the following (see Figure 9):

e Dbauxite level in the feeder, i.e. the value missing for determining that section of the
bauxite cake. Based on the section and feeding rate, the volume flow rate of the bauxite
at the mill entry can be determined (dimensional balances, which can be used if there is
not any weight sensor);

e the amount of bauxite falling per unit of time (flowability of bauxite), i.e. complex
indicator comprising the data on the dynamic angle of repose of the bauxite that can be
used to determine the moisture and degree of congealing of the bauxite;

e the amount of ore with a grain size ranging from > 25 mm;

e presence of bauxite in the feeder (indicating potential clogging of the bauxite in the

hopper).

The data, which are determined with the video camera, can be displayed by the operational control
system as raw data or as prepared figures, as well as entered into a unified system of wet grinding
analysis via a number of additional integrations.

Figure 9. Results of machine processing of video frames of the grinded raw materials.
Left: bauxite level in the mill feeder, Center: ore PSD, Right: lumps of lime in flow.

The control system is intended to adjust the operational parameters of the grinding area in terms
of particle size of the ore at the mill feeder, as well as to maximize performance of the grinding
line while meeting the particle size distribution and other requirements for the raw slurry.

The digital service based on the sensors and computer analysis enables to achieve a complex

effect in the wet grinding area, i.e. improve grinding performance, consumption of the lining and
grinding balls.
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6. Precipitation Control via Machine Learning

Alumina particle size distribution influences electrolysis process parameters. Based on our
practice, if the <45 pum content is reduced from 20 wt% to 19 wt%, the consumption of alumina
is decreased by 600 g, the consumption of anodes decreased by 170 g and the consumption of
aluminium fluoride decreased by 20 kg per metric tonne of aluminium. The production output of
an alumina refinery can be improved by increasing the precipitation yield, i.e. 1 % yield increase
improves the refinery production by approx. 1.5 %.

With an A/C ratio in the pregnant liquor of 0.55-0.60, the precipitation area cannot be separated
into agglomeration and growth circuits because the number of particles cannot be easily controlled
and such division results in decreasing yield. In such cases, PSD and liquor productivity are
controlled by changing the precipitation temperature and are characterized by significant
instability of the controlled values.

A population balance method was used to determine the impact of the factors influencing the
development of gibbsite precipitate [15]. At RUSAL Kamensk-Uralsky alumina refinery (UAZ
refinery), a monitoring system was implemented to record and monitor the following process
factors: flow rate and composition of the pregnant liquor, solids concentration and total particle
surface in the solution, temperature in precipitators, PSD of the seed slurry, addition of new
particles with the slurry after the chemical cleaning of the precipitators, etc. Several years of data
(comprising of daily measurements) provided sufficient process data to develop a PSD and liquor
productivity model using LSTM deep learning neural networks [16].

The models allow to assess changes in productivity and particle size distribution of the slurry
when altering the content of <45 um fraction one full cycle in advance, i.e. approximately 90
days. The mean absolute error (MAE) for the predictions of <45 pm fraction does not exceed
5 % abs.

To control particle size distribution and productivity of the liquor the PrecipExpert software was
developed. This software has an optimizer, which uses a neural network as a multiparameter
predictive model to select control set points for optimal control (see Figure 10). The system
receives input data via Structured Query Language (SQL) queries; prior to entering the model
each parameter is filtered for outliers and blanks are filled in. The system calculates the control
set points for the whole planning horizon. Time series linearization enables to reduce the number
of adjusted parameters in the optimization problem to 35—70 depending on the number of the
variables in the model [17].

The optimization is intended to define the minimum of the objective function that can change
depending on the specific control purpose. In the research the optimization was aimed to reduce
the local maxima of the sub 45 um fraction. It is important to note that the PSD improvement
should not decrease the liquor productivity.

This formulation refers to optimization problems with equality and inequality constraints. It can
be solved using comprehensive algorithms. The Levenberg—Marquardt algorithm is used for an
approximate solution in the first stage [18]. Furthermore, the solution is improved with several
iteration using a generic algorithm [19]. The specifics of this challenge is in significant differences
of the dY/dX; gradients of the objective function by some parameters and gradient decrease in the
area of local or global minimum (see Figure 11). Therefore, the Levenberg—Marquardt gradient
method does not improve the solution. The generic algorithm finds the global extreme within
400—600 generations and reasonable calculation time upon receiving the approximate solution.
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One forecast calculation lasts for 120—150 ms and optimization search takes from 2 to 4 hours (at
33 Gfps). The model provides 5-10%+10° forecasts with a different combination of parameters,
requested by optimization engine per one optimization search. Parallel computing is not
performed. The calculation is executed every 24 hours; optimal solution and control set points are
submitted to the process engineers via email as an Excel report. Furthermore, if required the
administrator of the PrecipExpert software can make corrections to the optimization through the
interface shown in Figure 12.
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Figure 12. PrecipExpert optimizer configuration.

The PrecipExpert software has been tested in the precipitation area of RUSAL Kamensk-Uralsky
Alumina Refinery (UAZ refinery) since April 2022. The first stage required to detect and
eliminate faults in system operation as well as to configure the optimizer took 130 days. The
second stage allowed reducing the peak content of <45 pum fraction in the last precipitator slurry
from 45.7 % to 31.5 % without any significant losses in productivity (see Table 1, Figure 13).

Table 1. Current results of testing PrecipExpert in precipitation area 10 at UAZ refinery.

Parameter Before trials II stage
Duration, days 1205 330
Average liquor productivity, g/L 67.4 67.2
Average hydrate output
(expressed as Al,O3), t/d 812 803

Average content of —45 um fraction in the
product, %:

- over the whole period 20.7 18.6
- at fineness peaks 45.7 31.5
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Figure 13. Dynamics of — 45 pm content in precipitation area 10 at UAZ refinery.
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Use of the model and optimizer for the control revealed some limitations in the model. As the
training data set did not cover all or enough process parameters and process disturbances and
therefore cannot make predictions outside the range of the process parameters the model was
trained on. In the future, the PrecipExpert software will be improved by enhancing the machine
learning strategy through the use of hybrid and physics-informed neural networks (PINN) and
separating a priori information and process statistics by a multi-fidelity methods [20].

7. Soda Production Control

RUSAL’s Achinsk alumina refinery (AGK refinery) processes a nepheline ore to produce alumina
as well as Portland cement and soda products. AGK refinery precipitates soda ash from the
evaporated spent liquor in a separate soda ash area. Currently the soda ash is precipitated as
Na,CO3, Na>CO3-H>O and potassium sulfate, wherein the liquor, cleaned from the ions of K,
Na*, CO;* and SO4?, is returned to the alumina process [21].

Salts are crystallized separately through concentrating and decomposing the supersaturated
solutions with specific ionic indices corresponding to very narrow liquor compositions. Fresh
solutions for crystallization are obtained by mixing raw and spent liquor from the previous stages
of crystallization; if the mixture lacks any specific ions, some commercially available components
are added (i.e. potash and Berkite). Both quality and production cost of the soda products depend
on the liquor composition before concentration and how well the the crystallization conditions for
the specific salts can be achieved and finally also the consumption of the purchased additives.

Salt solubility diagrams are the base for the calculation of the ionic composition of the liquor in
the soda ash production area (see Figure 14). The solubility diagrams enable to determine the
maximum degree of liquor decomposition, the composition and amount of resulting spent liquor
and precipitate. Earlier, the process engineer had to perform such calculations by a graphical
method; determine the amounts and compositions of obtained liquors by hand; plan the estimated
filling of evaporation vessels, liquor storage vessels, capacity of crystallization units. All those
values are continuously changing; therefore, all said calculations need to be updated frequently.
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Figure 14. Salt solubility diagram in the system Na+,K+||COs*SO,H,0 [21].
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The developed “Soda” digital service has provided for automated calculations of all process flows
in the soda ash production area at AGK refinery. The sequence of calculations are in line with the
operational processes. The system requests the current data on the compositions of all liquors in
the area, the tank levels and the availability of evaporators and crystallization units from the
refinery server. All calculations are based on the digitized salt solubility diagram (see Figure 15).
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Figure 15. Interface of “Soda” digital service.

The elaborated digital service performs the following functions:

calculation of the mass balance for each stage of salt separation including the weight and
composition of crystallized solids and spent liquor (process stages: neutralization of
bicarbonate-ion with caustic alkali, concentration of soda-potash solution, evaporation of
soda monohydrate, crystallization of potassium sulfate, evaporation of anhydrous sodium
carbonate);

calculation of critical and incongruent points of crystallization, i.e. for each stage critical
Janecke ion indexes are calculated for the solutions that shall be complied with to prevent
co-precipitation of the impurities, which degrades the product quality;

calculation of the required amount of commercial additives for the crystallization of
potassium sulfate to balance the ions of K* and SO4* in the sulfate crystallization -
evaporation of anhydrous sodium carbonate cycle;

updated calculation of balance of the soda ash area upon requests of the alumina production
personnel;

calculation of the terminal point of the liquor evaporation to obtain soda products of high
quality;

calculation of equipment utilization rate required to process the available liquors;
recommendations of the amounts of liquors to be discharged if the available volumes of
the liquors exceed the process manuals in terms of additives.
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The soda ash production area is characterized by extensive piping and a large amount of tanks
and vessels. The major challenge in the performance and delivery of the digital services is the
lack of flow meters at some piping points, therefore, accurate information on the actual conditions
is not always available. For this purpose, to further develop and improve the “Soda” service it is
recommended to install additional measurement instruments as well as implementation of
measurement reconciliation systems (see next section).

8. Measurement Reconciliation Systems

Previous publications have referred to the term “measurement reconciliation systems” [22, 23],
such systems can be important for the further digitalization of alumina refineries. Measuring basic
process changes, i.e. flow rates, chemical composition, density, pressure, etc., always relates to
the data characterizing the measurement object. The measurement object can be approached from
different angles. Each separate measurement comprises of constant and random errors, which
corrupt the information of the measurement object. Nevertheless, if we know the composition and
temperature of the liquor we can calculate and correct the readings of the density meter; if we
know the filling level in the hopper and bulk weight of the bauxite, we can verify the readings of
the conveyor weigher. By measuring a random variable for several times, we can reduce the
random error of the measurement. Therefore, indirect and routine measurements enable to achieve
the required level of learning accuracy of the object, thus ensuring effective control thereof.

One can consider an alumina refinery not as a series of separate tanks, hoppers, vessels,
separators, etc., but as a complex of interrelated process operations where the measurement object
is a network of changing process flows between the vessels. Thus, all separate measurements
related to the flows in different areas of the refinery can be incorporated into one measurement
system. The rules of reconciliation in this system represent a model of a chemical and process
system similar to heat and mass balance models such as SysCAD. Figure 16 shows the simplified
iteration algorithm of the calculations.
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Figure 16. Block diagram of measurement reconciliation system.
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Along with improving the measurement accuracy, the measurement reconciliation system can
perform a number of additional functions, i.e. assist automation specialists in detecting faulty
sensors; put the sample quality and test results in question; detect irregularities; calculate non-
measurable parameters (virtual or soft sensors); calculate mass balances; improve the rational
planning of direct measurement networks at the refinery; submit the maximum accurate data on
the refinery process to other digital services of the refinery (existing and prospective).

The number of separate measurements at a refinery is large. For example, to calculate a
continuous balance for alumina and soda at an alumina refinery using the Bayer-sintering method
the input data comprise hundreds parameters from the APCS. When a consolidated monthly
balance is calculated, 19 additional parameters, which are measured once a month for
performance reports, are included into the calculations (see Figure 17).
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Figure 17. Example of measurement reconciliation to calculate the balance of alumina and
soda at Bayer-sintering alumina refinery.

The measurement reconciliation system can be limited to a separate heat exchange train (digestion
train, evaporation train, vacuum cooling train), a specific process area or the whole refinery. One
refinery can use several sub-systems, which exchange the data. RUSAL Engineering and
Technology Center is developing and generating a measurement reconciliation system using the
modular approach. The first module, i.e. real-time balance of alumina and soda will be tested at
RUSAL Kamensk-Uralsky early in 2024. Currently algorithms and software packages are being
developed to define and solve the system of reconciliation balance equations.
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9. Conclusions

Developing and deploying Digital Services is a convenient approach of integrating digital process
twins into the process environment of the production facility, and also to ensure the further
development and servicing to maximise the long term benefits. A comprehensive suite of digital
applications, such as digital process twins, computational fluid dynamic models and machine
learning models, and their combination, open up new opportunities to improve the performance
of alumina refineries. Equipment and process parameters are optimized using models of the
process systems. Hydrodynamic and thermophysical models can help to improve the design and
develop more reliable control algorithms. Machine learning models are very promising for use as
predictive models in the control circuit. Computer processing of the available instrumented
process data can be applied to generate new or missing data on the alumina production process
(soft sensors or anomaly/deviation detection). Online system of measurement reconciliation can
improve the accuracy of process measurements and provide more consistent data for process
engineers and other digital systems.

Digital services enable to automate and optimize production processes, improve the data access
and transparency, increase the rate and accuracy of data processing, enhance the communication
and cooperation between the operators, as well as provide for advanced control and decision-
making based on reliable data. Enterprises can use digital services to adjust to changing process
conditions and raise competitive capacity of their products.
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