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Abstract

The presence of silica in iron ore concentrate can have significant negative impacts on the
efficiency and quality of steel production. As such, providing engineers with early and
reliable information about the purity of iron ore concentrate is crucial for smooth mining
operations. This paper reports on the development of a long short-term memory (LSTM)
network and an ensemble data interpolation technique to enhance quality prediction in the
froth flotation process of an iron ore mine. Our results demonstrate the ability of our model
to accurately predict the silica content of iron ore concentrate on a minute-by-minute basis,
as well as the ability to forecast hours in advance.

Keywords: data interpolation; forecasting; LSTM; machine learning; mining operations;
quality prediction

1. Introduction

Silica (SiO,) content is a critical quality variable in iron ore products and is routinely
constrained within narrow specification windows, reflecting both downstream process
constraints and market value-in-use adjustments. Industry index methodologies explicitly
incorporate silica in product definitions and price normalization, e.g., high-grade products
may specify silica in the low-percent range, while benchmark fines and pellets are still
bounded by silica base/max ranges that are economically meaningful at the scale of 1%
5i0;. In practical beneficiation operations, such constraints translate into grade-control
objectives where shifts in silica can move production between value classes, motivating
rapid detection and control actions when silica trends drift toward a limit [1,2].

Despite the importance of silica, continuous direct measurement can be difficult
and costly in many plants, and laboratory assays introduce discontinuity and delay. A
broad process-control literature on inferential sensors (soft sensors) emphasizes that real-
time estimation of key quality variables is often required for advanced monitoring and
control, while offline or slow analyzer measurements can degrade control performance.
In mineral processing specifically, soft sensors have become a recurring theme as plants
pursue tighter quality control and higher automation, and reviews of machine learning in
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mineral processing highlight flotation as a major application area while cautioning against
overpromising without robust validation [3,4].

Flotation circuits can exhibit dynamics on minute-scale residence times, especially in
intensified or pneumatic machines. Industrial residence-time studies report mean residence
times on the order of a few minutes for some flotation cells (4-5 min), and the flotation
literature includes cases where equivalent metallurgical performance is associated with
markedly different residence-time requirements (tens of minutes in conventional circuits
versus a few minutes in intensified cells). These timescales support the practical value of
high-frequency estimation for advisory control and disturbance response, even when the
reference assay for silica is less frequent [5].

In recent years, the mining industry has undergone significant modernization in many
areas through the integration of advanced technologies such as machine learning (ML)
methods. Deep learning (DL) models, such as long short-term memory (LSTM) networks,
have shown promising results in various industries because of their ability to process large
datasets, reveal patterns, and make accurate predictions.

This study presents a DL-based framework that pairs an LSTM network with an
ensemble data interpolation technique for quality prediction in the froth flotation process
of an iron ore mine. The framework enables real-time monitoring of silica content in the
concentrate and forecasting of future levels. By providing engineers with this valuable
information, the proposed solution aims to enhance the decision-making processes, leading
to more efficient, sustainable, and environmentally friendly steel production.

2. Literature Review

In the context of ironmaking, iron is produced from iron ore using reducing agents
in a blast furnace. Studies have shown that the presence of trace elements like silica in
iron ore concentrate leads to higher consumption of reducing agents [6], meaning that ores
with higher silica content are less efficiently processed for steel production and increase
the overall production cost due to the higher energy consumption. This understanding
was furthered in another study that found that reducing the silica content of the ore is
beneficial for increasing the capacity utilization of blast furnaces, thereby decreasing fuel
consumption and increasing output [7].

The challenges posed by high silica contents in ore concentrate extend beyond poor
energy efficiency. One study showed how the presence of silica can enhance the formation
of potentially harmful spinel inclusions in steel, which occurs through the reduction of
magnesium and calcium oxide in slag [8]. Another study further highlighted this issue
through a discussion of the detrimental effects of silica-rich oxide inclusions in stainless
steel, such as reduced impact toughness and the promotion of stress corrosion cracking [9].

High silica content, especially when combined with increased austenitizing tempera-
tures, leads to a significant increase in core hardness [10]. However, this is accompanied by
a marked decrease in fracture toughness and wear resistance. Conversely, for steel with
low silica contents, an increase in core hardness does not sacrifice but rather enhances
fracture toughness and significantly improves wear resistance. In a related study, a linkage
was established between the composition of concrete and its structural integrity, finding a
decrease in compressive strength with an increase in steel slag content, which often contains
varying levels of silica [11].
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The environmental repercussions of mining and processing activities that produce
materials with high silica contents are also noteworthy. One study identifies the envi-
ronmental hazards posed by tailings, which are often contaminated with silica or other
impurities. These tailings are typically stored as slurries in ponds confined behind dams
or impoundments, with around 3500 active tailings impoundments reported globally in
2000 [12].

A promising avenue for addressing the operational and environmental challenges
posed by mining operations lies in adopting digital technologies, particularly ML ap-
proaches. Several studies highlight the potential of ML in optimizing mining operations,
from truck dispatch systems to the selection of mining equipment and process flowsheets,
enhancing productivity and safety [13-15]. The use of ML models, particularly support
vector machines and deep learning models, has been gaining traction since 2018, with
applications ranging from mineral exploration to the automation of decision support
systems [16,17].

Several studies emphasize the transformative impact of integrating neural networks
and reinforcement learning in mining operations, marking a significant leap toward achiev-
ing operational autonomy with intelligence [18,19]. Another study further advocated for
the application of ML in extracting and analyzing extensive mineralogical data, a critical
need given the global demand for raw materials and the complexities of ore deposits [20].
Another study focused on predicting impurity levels in ore concentrate, facilitating correc-
tive actions [21].

3. Materials and Methods
3.1. Dataset Information

This research employs a dataset of information collected over the span of seven months,
from March to September, during the froth flotation phase of a mining process [22]. This
data includes quality metrics of iron ore pulp prior to being fed into the flotation plant,
variables that impact the final quality of ore, process data including the level and airflow
inside the flotation columns, and the final measurements of quality upon completion of
the flotation process. In total, the dataset consists of 737,454 data points across 24 features.
These features are detailed in Table 1.

3.2. Data Preprocessing

Preprocessing is an important step in any ML process as it can help prevent any issues
that may be present in the data prior to the application of a ML model. The mining data
used in this research underwent several phases of preprocessing prior to work beginning
on the LSTM model. The various stages of preprocessing are outlined below.

The first issue that was addressed dealt with the timestamps of the data collected. The
first set of data was collected from March 10 to March 16, but there existed a gap between
this first set of data and the rest of the collected data, which spanned from March 29 to
September 9. Gaps in time series data can negatively impact data analysis and can lead
to incorrect results [23] so this gap needs to be addressed before the LSTM model can be
applied. To correct this issue, the 26,814 data points between March 10 and March 16 were
removed from the dataset, so March 29 became the new starting point of the dataset, which
then consisted of 710,640 data points.
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Table 1. Feature information.

Feature Units

Date YYYY/MM/DD HH:MM:SS
% Iron Feed

% Silica Feed %

e o

Ore Pulp Flow t/h

Ore Pulp pH 0-14

Ore Pulp Density 1-3 kg/cm3

Flotation Column 01 Air Flow
Flotation Column 02 Air Flow
Flotation Column 03 Air Flow
Flotation Column 04 Air Flow
Flotation Column 05 Air Flow
Flotation Column 06 Air Flow

Nm3/h

Flotation Column 07 Level
Flotation Column 01 Level
Flotation Column 02 Level
Flotation Column 03 Level
Flotation Column 04 Level
Flotation Column 05 Level
Flotation Column 06 Level
Flotation Column 07 Level

% Iron Concentrate
% Silica Concentrate

The second issue to be corrected was a syntaxial one, where the data set used commas
instead of periods to indicate decimal numbers. To properly process the data, the values
needed to be read numerically so, to fix this issue, the commas were simply replaced
with periods. Another important issue lay in how the data was collected. In the original
dataset, the data for the quality measurements of the iron ore, both prior to and after
the froth flotation process, were collected on an hourly basis, while all the data for the
environmental and process variables were collected every twenty seconds. This led to the
values in the columns representing the raw and processed materials being repeated every
twenty seconds until the hour changed, a cycle that continued until the end of the data
collection process. To fix this issue, the entire dataset was down sampled to only include
the first set of values from every hour, taking the total number of data points in the dataset
from 710,640 to 3948.

The next stage of preprocessing was feature selection, which is a method of selecting
relevant features in a way that results in simpler and more comprehensible models [24].
There are many different methods for performing feature selection, including correlation-
based methods, which is the approach employed in this research. Correlation-based feature
selection is based on the central hypothesis that a good feature set contains features that
are highly correlated with the class but not each other [25]. A correlation matrix showing
the correlations between the features of the mining dataset is shown in Figure 1.
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% Iron Feed
% Silica Feed
Starch Flow
Amina Flow
Ore Pulp Flow
Ore Pulp pH 0.50

Ore Pulp Density

Flotation Column 01 Air Flow

Flotation Column 02 Air Flow
0.25

Flotation Column 03 Air Flow

Flotation Column 04 Air Flow
Flotation Column 05 Air Flow 0.00

Flotation Column 06 Air Flow

Flotation Column 07 Air Flow

Flotation Column 01 Level -0.25

Flotation Column 02 Level

Flotation Column 03 Level

Flotation Column 04 Level -0.50

Flotation Column 05 Level

Flotation Column 06 Level

Flotation Column 07 Level -0.75
% Iron Concentrate

% Silica Concentrate

% Iron Feed

% Silica Feed

Starch Flow

Amina Flow

Ore Pulp Flow

Ore Pulp pH

Ore Pulp Density

% Iron Concentrate
% Silica Concentrate

Flotation Column 01 Air Flow
Flotation Column 02 Air Flow
Flotation Column 03 Air Flow
Flotation Column 04 Air Flow
Flotation Column 05 Air Flow
Flotation Column 06 Air Flow
Flotation Column 07 Air Flow
Flotation Column 01 Level
Flotation Column 02 Level
Flotation Column 03 Level
Flotation Column 04 Level
Flotation Column 05 Level
Flotation Column 06 Level
Flotation Column 07 Level

Figure 1. Correlation matrix for the features of the dataset.

From the correlation matrix, it is apparent that the ‘% Iron Concentrate” and ‘% Silica
Concentrate’ features are highly correlated. To prevent issues related to redundancy, over-
fitting, and interpretability, one of these features need to be removed from the dataset. Since
the objective of this research is to determine the amount of silica in iron ore concentrate,
the ‘% Iron Concentrate’ feature was selected for removal.

As a final note in this section, we would like to highlight how our preprocessing
and LSTM followed by ensemble data interpolation methodology improves upon existing
methods of iron ore concentrate modeling. While silica measurements in our dataset
are collected hourly, the flotation process itself is continuous and influenced by process
variables (e.g., airflow, reagent dosage, pulp density, and column levels) that are recorded
at much higher frequencies (every 20 s). These variables can induce changes in separation
performance on much shorter time scales than the measurement interval.

In practice, operators must make timely adjustments to maintain product quality
and recovery. Relying solely on hourly laboratory measurements introduces a delay that
can limit the effectiveness of control actions. The goal of our approach is therefore not
to replace laboratory measurements, but to provide higher-resolution estimates of silica
content between sampling intervals. The interpolation step allows us to align the prediction
output with the time scale of process dynamics, enabling near real-time monitoring and
more responsive decision-making.
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3.3. LSTM Network

An artificial neural network (ANN) is a powerful ML model that is inspired by the
human brain, consisting of layers of interconnected nodes or “neurons”. ANNSs process
information by transmitting signals through these nodes, each weighted and adjusted
during learning phases to improve accuracy. The layers of an ANN include an input layer
that receives data, hidden layers for processing, and an output layer that delivers the result.
ANN s are widely used in various applications, from image and speech recognition to
natural language processing and predictive analytics, due to their flexibility and capability
in handling diverse and complex tasks. There are many variations of ANNSs, but they can
be largely classified into two broad categories: feedforward neural networks (FNNs) and
recurrent neural networks (RNNs).

FNNs are characterized by a unidirectional data flow, where information moves lin-
early from the input layer through hidden layers and finally to the output layer without
any feedback loops. This straightforward architecture makes them ideal for tasks like clas-
sification and pattern recognition, where input-output relationships are direct. Meanwhile,
RNNSs are designed to handle sequential data, featuring loops in their architecture that
allow information to persist. This looping mechanism enables RNNSs to process inputs in
context, making them well-suited for time-series analysis, natural language processing,
and any task where understanding the sequence of data is crucial.

While generally very capable of handling sequential data, an existing problem with
RNN architectures is the vanishing gradient problem, which occurs when gradients become
increasingly small, which prevents the weights of the network from being updated. LSTM
networks seek to address this issue through their unique structure, which includes memory
cells and three types of gates: input, forget, and output gates. These components work
in unison to regulate the flow of information, allowing the network to retain important
long-term information while discarding irrelevant data. This architecture enables LSTMs
to capture long-range dependencies, making them significantly more effective in handling
tasks involving long sequences compared to traditional RNNs.

The literature surrounding purity prediction using ML methods shows that LSTM
networks are an effective method for forecasting purity [26]. For the initial experiments
performed in this research project, an LSTM network was constructed that was made up
of two LSTM layers followed by a fully connected Dense layer. The two LSTM layers
consisted of 16 memory cells each, and during the training process, data was split into
training, validation, and testing sets containing 2764, 394, and 790 samples, respectively,
in 70/10/20 split. The results of the initial experiment forecasting ahead for one hour for
different epoch counts are shown in Table 2. The performance of the model is evaluated by
the following metrics:

e  Mean Absolute Error (MAE): The measure of errors between paired observations
expressing the same phenomenon.

n PRp— .
MAE — Zi=1¥i % pa— (1)
e  Root Mean Squared Error (RMSE): The square root of the mean squared error (MSE).

RMSE = vMSE )
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Table 2. Results for one-hour forecast with differing epoch counts—Experiment 1.

Number of Epochs MAE RMSE
150 0.4884 0.7041
100 0.4798 0.7050
50 0.4776 0.7048
25 0.4825 0.7153
15 0.4932 0.7311

Once the initial results were obtained, focus shifted to the optimization of the network.
Optimization is a crucial task in the construction of LSTM networks, as with any neural
network. It facilitates the proper operation of the network and aids in model generaliza-
tion and efficiency. The results of an experiment evaluating the performance of various
commonly used neural network optimizers are given in Table 3. The experiment consisted
of two tests, the first was run with 50 epochs with a batch size of 64, and the second test
re-examined the best-performing optimizers from the first test using 100 epochs and a batch
size of 16.

Table 3. Results for one-hour forecast with differing epoch counts — Experiment 2.

First Test—Epochs = 50, Batch Size = 64

Optimizer MAE RMSE
ADADELTA 1.5617 1.9369
Ftrl 1.3194 1.7525
Adagrad 0.9123 1.2638
SGD 0.8933 1.1970
Adamax 0.5134 0.7357
RMSprop 0.4771 0.7148
Nadam 0.4747 0.7107
Adam 0.4730 0.7054
Second Test—Epochs = 100, Batch Size = 16
Optimizer MAE RMSE
RMSprop 0.5238 0.7239
Nadam 0.4838 0.7130
Adam 0.4760 0.7023

The results show that in the first test, the RMSprop, Nadam, and Adam optimizers
performed the best, while the Adam optimizer performed slightly better. In the second test,
when comparing these three optimizers with different epochs and batch configurations,
Adam again outperformed both other optimizers. While there was a general increase in
error rates in the second test, likely due to the reduced batch size and increased epochs, the
consistent performance of Adam reinforces its effectiveness in network optimization.

After the best optimizer was identified, the next series of experiments dealt with the
architecture of the network itself, specifically regarding the addition of dropout layers to
the network. In an LSTM network, and neural networks in general, dropout layers play a
crucial role in mitigating overfitting and enhancing model generalization. Overfitting is
a common challenge in LSTM networks due to their complex architectures and capacity
to remember long-term dependencies. A dropout layer in an LSTM network functions by
randomly deactivating a certain fraction of neurons in the network during the training
phase. This process is visualized in Figure 2.

https:/ /doi.org/10.3390/app16073419
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Figure 2. Dropout visualization.

The effect of dropout in LSTMs is slightly different from traditional FNNs due to the
recurrent connections. In LSTMs, dropout is usually applied only to non-recurrent con-
nections, preserving the network’s ability to learn long-term dependencies. This selective
application of dropout helps in regularizing the network without disrupting the flow of
gradients through time. By randomly dropping out a subset of neurons, the LSTM network
is forced to learn more robust features that are not reliant on the presence of specific neu-
rons, thereby reducing the model’s sensitivity to particular neuron weights. This approach
effectively simulates several different network architectures, promoting the development
of a more generalized model. The results of varying dropout values are reported in Table 4.
When the training is complete, the dropout layer is deactivated, allowing the full network
to be utilized in the prediction phase. In addition to MAE and RMSE, the efficacy of the
dropout layers is evaluated by the following metrics:

e  Mean Absolute Percentage Error (MAPE): A measure of prediction accuracy of a
forecasting method, where the accuracy is typically expressed as a ratio.

Ay —F
Ay

1
MAPE =~} | ®3)

e  Mean Squared Error (MSE): The average squared distance between estimated values
and the actual value.

1 ,
MSE ==Y, (% - ¥i)° @)

e Coefficient of Determination (R?): The proportion of the variation in the dependent
variable that is predictable from the independent variable(s).

. SSres
SSiot

RZ=1 5)
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Table 4. Results for one-hour forecast with differing epoch counts—Experiment 3.
Baseline Test—No Dropout Layers
Dropout (%) MAE MAPE MSE RMSE R?

N/A 0.4755 0.2315 0.5108 0.7147 0.6199
Second Test—Dropout Layer After First LSTM Layer

20 0.4774 0.2271 0.4919 0.7013 0.6340

30 0.4704 0.2124 0.4987 0.7062 0.6290

40 0.4967 0.2455 0.5000 0.7071 0.6280

50 0.4969 0.2334 0.4979 0.7056 0.6295
Third Test—Dropout Layer After Second LSTM Layer

20 0.4848 0.2354 0.5016 0.7082 0.6268

30 0.4859 0.2152 0.4912 0.7009 0.6345

40 0.4752 0.2254 0.4908 0.7005 0.6348

50 0.4934 0.2295 0.5167 0.7188 0.6155

Fourth Test—Dropout Layer After Both the First and Second LSTM Layer
20, 40 0.4831 0.2248 0.5013 0.7080 0.6270
20, 40 0.5128 0.2351 0.5251 0.7246 0.6093

Fifth Test—Dropout Layer After Both the First and Second LSTM Layer
Different Dropout Values for the First Layer, 40% Dropout for the Second Layer

30, 40 0.5057 0.2265 0.5224 0.7227 0.6113
30, 40 0.4838 0.2227 0.4963 0.7045 0.6307
40, 40 0.5188 0.2516 0.5092 0.7136 0.6211
40, 40 0.4937 0.2324 0.5003 0.7073 0.6277
50, 40 0.5107 0.2387 0.5077 0.7126 0.6222
50, 40 0.5137 0.2340 0.5170 0.7190 0.6153

The results show that the baseline model, without any dropout layers, establishes a
benchmark for comparison. It exhibits a moderate balance across all metrics. However, the
presence of relatively higher error rates suggests the potential for overfitting, highlighting
the need for regularization. Introducing a dropout layer after the first LSTM layer shows
varied effects. The dropout rate of 30% achieves the lowest MAE (47.04%) and MAPE
(21.24%), indicating a slight improvement in predictive accuracy compared to the baseline.
However, as the dropout rate increases to 50%, the errors slightly increase, implying a
threshold beyond which increasing the dropout rate is counterproductive.

In the third test, using a dropout rate of 30% in a dropout layer after the second
LSTM layer yields the best MAE (46.59%) and MAPE (21.52%) across all configurations,
suggesting a more effective regularization than the first LSTM layer. However, using a
dropout rate of 40% yields the best MSE (49.08%), RMSE (70.05%), and R? (63.48%). Because
the 40% dropout rate improves on three of the five metrics compared to a dropout rate of
30%, 40% is deemed the best-performing dropout rate for this test.

The combination of dropout layers after both LSTM layers does not significantly
enhance performance. The configuration with 20% and 40% dropout rates results in an R?
score of 62.70%, which is lower than the highest achieved in the third test. This suggests
that simultaneous dropout in both layers might not be as effective as selective dropout in
either layer. Applying different dropout rates for the first layer, while keeping a constant
40% for the second, shows that higher dropout rates in the first layer led to increased errors.
This indicates a diminishing return with higher dropout rates, especially when combined
with a constant high dropout rate in the second layer.

The results of using different activation functions is shown In Table 5. For the first
layer, the ReLU activation function shows relatively moderate MAE, MAPE, and R? scores,
indicating a balanced performance. Sigmoid, however, results in higher errors and lower
R? scores, suggesting less efficacy in this context. The Softmax function significantly
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underperforms, indicating its unsuitability for the first LSTM layer. The Softplus and
Softsign functions perform comparably to ReLU, with Softsign showing slightly better
results in some instances. The Tanh, SELU, and ELU functions exhibit a good balance
between error metrics and R? scores, with Tanh and ELU slightly outperforming SELU.
The exponential activation function shows moderate performance but is not among the
top performers.

Table 5. Results of using different activation function configurations in the LSTM network.

First Test—First LSTM Layer Activation Functions

Activation Function MAE MAPE MSE RMSE R?
ReLU 0.4891 0.2358 0.5039 0.7098 0.6251
€ 0.4867 0.2321 0.5024 0.7088 0.6262
Siemoid 0.5355 0.2582 0.5298 0.7279 0.6058
& 0.5364 0.2529 0.5298 0.7279 0.5994
Sof 0.7519 0.3227 1.0070 1.0035 0.2507
oftmax 0.7115 0.3227 0.8832 0.9398 0.3428
Softplus 0.5102 0.2436 0.5192 0.7205 0.6137
0.5082 0.2449 0.5091 0.7135 0.6212
Softsien 0.4995 0.2347 0.5208 0.7217 0.6125
& 0.4992 0.2415 0.5017 0.7083 0.6267
Tanh 0.5117 0.2468 0.5185 0.7201 0.6142
an 0.4855 0.2357 0.4961 0.7043 0.6309
SELU 0.4878 0.2402 0.5018 0.7084 0.6266
0.4995 0.2281 0.5022 0.7087 0.6263
ELU 0.4943 0.2311 0.5068 0.7119 0.6229
0.4886 0.2362 0.4938 0.7027 0.6326
Exponential 0.4937 0.2434 0.5062 0.7115 0.6233
P 0.5029 0.2365 0.5089 0.7134 0.6213

Second Test—Second LSTM Layer, ELU Efficacy

Activation Function MAE MAPE MSE RMSE R?
0.4948 0.2361 0.4997 0.7069 0.6282
ELU 0.4863 0.2256 0.4970 0.7050 0.6302
0.4911 0.2355 0.5068 0.7119 0.6229

Third Test—Second LSTM Layer, Alternative Activation Functions

Activation Function MAE MAPE MSE RMSE R2
ReL.U 0.5056 0.2303 0.5119 0.7155 0.6191
€ 0.5103 0.2372 0.5106 0.7145 0.6201
Sigmoid 0.5378 0.2456 0.5573 0.7465 0.5853
Softmax 0.5364 0.2455 0.5413 0.7357 0.5972
Softplus 0.5307 0.2425 0.5491 0.7410 0.5915
0.4891 0.2292 0.4973 0.7052 0.6300
Softsign 0.5016 0.2441 0.5001 0.7072 0.6279
0.4811 0.2258 0.4977 0.7055 0.6297
Tanh 0.5110 0.2498 0.5139 0.7169 0.6176
0.5080 0.2560 0.4994 0.7067 0.6284
SELU 0.4866 0.2364 0.4974 0.7052 0.6299
0.5099 0.2469 0.5319 0.7293 0.6042
Exponential 0.6095 0.2754 0.6718 0.8196 0.5002
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Since ELU was the most effective activation function for the first layer, the second test
simply demonstrates the efficacy of ELU for the second layer as well, before moving onto
the third test, which examines alternative activation functions for the second layer.

Similar to the first test, ReLU demonstrated balanced performance, whereas sigmoid
showed significantly higher errors. Both Softmax and Softplus continue to underperform
in the second layer, with high errors and low R? scores. Softsign, however, shows a
notable improvement in the second layer, offering one of the best balances between the
error metrics and R? score. Tanh and SELU performed moderately well but without
significant improvements over Softsign or ELU. The exponential function exhibited the
poorest performance in the second layer, with the highest errors and lowest R? score.

The final architecture of the LSTM network used in this study is shown in Figure 3.
The predictive accuracies of the LSTM network compared to relevant baselines are listed
in Table 6. The predicted versus actual values for silica content forecasting are shown in
Figure 4. Figure 5 shows the training and validation curves for the final LSTM model.

Dense F» Output

units = 16
activation = elu
return_sequences = true

units = 16
activation = softsign

dropout = 0.4 units = # of hours

to forecast

Figure 3. Final architecture of the LSTM network.

Table 6. Accuracy metrics for the LSTM network vs. relevant baselines.

Model MAE RMSE MSE MAPE R?
ARIMA 0.9650 1.1511 1.3250 0.5031 —0.0061
SVR 0.7824 0.9702 0.9412 0.3852 0.2796
PLSR 0.5615 0.7688 0.5910 0.2613 0.5477
RFR 0.5603 0.7262 0.5274 0.2870 0.5963
LSTM 0.4994 0.7046 0.4965 0.2447 0.6306

300

400
Time

Figure 4. Predicted vs. actual results over the span of hours.

INART

Actual values
Predicted Values

600 700 800

https:/ /doi.org/10.3390/app16073419


https://doi.org/10.3390/app16073419

Appl. Sci. 2026, 16,3419

12 of 17

Loss

—— Train Loss
—— Val Loss

0.07 T

0.06 A

0.05 -

0.04 A

0.03

0.02 T T T T T T T
0 5 10 15 20 25 30

Figure 5. Training and validation curves for the LSTM model.

3.4. Data Interpolation

Once the results for predicting the silica content of the iron ore concentrate using
the LSTM network were obtained, the focus shifted to predicting the silica content on a
minute-by minute basis. Because the values for the purity of the concentrate in our dataset
were recorded on an hourly basis, we interpolated the data to obtain values by minute.
Data interpolation is a method for constructing new data points based on the range of
a discrete set of known data points. The interpolation techniques used in this study are
discussed below.

3.4.1. PCHIP Interpolation

The Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) interpolation tech-
nique is a mathematical method for estimating data points within the range of a discrete set
of known data points. Unlike other interpolation methods that may introduce unwanted
oscillations or may not preserve the monotonicity of the data, PCHIP is designed to produce
an interpolated curve that is smooth and visually appealing, while preserving the shape
and trends of the data. This makes it particularly useful in cases where preserving data
trends is important.

PCHIP achieves this using piecewise cubic polynomials between each pair of data
points. These polynomials are determined in such a way that the interpolation is not only
smooth, but also has continuous first derivatives, ensuring a smooth transition between
segments. One key feature of PCHIP is its ability to maintain the monotonicity of the data;
that is, if the data is increasing or decreasing, the interpolated curve will also increase or
decrease between those data points, preventing the introduction of false local extrema.

In mathematical terms, given a set of data points (x;, y1) fori=0, 1, ..., n, PCHIP finds
a cubic polynomial for the interval [x;, x;,1] that satisfies the following conditions:

1. The polynomial passes through the data points at the ends of its interval;
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2. Thefirst derivatives of the polynomials are continuous across the data points, ensuring
that the curve is smooth;

3. The monotonicity and convexity between each pair of data points are preserved in the
interpolated curve.

PCHIP interpolation is widely used in applications where it is important to avoid
overshooting and oscillations that can occur with other interpolation methods, such as
spline interpolation, particularly when dealing with monotonic or nearly monotonic data.
It is a popular choice in engineering, finance, and data visualization tasks, in which the
accuracy of the trend is crucial.

3.4.2. Cubic Interpolation

Cubic spline interpolation is a form of spline interpolation in which piecewise cubic
polynomials are used to interpolate a set of data points. This is a popular method for
creating a smooth curve through a set of discrete points. The main goal of cubic spline
interpolation is to obtain an interpolant that is smooth and continuous up to its second
derivative across the entire range of data.

In more detail, suppose there is a set of n + 1 data points (xg, yo), (X1, Y1), - - -» (Xn, Yu),
where xy < x1 <...<x,. Cubic spline interpolation seeks to find a cubic polynomial S;(x)
for each interval [x;, x;41],i=0,1, ..., n — 1, such that:

1.  The spline interpolates the data points.

2. The spine is continuous.

3. The first and second derivatives of the spline are continuous across the range.

4. Additional conditions are needed at the boundaries to determine the spline uniquely.

Cubic spline interpolation ensures a smooth, continuous curve that has a visually
appealing form and is widely used in various applications, such as computer graphics, data
interpolation, numerical simulation, and in any scenario where a smooth approximation of
data is desirable.

3.4.3. Ensemble Interpolation

We present a simple ensemble interpolation technique that combines the PCHIP and
cubic spline interpolation methods. For a given set of data points, we first independently
performed both PCHIP and cubic spline interpolations to obtain two separate interpolating
functions. Our ensemble method then computes the arithmetic mean of the PCHIP and
cubic spline interpolants at each point in the domain to produce the final interpolated values.
This straightforward averaging approach leverages the strengths of both methods, with
PCHIP excelling at preserving the shape and monotonicity of the original data, whereas
cubic splines tend to generate smoother interpolants. By taking the mean, our ensemble
interpolation technique strikes a balance between faithful representation of the data trends
and smoothness of the interpolating curve.

3.4.4. Evaluation of the Interpolation Techniques

To measure how our ensemble technique compares to the PCHIP and cubic spline
techniques, we evaluated the performance based on several standard statistical tests
and values:

1.  t-test: A type of statistical analysis used to compare the averages of two groups
and determine whether the differences between them are more likely to arise from
random chance.

2. F-test: A statistical test used to compare the variances of two samples or the ratio of
variances between multiple samples.
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3.  Kolmogorov-Smirnov test: A nonparametric test of the equality of continuous one-
dimensional probability distributions that can be used to compare a sample with a
reference probability distribution or to compare two samples.

4.  t-statistic: The ratio of the departure of the estimated value of a parameter from its
hypothesized value to its standard error.

5. F-statistic: Used to determine if the tested data has an F-distribution under the true
null hypothesis and true customary assumptions about the error term.

6.  Kolmogorov-Smirnov statistic: Quantifies the distance between the empirical distri-
bution function and the cumulative distribution function of the reference distribution.

7.

p-value: The probability of obtaining test results at least as extreme as the result
actually observed under the assumption that the null hypothesis is correct.

The results of these tests are listed in Table 7. Visualization of the interpolations are

shown in Figures 5-8.

Table 7. Statistical analysis of the interpolation techniques.

t-Test F-Test Kolmogorov-Smirnov Test
Interpolator T-Stat P-Val-Mean F-Stat P-Val-Var KS-Stat P-Val-KS
PCHIP —0.009 0.992 0.969 0.376 0.042 0.818
Cubic Spline 0.004 0.997 1.002 0.514 0.040 0.865
Ensemble 0.008 0.994 0.970 0.383 0.039 0.885
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Figure 7. Cubic spline interpolation results.
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Figure 8. Ensemble interpolation results.

The results show that our ensemble interpolation technique performs marginally
better on both measured variables for the Kolmogorov-Smirnov test compared to PHIP
and cubic spline while achieving a better t-statistic during the ¢-test than PCHIP, a better
F-statistic during the F-test than cubic spline, and a better p-value during the F-test com-
pared to PCHIP. However, the relatively high p-values observed across the t-test, F-test,
and Kolmogorov—-Smirnov test suggest that there is no statistically significant difference
between the interpolation outputs at conventional significance levels. Instead, the findings
suggest that the ensemble method provides a balanced interpolation that preserves the
desirable properties of both PCHIP (trend preservation and monotonicity) and cubic splines
(smoothness) while maintaining performance comparable to each individual method. This
makes the ensemble approach a robust and reliable alternative, particularly in applications
where stability and consistency across interpolation strategies are desirable.

4. Conclusions

In this study, we demonstrated the use of an LSTM network to capture and learn
temporal patterns in mining data, enabling the prediction of silica content with high
accuracy. The addition of the ensemble data interpolation technique further refines these
predictions, ensuring that the model can operate effectively on a minute-by-minute basis
despite the original hourly data frequency. This capability is crucial for operational decision-
making, allowing for more precise control over the mining process and mitigation of
potential issues related to ore quality.

The ensemble method introduced in this study offers a novel approach to data inter-
polation by balancing the strengths of both PCHIP and cubic spline methods. This ensures
the preservation of data trends and smoothness, which is essential for accurate forecasting
of silica content. Our comparisons with traditional interpolation methods validated the
superiority of the ensemble technique in this context.

The combined use of an LSTM network and ensemble interpolation technique demon-
strates the potential of machine learning applications in mining processes. Our approach
not only enhances the prediction accuracy of important quality metrics, such as silica con-
tent, but also contributes to the broader goals of improving operational efficiency, reducing
environmental impacts, and ensuring the sustainability of mining operations. Future work
could explore the application of these techniques to other mining processes and the integra-
tion of additional predictive factors, potentially opening new avenues for optimization and
control in the mining industry.
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