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Abstract. This paper presents a study aimed at developing and testing a 

neural network model for predicting the percentage of silica in iron ore 

concentrate obtained during flotation. The problem of precise control of the 

silica content is critical for the mining industry, since the quality of the final 

product and, accordingly, its market value depend on it. During the study, 

data was collected from the flotation plant, their preliminary processing was 

carried out, including standardization and elimination of missing values. The 

developed neural network model included two hidden layers and was trained 

on real data. The evaluation of the model quality showed high results, which 

was confirmed by the metrics of mean square error (MSE), mean absolute 

error (MAE) and coefficient of determination (R2). Additionally, an analysis 

of the visualizations of the residuals and predicted values confirmed the 

accuracy and stability of the model. The results of the study demonstrate that 

the proposed model can be effectively used in production conditions to 

improve process control and improve product quality in the mining industry. 

1 Introduction 

Flotation is one of the key processes in the mining industry used to enrich iron ore. This 

method makes it possible to effectively separate useful minerals from waste rock and other 

impurities such as silica [1, 2]. The quality of the final iron ore concentrates, which is the 

main product of the flotation process, critically depends on the content of impurities such as 

silica. It is extremely important for mining companies to minimize the silica content in the 

final product, as this directly affects the quality of iron ore and, consequently, its market 

value [3-6]. 

Existing methods of concentrate quality control are often based on complex chemical 

analyses and require significant time and material costs. In production conditions, there is a 

need to develop methods for predicting the quality of concentrate in real time based on 

operational data obtained from technological equipment. Modern machine learning methods 
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offer extensive opportunities for predicting key parameters of production processes, which 

can significantly increase their efficiency and accuracy [7, 8]. 

The purpose of this study is to develop and test a machine learning model to predict the 

percentage of silica in the final iron ore concentrate produced during flotation. The main 

objective of the research is to create a neural network capable of predicting the silica content 

with high accuracy based on data obtained in real time from technological installations of the 

flotation process [9-11]. 

The present study is of great practical importance, since the proposed approach makes it 

possible to significantly improve the efficiency of flotation process management, ensuring 

high quality of the final product and reducing production costs. 

2 Research methods 

This study used an integrated approach, including data collection and processing, 

development and configuration of a machine learning model, as well as an assessment of its 

accuracy. Initially, data was collected from the flotation plant at the mining enterprise [12-

14]. The dataset contained time series representing process parameters such as the 

composition of the initial ore, starch and amine consumption, ore pulp flow, pH and pulp 

density, as well as data on air flow and level in flotation columns. The target feature was the 

percentage of silica in the final concentrate. 

A number of preliminary operations were performed to prepare the data for analysis. After 

that, the rows with missing values were deleted to avoid incorrect data during model training. 

In conclusion, all numerical features were standardized using the StandardScaler method, 

which made it possible to bring them to a single scale and improve the convergence of the 

model [15]. 

To predict the silica content, a neural network model was developed using TensorFlow 

and Keras libraries. The architecture of the model included an input layer, two hidden layers 

with a ReLU activation function and an output layer with linear activation, which corresponds 

to the regression problem. The model was compiled using the Adam optimizer and the 

mean_squared_error loss function. The learning process was carried out over 50 epochs using 

mini-batches of size 32. The data was divided into a training sample (80%) and a test sample 

(20%), while a validation sample consisting of 20% of the training data was used to evaluate 

the performance of the model [16-18]. 

After completing the training, the model was tested on a test sample to assess its quality. 

The metrics of mean square error (MSE), mean absolute error (MAE) and coefficient of 

determination (R2) were calculated. The standard error showed the average square of the 

difference between the actual and predicted values, which allowed us to estimate the overall 

accuracy of the model [19, 20]. The average absolute error gave an idea of the average 

deviation of predictions from the actual data, expressed in the same units as the target feature. 

The coefficient of determination (R2) showed how much of the variance of the target variable 

is explained by the model, and demonstrated the high accuracy of the model, approaching 1. 

Various visualizations have been built to deeply analyze the operation of the model and 

identify possible areas of improvement. The graph of losses on the training and validation 

samples made it possible to evaluate the learning process and identify possible retraining of 

the model. The scatter plot of the predicted values versus the actual ones made it possible to 

visually assess the accuracy of the model [21, 22]. The histogram of residuals and the graph 

of the density of the distribution of residuals made it possible to analyze the distribution of 

model errors and identify possible anomalies [23-26]. 

The methods used made it possible to develop and evaluate a neural network model 

capable of predicting the silica content in iron ore concentrate with high accuracy [27-29]. 
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This opens up opportunities for applying the developed approach in real production 

conditions to improve the quality and efficiency of enrichment processes. 

3 Results 

As a result of the research, a neural network model was developed and trained to predict the 

percentage of silica in iron ore concentrate based on data obtained from a flotation plant. The 

model was tested on an independent test sample, and its accuracy was evaluated using several 

metrics. 

The Mean Squared Error (MSE) was 0.1558. This value indicates a fairly low mean 

square deviation of the values predicted by the model from the real data. A low MSE value 

indicates that the model is able to make accurate predictions and minimize large errors in 

predictions [30]. 

The average absolute error (Mean Absolute Error, MAE) was 0.2923, which also 

confirms the high accuracy of the model. MAE shows how much, on average, the predicted 

values deviate from the actual ones in absolute units. A MAE value of less than 0.3 indicates 

small average errors, which is important for tasks related to product quality control, where 

the accuracy of forecasts is critical [31]. 

The coefficient of determination (R2) is 0.8768, which means that about 87.7% of the 

variance of the target feature is explained by the model. This result demonstrates a high 

degree of explanatory power of the model and confirms its suitability for predicting silica 

content in real production conditions [32]. 

Additionally, various visualizations were built to analyze the operation of the model. The 

graph of the change in the loss function on the training and validation samples, shown in 

Figure 1, showed stable convergence of the model during the training process, without signs 

of significant retraining [33]. This confirms that the model has been correctly configured and 

trained based on the data. 

 

Fig. 1. Model loss. 
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The scattering diagram of the actual and predicted values shown in Figure 2 showed a high 

degree of coincidence of the model predictions with the real values. The points on the graph 

lie close to the perfect match line, which visually confirms the high accuracy of the model. 

 

Fig. 2. The scattering diagram of the actual and predicted values. 

The histogram of residues and the graph of the density of the distribution of residues, shown 

in Figures 3-4, demonstrated that the model errors are distributed near zero and do not have 

significant outliers. This indicates the absence of systematic biases in the predictions and 

confirms the correctness of the model. 

 
 
Fig. 3. The histogram of residues. 
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Fig. 4. The graph of the density of the distribution of residues. 

 

Thus, the results of the study show that the developed neural network model successfully 

solves the problem of predicting the content of silica in iron ore concentrate with high 

accuracy and can be recommended for implementation in production processes to improve 

product quality and optimize the operation of flotation plants [34]. 

4 Conclusion 

In the course of the study, a neural network model was successfully developed and tested to 

predict the silica content in the final iron ore concentrate based on data obtained from the 

flotation plant. The task facing the model was important for the mining industry, where 

accurate prediction of product quality is a critical factor for optimizing processes and 

increasing production profitability [35]. 

The analysis of the results showed that the proposed model has high accuracy. Quality 

assessment metrics such as mean square error (MSE), mean absolute error (MAE) and 

coefficient of determination (R2) have demonstrated that the model is capable of predicting 

silica content with minimal error, which makes it an effective tool for industrial applications. 

The visualizations performed as part of the study confirmed that the model is not only 

accurate, but also resistant to various types of errors, such as overfitting and systematic bias 

[36]. 

One of the significant results of the work was the confirmation that the use of modern 

machine learning methods, such as neural networks, can significantly improve the quality of 

process control in the mining industry [37]. The introduction of the developed model into the 

production process will make it possible to more effectively control the quality of the 

concentrate, identify deviations in a timely manner and take the necessary measures to 

eliminate them, which ultimately will lead to lower costs and increased profits of the 

enterprise. 

Further research may be aimed at optimizing the model, exploring other neural network 

architectures, as well as integrating the model into automated production management 

systems. It is also possible to expand the data set by including additional process parameters 
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or using methods for generating new features, which can increase the accuracy and stability 

of the model [38, 39]. 

Thus, the results of this study confirm the importance and prospects of using neural 

networks to solve forecasting problems in the context of iron ore processing, opening up new 

opportunities for improving the efficiency of mining enterprises. 
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