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Abstract: The growing environmental impact of copper production necessitates innovative
approaches for optimizing metallurgical processes and minimizing waste. This study
addresses this challenge by leveraging advanced machine learning (ML) techniques to en-
hance the efficiency of pyrometallurgical operations such as slag optimization, composition
prediction, and waste minimization. Using a combination of real-world and synthetic data,
we developed models capable of both forward prediction, estimating slag and matte compo-
sitions from ore characteristics, and backward prediction, inferring ore compositions from
output characteristics. Five ML algorithms were evaluated, with Gradient Boosting and
Support Vector Regression demonstrating superior performance in capturing complex, non-
linear relationships. Forward prediction achieved near-perfect accuracy, while backward
prediction highlighted the inherent complexity of inverse modeling. This backward-driven
strategy proposed in this research aims to determine optimal ore compositions to achieve
desired outputs, reducing waste and energy consumption. By integrating ML models with
a systematic hyperparameter optimization approach, this work advances the potential
for sustainable and precise metallurgical processes. While challenges remain in refining
backward predictions, the findings demonstrate the transformative potential of data-driven
strategies in industrial metallurgy, paving the way for environmentally sustainable and
economically efficient copper production practices.

Keywords: copper production; pyrometallurgy; machine learning; sustainable metallurgy;
predictive modeling; backward prediction; Gradient Boosting; metallurgical waste reduction

1. Introduction
Copper production involves multiple stages, including mining, grinding, ore en-

richment, smelting, refining, and waste management. As with any large and complex
production facility, every stage of copper production generates waste that requires proper
disposal. Unfortunately, before this waste is managed, it often leaves a significant impact
on the planet’s ecology. Ashes, slags, and dusts, which are by-products of mining and metal
processing, serve as sources of toxic metals like Cd, Pb, and As causing air, water, and soil
pollution [1,2]. Addressing climate change has brought renewed focus on evaluating the
environmental impact of metal production technologies [3]. With copper’s environmental
impact expected to grow significantly from 2010 to 2050 due to its large supply, this issue
needs to be taken seriously [4]. Some ways to address this issue include optimizing factory
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operations [5–8] or working directly with wastes. As an example, in Chile, where about
50 million tons of copper slag has been dumped throughout history, the government began
to think about how to reduce the amount of slag [9]. Slags are a by-product of pyromet-
allurgical processing, an important waste product of metallurgy as they are produced in
large volumes and contain significant concentrations of metallic elements. Because the
slags contain a large amount of useful metals, it is important to look for ways to take the
most useful metals out of them and thus reduce the amount of the slag [10–12].

Most of the methods used to extract metals include the following [13]:

• Pyrometallurgical [9,14–25];
• Hydrometallurgical [25–28];
• Physical Separation [19,29];
• Flotation [30–32];
• Combined [33].

Previous studies have explored both individual approaches and combinations of
approaches to improve efficiency and minimize environmental impact. For example, the
method with CaS [15] recovered up to 98.51% copper at less than 5% iron in the matte, with
a temperature of 1450 ◦C and carbon addition. Also, one of the pyrometallurgical methods,
sulfidation–reduction using pyrite, recovered 97.58% copper, 98.20% lead, and 89.91% zinc,
reducing Fe3O4 in the slag from 19.50% to 2.97% [24].

On the other hand, hydrometallurgical methods such as sulfide roasting and leaching
showed good efficiency in the extraction of valuable metals. Optimal conditions of the
experiment made it possible to achieve recovery of copper up to 74.2%; nickel, 71.1%; and
cobalt, 69.6%, while minimizing the recovery of iron (4.9%) and aluminum (17.6%) [27].

Previous works also mentioned using secondary slag after recovery as a method to
reduce the amount of slag. Carbothermal reduction at high temperatures (approximately
1440 ◦C) enabled the recovery of most of the valuable metals, such as Fe, Cu, and Mo,
into an iron-rich alloy suitable for use as feedstock in steel production. Meanwhile, the
non-metallic residue, referred to as secondary slag, found potential applications in glass
and ceramics [20]. In addition to recovering valuable metals through various extractive
metallurgical methods, the by-products can be repurposed for producing materials such as
cement, fillers, ballast, abrasives, aggregates, roofing granules, glass, and tiles [34]. Beyond
traditional chemical and metallurgical methods, machine learning (ML) has emerged as a
powerful tool for optimizing and predicting outcomes in copper recovery processes.

Recently, the advent of Artificial Intelligence (AI) has allowed the usage of earlier data
to make predictions about the future. Therefore, many industries stand to benefit from
this technology, and the copper mining industry is one of them. With the availability of
digital data, machine learning methods, which are a subset of AI, have been proven to
predict various process parameters reliably. Flores et al. have shown the effectiveness of
Random Forest in predicting copper recovery [35]. In another study, they carried out a
comparative analysis of three ML algorithms for copper recovery quality prediction in
a leaching process. These models were Support Vector Machines, Random Forest, and
Artificial Neural Networks (ANNs), and the study found that ANNs as the best-performing
model, with class precision scores of more than 99.0 on the four datasets applied [36]. In
addition to these methods, fuzzy logic and Model Predictive Control (MPC) have shown
promise in optimizing mining processes and waste management [37]. However, chal-
lenges persist, including data scarcity, difficult sensor environments, and interoperability
issues [38]. Hybrid geometallurgical approaches, combining historical data and deep
learning, can accurately predict metallurgical responses, reducing costs and improving
planning [39]. These approaches establish a comprehensive relationship between geological
and mining characteristics and metallurgical parameters in a mineral processing plant. ML
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methods also accelerate alloy development, enabling rapid optimization of mechanical
and electrical properties [40]. ANN-based models assist in forecasting production while
managing energy consumption effectively [41]. Furthermore, ML-driven optimization of
hydrodesulfurization processes helps reduce sulfur compounds, emissions, and costs, pro-
moting environmental sustainability [42]. There is more challenging work to be completed,
like using metallurgical optimization employing the Genetic Algorithm–Back Propagation
(GA-BP) method to predict matte grade [43]. This approach combines the global search
capability of Genetic Algorithms with the strong generalization ability of Back Propagation
neural networks, improving the accuracy and reliability of matte grade predictions.

Building on such insights, this study suggests a unique approach. Instead of searching
for ways to increase recovery from slag, which requires additional energy inputs and is
accompanied by environmental risks, we aim to determine the optimal masses of different
ores to ensure a given stable chemical composition of both matte and slag [44]. In other
words, we work backward: starting from the desired result, we determine the most efficient
feed strategy. This approach ensures homogeneity, quality, and waste reduction, which
ultimately improves the efficiency of metallurgical production.

We will employ advanced machine learning [45] and AI models capable of handling
the non-linear, interconnected factors in copper smelting. By seamlessly integrating pre-
dictions with evolutionary algorithms, our work moves beyond traditional optimization,
driving more sustainable, consistent metallurgical processes, and helps to reduce ecologi-
cal damage.

2. Materials and Methods
At the core of this study is an intelligent system designed to optimize metallurgical

processes by leveraging machine learning techniques. The system follows a structured
workflow comprising three main stages: synthetic dataset preparation, machine learning
modeling, and prediction evaluation. Figure 1 provides an overview of this workflow.
Initially, real-world data from the metallurgical process are used to generate synthetic data
to create a comprehensive dataset. This dataset is then used to train regression models, with
cross-validation and hyperparameter tuning applied to enhance performance. The software
used in this study are Python (3.10.2) for scripting, NumPy (2.1.3) and Pandas (2.2.3) for
synthetic data computation, and scikit-learn (1.4.2) for machine learning modelling.
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The objective is to train models to first predict the resulting matte and slag composi-
tions based on the ore composition, and secondly, to predict the ore composition from the
resulting matte and slag compositions (reverse modeling). The trained models are then
evaluated based on the test set using key performance metrics, including coefficient of
determination, mean squared error, mean absolute error, and root mean squared error, to
ensure accurate predictions of metallurgical outputs. This structured approach enables
precise modeling of metallurgical processes, facilitating data-driven decision-making to
improve efficiency and reduce waste.

This Methodology section further details the data collection process, synthetic data
generation, model training procedures, evaluation metrics, and the overall approach used
to develop and validate the predictive models.

2.1. Data Preparation

The data presented in this study were prepared by integrating real-world data with
synthetic data generation techniques. The dataset is based on detailed records provided
by the Institute of Metallurgy and Ore Beneficiation, a leading organization in Almaty,
Kazakhstan, specializing in industrial pyrometallurgical processes. Due to confidentiality
agreements, the data are available on request from the corresponding author. The original
dataset includes critical information on the composition of various ores and the parameters
associated with the pyrometallurgical smelting process.

Each ore sample in the dataset represents a complex mixture of metallic and non-
metallic compounds. The primary parameters recorded for each ore included the weight
and composition of specific elements. These elements were categorized into metals such as
gold, silver, copper, and iron, and non-metallic compounds including silicon dioxide (SiO2),
calcium oxide (CaO), aluminum oxide (Al2O3), sulfur, and arsenic. The concentrations of
gold and silver were provided in units of grams per ton, while the other elements were
expressed as percentages of the total ore weight. Additionally, constants related to the
pyrometallurgical process, such as the combined weight of the melt (comprising both matte
and slag), were included.

Given the constraints of real-world data availability, synthetic data were generated
to expand the dataset and simulate a broader range of pyrometallurgical scenarios. The
generation process involved sampling ore compositions from the original dataset to create a
base distribution that reflects realistic variability. To ensure diversity while maintaining the
integrity of the data, random perturbations were introduced to the concentrations of each
element. These perturbations were carefully bounded to prevent unrealistic values, ensur-
ing that the total elemental composition remained consistent, with percentages summing
to 100%.

The synthetic data generation process also ensured that the distributions of element
concentrations closely mirrored those found in industrial settings. For each synthetic
sample, the total weight of the ore and the proportions of individual elements were adjusted
to reflect plausible conditions under which the pyrometallurgical process operates. This
approach facilitated the creation of a dataset that balances authenticity with variability,
allowing for more generalized modeling and analysis.

The final dataset consists of 10,000 rows and 20 columns. The columns are divided into
ore compositions as seen in Table 1, and pyrometallurgical process results, and described
in Table 2. A detailed statistical description of the dataset can be found in Appendix A.1.

The data preparation process aligns closely with the principles of pyrometallurgical
smelting, a method extensively used for extracting non-ferrous metals. In this process,
ores are crushed and mixed to ensure uniform composition, followed by smelting in high-
temperature furnaces with the addition of fluxes like lime and gases such as oxygen. The
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smelting process results in the formation of three distinct fractions: the matte, which
contains the valuable metals and sulfur; the slag, which captures the oxides and impurities;
and the sublimates, which are volatile compounds like sulfur and arsenic that can be
captured or lost as waste.

Table 1. Ore composition.

Column Name Description

Mixed ore (g) Total weight of the mixed ore sample (g)
Au (g/t) Gold concentration (g per ton)
Ag (g/t) Silver concentration (g per ton)
SiO2 (g) Silicon dioxide weight (g)
CaO (g) Calcium oxide weight (g)

S (g) Sulfur weight (g)
Fe (g) Iron weight (g)
Cu (g) Copper weight (g)

Al2O3 (g) Aluminum oxide weight (g)
As (g) Arsenic weight (g)

Table 2. Pyrometallurgical process results.

Column Name Description

Cu (matte) Copper Percentage
Fe (matte) Iron Percentage
S (matte) Sulfur Percentage

Au (matte) Gold Content in Grams
Ag (matte) Silver Content in Grams
SiO2 (slag) Silicon Dioxide Percentage
CaO (slag) Calcium Oxide Percentage

Al2O3 (slag) Aluminum Oxide Percentage
FeO (slag) Iron Oxide Percentage

Slag Weight Total Weight of Slag in Grams

In this research, we employ two prediction approaches using machine learning models:
forward prediction and backward prediction. These approaches allow us to explore the
relationships between ore composition and the resulting outputs of the pyrometallurgical
process from different perspectives.

In forward prediction, we use the ore composition as the input features to predict the
resulting matte and slag compositions. This approach models the traditional pyrometallur-
gical process, where the goal is to determine the output (composition of matte and slag)
based on known input parameters (composition of the ores).

In backward prediction, we reverse the modeling process by using the matte and slag
compositions as the input features to predict the ore composition. This approach is useful
for scenarios where the characteristics of the resulting products are known, and we want to
infer the properties of the original ore. Backward prediction can provide insights into the
types of ores that may have produced specific outputs.

The dataset was divided into training and testing subsets. Specifically, 80% of the data
were used for training the models, while 20% were reserved for testing. The data were
randomly shuffled before splitting. This prevents any inherent order or patterns in the
dataset from influencing the training or testing results. This ensures that the models are
trained on one subset of the data and evaluated on a separate, unseen subset to assess their
generalization performance. The same splitting strategy was applied to both forward and
backward prediction tasks.
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Since the features in the dataset vary widely in scale (e.g., ore weights in grams,
element concentrations in percentages, or grams per ton), it was essential to standardize
them. Standardization ensures that all features contribute equally to the model, preventing
features with larger scales from dominating the learning process. The scaling was applied
independently to the training and testing subsets to avoid data leakage, ensuring that the
testing data remained unseen during training.

2.2. Machine Learning Modeling

Our approach for modeling the prediction involves testing a suite of machine learning
algorithms, employing rigorous evaluation metrics, and optimizing model hyperparame-
ters using cross-validation and grid search.

We selected five machine learning algorithms for this research, each with distinct
characteristics and strengths. These models are well suited for multi-output regression tasks,
which involve predicting multiple continuous outputs simultaneously. From a theoretical
perspective, multi-output regression aims to model the relationships between input features
and multiple dependent variables, leveraging shared structures or dependencies among
outputs. By adapting algorithms originally designed for single-output tasks, this approach
allows for simultaneous prediction of interrelated target variables, enhancing efficiency
and predictive accuracy in complex domains. The algorithms are briefly described below:

1. Random Forest Regressor: Random Forest is an ensemble learning method that
constructs multiple decision trees during training and outputs the average prediction
of the trees. It is robust to overfitting and can handle non-linear relationships and
interactions between features.

2. Gradient Boosting Regressor: Gradient Boosting is another ensemble method that
builds trees sequentially, where each new tree corrects the errors of the previous
ones. It is highly effective for structured/tabular data and can achieve high predictive
performance by minimizing the loss function.

3. K-Nearest Neighbors (KNN) Regressor: KNN is a non-parametric algorithm that
predicts the output by averaging the outputs of the nearest data points in the feature
space. It is simple to implement and useful for capturing local patterns in the data.

4. Support Vector Regressor (SVR): SVR is based on Support Vector Machines (SVMs)
and aims to find a hyperplane that best fits the data within a margin of tolerance. It
works well for high-dimensional data and can model complex relationships using
different kernel functions.

5. Decision Tree Regressor: Decision Trees partition the feature space into regions and
make predictions based on the average output within each region. They are inter-
pretable and effective for datasets with non-linear patterns.

2.2.1. Evaluation Metrics

To assess the performance of the models, we employed several evaluation metrics.
These metrics, namely the coefficient of determination (R2 score), mean squared error (MSE),
mean absolute error (MAE), and root mean squared error (RMSE), provide a comprehensive
understanding of how well the models predict both the training and testing data.

The R2 score measures the proportion of variance in the target variable that the model
explains. It ranges from 0 to 1, and the higher the R2 score, the better the performance of
the model. The MSE represents the average of the squared differences between predicted
and actual values. A lower MSE indicates better performance.

The MAE represents the average of the absolute differences between predicted and
actual values. The MAE is less sensitive to outliers compared to the MSE. Lastly, the RMSE
is the square root of the MSE and provides a measure of error in the same units as the
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target variable. These metrics were calculated for both the training set and testing set
to evaluate the models’ performance and identify potential overfitting (the case where a
model memorizes the dataset instead of learning the patterns within it).

2.2.2. Cross-Validation

To obtain a reliable measure of the model’s performance, cross-validation was em-
ployed. Cross-validation is a statistical technique used to assess the generalization perfor-
mance of machine learning models. It involves splitting the dataset into multiple subsets
(folds) and iteratively training and evaluating the model on different subsets. The primary
goal of cross-validation is to ensure that the model’s performance is consistent across
different portions of the dataset and to reduce the risk of overfitting.

In our study, the dataset was divided into 5 folds. This means that our models are
trained on four folds and evaluated on the remaining fold. This process is repeated 5 times,
each time using a different fold for validation. The final performance is the average of
the 5 individual evaluation scores. This reduces the bias associated with using a single
train–test split. Moreover, it provides a more reliable estimate of model performance.

2.2.3. Grid Search

To optimize the hyperparameters of each model, we employed grid search, a sys-
tematic hyperparameter tuning approach. This is a technique for hyperparameter tuning
that systematically searches through a specified set of hyperparameters to find the opti-
mal combination for a machine learning model. It uses cross-validation to evaluate each
combination of hyperparameters.

In our study, a grid of hyperparameters according to each model was defined. For each
combination of hyperparameters in the grid, the models are trained and evaluated using
cross-validation. The combination of hyperparameters that yields the best performance is
selected as the optimal configuration.

The following section presents the results of our modeling efforts, detailing the perfor-
mance of each algorithm and providing insights into their effectiveness in predicting the
outcomes of the pyrometallurgical process.

3. Results and Discussion
3.1. Forward Prediction Results

The forward prediction task, which aimed to estimate the composition of the matte
and slag from given ore characteristics, yielded strong overall performances across most
models tested. As shown in Table 3, the Gradient Boosting Regressor emerged as a top per-
former, achieving an R2 of 0.9951 on the test set and substantially lower error metrics (Test
MSE = 29.6716, Test MAE = 1.9327, Test RMSE = 5.4472) than the other models. This high R2

indicates that the Gradient Boosting model captured nearly all the variance in the outputs,
suggesting that the complex ensemble structure effectively modeled the non-linearities and
intricate relationships inherent in the pyrometallurgical system. The performances of the
models in predicting matte and slag are shown in Figures 2 and 3, respectively.

Random Forest and SVR also performed admirably, with Random Forest reaching an
R2 of 0.9853 and SVR achieving 0.9879. Both methods showed strong predictive capabilities,
but were slightly less precise than Gradient Boosting. Notably, the KNN and Decision Tree
Regressors lagged behind, particularly KNN with an R2 of 0.8936, suggesting that a simple
non-parametric approach relying on proximity might not fully capture the complexity
of high-dimensional elemental interactions. Decision Trees, while interpretable, appear
limited in modeling the nuanced relationships without ensemble methods.
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Table 3. Summary of key evaluation metrics for each model in forward prediction.

Model Test MSE Test MAE Test RMSE Overall R2

Random Forest 95.7611 3.5425 9.7858 0.9853
Gradient Boosting 29.6716 1.9327 5.4472 0.9951

KNN 598.9734 9.3486 24.4739 0.8936
SVR 233.1503 3.0167 15.2693 0.9879

Decision Tree 271.1251 6.1588 16.4659 0.9596
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A closer look at the predictions for specific matte and slag components (Tables 4 and 5)
reinforces these findings. Gradient Boosting consistently outperformed other models
across all matte outputs (Cu, Fe, S, Au, Ag), with R2 scores often exceeding 0.99 (Figure 2).
Similarly, for slag composition (Figure 3), Gradient Boosting delivered near-perfect R2

values (e.g., FeO at 0.9961), indicating remarkable precision. The SVR and Random Forest
performed nearly as well, achieving R2 values greater than 0.99 for most matte and slag
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components, underscoring that advanced, flexible models are particularly well suited for
forward prediction tasks in pyrometallurgy.

Table 4. Performance of each model predicting matte.

Model/Test R2 Cu Fe S Au Ag

Random Forest 0.9916 0.9937 0.9791 0.9824 0.9846
Gradient Boosting 0.9969 0.9975 0.9937 0.994 0.9946

KNN 0.8963 0.8944 0.8704 0.8919 0.8863
SVR 0.9931 0.9937 0.9943 0.9962 0.9466

Decision Tree 0.9813 0.9857 0.946 0.9543 0.9562

Table 5. Performance of each model predicting slag.

Model/Test R2 SiO2 CaO Al2O3 FeO Weight

Random Forest 0.9874 0.9807 0.9808 0.9913 0.9812
Gradient Boosting 0.9947 0.9942 0.9936 0.9961 0.9952

KNN 0.8787 0.901 0.8998 0.9056 0.9119
SVR 0.9947 0.9952 0.9956 0.9905 0.9792

Decision Tree 0.9592 0.9433 0.9495 0.9732 0.9471

Interestingly, even where simpler methods like Decision Trees and KNN underper-
formed relative to Gradient Boosting and SVR, they still maintained high R2 values, gen-
erally above 0.87. This suggests that the primary input–output relationships are quite
robust and that even less complex models can capture a substantial portion of the variance.
However, the ensemble and kernel-based methods truly excel at fine-tuning the predictions
and reducing residual error.

3.2. Backward Prediction Results

The backward prediction task—predicting the original ore composition given the final
matte and slag outputs—proved to be a more challenging endeavor. The overall results
(Table 6) indicate a drop in performance compared to forward prediction, reflected in lower
R2 values and higher error metrics for all models. This finding highlights the inherent
complexity and potential many-to-one mapping of the backward problem, where multiple
initial conditions may produce similar final outputs, making the inverse prediction more
ambiguous and less stable.

Table 6. Summary of key evaluation metrics for each model in backward prediction.

Model Test MSE Test MAE Test RMSE Overall R2

Random Forest 739.8159 8.7723 27.1996 0.8037
Gradient Boosting 620.2026 8.0336 24.9039 0.8193

KNN 1279.3581 11.7321 35.7681 0.6999
SVR 546.1792 6.4437 23.3705 0.8549

Decision Tree 1216.3103 11.2538 34.8756 0.7277

Among the tested algorithms, the SVR achieved the highest overall R2 of 0.8549, with
a Test MSE of 546.1792 and MAE of 6.4437. This stronger performance by the SVR aligns
with its ability to handle complex feature spaces and non-linear relationships. Gradient
Boosting followed closely with an R2 of 0.8193, indicating that while ensemble methods
remain potent, the inverse mapping is more elusive than the forward relationship. Random
Forest also delivered respectable accuracy (R2 = 0.8037), though it showed more sensitivity
to variations in the target space than in forward prediction.
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KNN and Decision Trees struggled more notably in backward prediction, with R2

values falling to 0.6999 and 0.7277, respectively. This drop suggests that the backward
relationship may lack the local smoothness or distinct partitions that these models can
readily exploit. In other words, a simple proximity-based approach (KNN) or a single-tree
partitioning strategy is less effective in reconstructing the original ore profile when only
final outputs are known.

Examining the individual target variables (Tables 7 and 8) offers further insights.
Predicting the bulk ore weight (mixed ore) and precious metal concentrations (Au, Ag)
proved challenging but still feasible. The SVR and Gradient Boosting models attained high
R2 values (often exceeding 0.85 and even 0.95 in the case of SVR for Au), demonstrating
that certain high-level relationships, particularly those associated with precious metals, are
more directly inferable from the final outputs.

Table 7. Performance of each model predicting the mixed ore gram, gold gram per ton, and silver
gram per ton.

Model/Test R2 Mixed Ore (g) Au (g/t) Ag (g/t)

Random Forest 0.8402 0.8607 0.8743
Gradient Boosting 0.8655 0.8885 0.8993

KNN 0.7245 0.7484 0.7744
SVR 0.8772 0.9872 0.9555

Decision Tree 0.7373 0.7549 0.7923

Table 8. Performance in predicting element and compound masses.

Model/Test R2 SiO2 (g) CaO (g) S (g) Fe (g) Cu (g) Al2O3 (g) As (g)

Random Forest 0.9071 0.8832 0.9316 0.9635 0.9219 0.8862 −0.0312
Gradient Boosting 0.9254 0.8995 0.9451 0.9725 0.9338 0.9065 −0.043

KNN 0.8222 0.7662 0.9037 0.8186 0.8393 0.7804 −0.1791
SVR 0.9913 0.9907 0.9952 0.9933 0.9912 0.9928 −0.2256

Decision Tree 0.8216 0.809 0.8819 0.922 0.8463 0.8009 −0.0896

For elemental and compound masses (SiO2, CaO, S, Fe, Cu, Al2O3, As), the backward
prediction results were mixed. Iron (Fe) and sulfur (S) masses were predicted with greater
accuracy (for instance, Fe with an R2 of 0.9635 under Random Forest and 0.9933 under
SVR), possibly because these elements strongly influence the formation of matte and slag
phases, leaving more distinguishable “fingerprints” in the outputs. In contrast, arsenic
(As) proved notably difficult to predict in the backward mode. Across most models, As
had low or even negative R2 values, highlighting that its contribution to the final product
composition does not translate easily into a discernable pattern backward. This may reflect
the volatile or more sensitive processes by which arsenic partitions between phases, as well
as the complexity of its capture or release during smelting.

Taken together, the backward prediction results confirm that predicting initial ore
composition from final products is not as straightforward as forward prediction. While
advanced models like SVR and Gradient Boosting still perform relatively well, the inverse
problem likely suffers from reduced identifiability: multiple ore compositions can lead to
similar final smelting outputs. As a result, even the best models display less stability and
higher uncertainty, particularly for elements that do not leave a clear signature in the final
metallurgical products such as slag and matte.

The backward prediction findings offer critical insights: while forward modeling can
be performed with near-perfect precision using ensemble and kernel-based methods, the
backward inference remains more complex and less certain. This aligns with the intrinsic
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thermodynamic and kinetic complexities of the smelting process, underscoring the need
for further feature engineering, domain-specific constraints, or additional data sources if
backward prediction is to be refined further.

4. Conclusions
This research highlights a data-driven approach to improving the efficiency and sus-

tainability of pyrometallurgical processes by leveraging advanced machine learning (ML)
techniques. By employing forward and backward prediction models, we have demon-
strated the potential to optimize ore compositions and predict output characteristics with
significant accuracy in copper pyrometallurgy. These methods not only offer a way to
minimize waste and environmental impact but also provide a pathway for more precise
control over metallurgical processes.

The integration of ML models, particularly ensemble methods like Gradient Boosting
and Support Vector Regressors, has proven effective in capturing complex, non-linear
relationships within the data. Forward prediction exhibited near-perfect accuracy, un-
derscoring the models’ ability to map ore characteristics to matte and slag compositions.
However, backward prediction revealed the intrinsic challenges of inverse modeling due
to the many-to-one nature of the relationship between input and output variables.

This work moves beyond traditional extraction methods by proposing a backward-
driven strategy, where the desired product composition dictates the input requirements.
This paradigm shift emphasizes efficiency, reducing energy consumption and the generation
of harmful by-products. Additionally, synthetic data augmentation has shown to be
a valuable tool in expanding the dataset and ensuring robust model training, further
enhancing the applicability of ML in industrial contexts.

However, it is important to note that these results have not yet been validated against
real-world industrial process data. They have only been validated against the test set, which
was generated from synthetic data derived from real-world data. Two other limitations
of this study remain. Firstly, the backward prediction approach is less accurate due to
the many-to-one nature of inverse modeling, leading to greater uncertainty in predictions.
Secondly, the model does not currently account for the analysis of formed gases, such as
SO2, which are critical for ensuring mass balance and capturing environmental impact.
Additionally, challenges such as limited availability of industrial process data, sensor inter-
operability, and real-time adaptability need to be addressed to ensure broader applicability
in operational settings.

Future work aims to incorporate gas-phase dynamics to provide a more comprehensive
understanding of the system. Future efforts should focus on refining backward prediction
by incorporating domain-specific constraints and expanding data sources to address the
identifiability challenges. With further development, this approach has the potential to
transform copper smelting into a more sustainable and optimized process, balancing
economic goals with environmental stewardship.
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Appendix A
Appendix A.1

Table A1. Dataset statistical description.

Mean Std Min 25% 50% 75% Max

Mixed ore (g) 1220.631 205.3391 426.1399 1079.635 1219.474 1363.75 2023.22
Au (g/t) 3.534505 0.758277 0.824154 3.022564 3.534288 4.056264 6.147995
Ag (g/t) 289.172 65.11926 49.82177 244.9817 289.0545 334.1066 500.7158
SiO2 (g) 20.46104 4.827916 6.768644 16.92307 20.11709 23.60565 39.73211
CaO (g) 4.844294 1.016306 1.66832 4.127585 4.830972 5.542353 8.29717

S (g) 14.57366 3.939301 2.815215 11.75246 14.40475 17.20056 28.81434
Fe (g) 18.86163 4.357267 6.370343 15.75559 18.61931 21.75374 38.11985
Cu (g) 14.2972 4.093968 2.26742 11.36188 14.04228 16.95834 31.0578

Al2O3 (g) 10.44082 2.217306 3.717987 8.877292 10.36846 11.92614 19.10646
As (g) 0.274785 0.06251 0.069747 0.232001 0.275095 0.317347 0.477233

Matte Weight 514.7182 128.69 139.58 422.88 505.285 599.2525 1114.8
Cu (matte) 34.95127 11.61144 6.610017 26.44055 33.72201 41.9523 94.42937
Fe (matte) 29.42349 9.89551 −20.863 23.40133 30.46504 36.58649 52.8748
S (matte) 25.55124 2.943878 11.28032 23.78448 25.88998 27.62974 32.55801

Au (matte) 8.511742 2.503133 2.35 6.75 8.26 9.94 24.03
Ag (matte) 639.5543 193.0984 126.3 503.3325 621.58 748.5725 2005.34
SiO2 (slag) 41.72918 10.15211 15.82126 34.50927 40.84745 47.84077 137.5558
CaO (slag) 10.02007 2.824932 3.05906 8.068481 9.67356 11.58465 29.36509

Al2O3 (slag) 21.54001 5.886338 6.874627 17.52283 20.82008 24.70677 57.58418
FeO (slag) 12.74237 19.95006 −141.287 2.579179 15.60925 26.11928 68.31653

Slag Weight 608.5089 146.3633 181.63 505.7975 602.84 704.325 1234.63
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