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Project idea
Metallurgical processes are usually very complex and multidisciplinary,
resulting in hard challenging control strategies. Process modeling is a very
useful approach to understand, investigate and simulate processes’
phenomena. Due to the complexity, a pure and physical modeling (white box)
can be very time-consuming and not represent the real process as expected,
however data-driven modeling (black box) requires less-effort and provides
satisfactory results. On the other hand, black box models are purely based on a
plant’s history, while white box models include every possible scenario. Taking
both paradigms together, a stronger model can be built, as with white box
models complementary data can be generated for data-driven modeling, which
are more simple and can be implemented in smart devices.

For this project the general scenario shown in figure below was designed.

This approach is applied on the Hall-Heroult process for aluminum smelting. A
diagram of a typical electrolysis cell is shown below.
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A high amperage electric
current crosses the cell
from the anode to the
cathode,
reducing
alumina into aluminum
in a electrolytic bath at
temperatures of around
960o C. Alumina is
continually added from
the feeders into the
bath, in order to keep
the production rate as
high as possible.
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Liquid aluminum falls to the bottom of the cell due to gravity and electrical
atraction to the cathode, and is periodically tapped. A solid layer called ledge is
formed around the bath, thereby providing a protection to the cell walls. A high
production rate depends on a stable chemical composition of the bath,
temperature and cell resistance. However, such operational events like anode
change cause disturbances in the thermal and energy balance, and the control
systems must preserve the production as high as possible.
In order to be a viable industry, aluminum smelters must have hundreds of
production cells in series (potlines), since a very high electric current must be
used to reduce alumina into aluminum. Moreover, the number of variables to
monitor may be as high as hundreds, therefore one must pay attention to each
of the variables for each of the cells. A typical year of operation of a potline with
daily records has about 200 MB, but if this database can be extended by
mathematical models, the size can be raised to about 4 GB. The database
extension can be made using theoretical models, available in the literature.

This project used eight virtual machines (VMs), four extra large (XL)
for cell data manipulation (960 cells) and four large (L) for potline
data manipulation (4 potlines), a scenario similar to a smelter. In
these VMs the theoretical models are run to produce the
complementary data. The original database is uploaded into a SAP
HANA tenant for faster querying and processing. The VMs retrieve
the original data, run the models and after producing the
complementary data, they are stored in the SAP HANA database.

Original database
X3

X4

X5

No data

X2

Irregular
sampling

X1

Expanded database
X1
Mathematical
models to
expand the
database

X2

X3

X4

X5

Original data

VM
(used for
white box
models)

SAP HANA Instance
(database for further
analytics)

Preliminary findings and next steps
The original database contained
records sampled at 24, 32 and 64
hours, by using mathematical
models and constant for the type
of cell used, the expanded
database has a sampling time of 4
hours. About 60 variables are
included in the model, from which
15 are original and 45 are
generated.
Backpropagation
Neural Networks are chosen as
the machine learning structure,
whereby the hidden layer size is
varied from 1 to 100 hidden
neurons, to find the simpler yet
with good generalization. On the
right, time series plot of 4
important variables.
A very good approximation can be obtained in the variables which
are directly measured, on the other hand for alumina (4th row),
whose values are determined by a mathematical model, the model
can’t find a good fit. However, it is known that alumina content
changes very often, depending on the feeding frequency among
other factors which happen more often in the cell, therefore the
neural model tries to reproduce the alumina behavior in average.
The best neural network had 66 hidden neurons; the summary of
the machine learning and MSE test errors are shown on the right.

A model (block #1) can be
used to provide an indirect
measure of X5 whenever
there are not measures of
this variable. For X3 a
mathematical model (block
#2) is applied to provide its
measures, considering also
measures of X5 which were
not present in the original
database.

Complementary data

From this preliminary model, we can extend the same approach to
other variables and potlines, until all the behaviors of the aluminum
reduction cells are mapped in simpler models. Also, other
supervised learning algorithms can be tested. It can be viewed in
the charts that the model can reproduce the mentioned variables’
behavior with reliability, but as they are preliminary results, other
conditions need to be tested. A model with 66 neurons is simpler
enough to be implemented in cheaper hardware for process
monitoing. Given the results found, It seems that the approach
chosen is suitable for this kind of work.

MSE error summary
Hidden
MSE Test
Neurons
Error
0.0001080
66
0.0001361
62
0.0001581
71
0.0001623
69
0.0001816
42
0.0002123
61
0.0002285
58
Machine learning summary
Total
dataset
Testing
dataset

250000
records

Production
cells used

24 cells from
the same
potline

Period of
operation

6,5 years

15%

