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Abstract: Temperature control in bath smelting processes is crucial for optimizing the efficiency and 

quality of metal extraction, especially for nickel and copper. Traditional prediction methods often fail 

to account for the nonlinear and complex nature of these processes. This work introduces a novel 

hybrid nonlinear analysis algorithm combining the random forest–least squares support vector 

machine (RF-LSSVM) and random forest–relevance vector machine (RF-RVM) models to enhance 

the accuracy of temperature prediction. Utilizing 868 datasets collected from an oxygen-enriched 

top-blown furnace, key parameters such as the feeding amount (X1), oxygen pressure (X2), oxygen 

flow (X3), total air flow (X7), and lance windpipe back pressure (X5) were analyzed. The RF-LSSVM 

model achieved superior predictive performance, with a mean absolute error (MAE) of 7.58 and a 

root mean square error (RMSE) of 9.82 for matte temperature (Y1), and an MAE of 10.47 and an 

RMSE of 13.31 for slag temperature (Y2). Comparatively, traditional methods showed higher errors, 



13105 

AIMS Mathematics  Volume 10, Issue 6, 13104–13129. 

with MAE values of up to 23.64 and RMSE values as high as 59.14 in some cases. Additionally, the 

RF-RVM model performed significantly better than conventional models, with MAE and RMSE 

improvements of approximately 10~20%. These results demonstrate that the hybrid models effectively 

capture the intricate dynamics of the smelting process, offering a robust and adaptive framework for 

real-time temperature prediction. The improved accuracy in temperature control leads to enhanced 

smelting efficiency, reduced energy consumption, and higher quality of the extracted metals, ultimately 

benefiting the metallurgical industry by enabling more precise and sustainable production processes. 

Keywords: bath smelting; temperature prediction; machine learning; hybrid models; 

oxygen-enriched top-blown furnace 

Mathematics Subject Classification: 62M20, 90C26, 92B20 

 

1. Introduction  

Temperature control in the bath smelting process is a critical factor that influences the efficiency 

and quality of metal extraction, particularly for nickel and copper. Accurate temperature prediction 

and control are essential for optimizing the smelting process, enhancing product quality, and 

reducing operational costs. The inherent complexity and nonlinearity of the smelting process, 

influenced by multiple interacting factors such as feeding amount, oxygen pressure, oxygen flow, and 

pipeline pressure, necessitate advanced predictive models to manage these variables effectively [1–3]. 

Traditional empirical methods often fall short in capturing the intricate dynamics of the process, 

underscoring the need for innovative approaches. Furthermore, the environmental and economic 

pressures on the metallurgical industry require more efficient and sustainable practices, making 

precise control strategies even more crucial. Recent technological advancements in data acquisition 

and sensor technology have facilitated the collection of extensive process data, providing an 

opportunity to develop more sophisticated predictive models. 

Traditional methods for temperature prediction in bath smelting processes, such as empirical 

correlations and basic statistical models, are subject to significant limitations due to their inability to 

account for complex process dynamics and nonlinear relationships. These methods are generally 

based on historical data and simplified assumptions that may not accurately reflect the complex and 

dynamic nature of the smelting environment [4–6]. Furthermore, the high costs and time-consuming 

nature of the experimental setups further restrict the applicability of these traditional methods in 

real-time industrial settings [7–9]. The reliance on linear assumptions and the inability to handle 

large datasets limit their accuracy and scalability, making them less suitable for modern, 

high-efficiency smelting operations [10–12]. Therefore, there is an urgent need to develop more 

robust and adaptable models capable of accurately predicting temperature fluctuations during the 

smelting process. 

The advent of machine learning (ML) and advanced data analytics offers promising solutions to 

overcome the limitations of traditional methods. Machine learning algorithms, particularly those 

based on deep learning, have demonstrated remarkable capabilities in modeling complex, nonlinear 

systems by leveraging large datasets to uncover hidden patterns and relationships [13–16]. These 

algorithms are well-suited for applications in industrial process control, where they can provide 

real-time predictions and adaptive control strategies [17–19]. The ability of machine learning models 

to learn from historical data and improve over time makes them particularly useful in dynamic and 
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complex environments like smelting processes. Moreover, the integration of ML with internet of 

things (IoT) devices has further enhanced real-time monitoring and control capabilities. In particular, 

hybrid models that combine different machine learning techniques, such as the least squares support 

vector machine (LSSVM) and relevance vector machine (RVM), have shown superior performance 

in capturing the intricate dynamics of industrial processes [20–23]. 

The enhanced predictive accuracy and increased robustness of these hybrid models renders 

them more suitable for industrial applications. The continuous evolution of these models through 

ongoing research and development ensures their relevance and effectiveness in addressing emerging 

challenges in the smelting industry. Recent studies have highlighted the effectiveness of hybrid 

machine learning models in various industrial applications. For instance, deep learning models have 

been used to predict the formation energies and phase stability of perovskite oxides, showing 

promising accuracy compared with traditional methods [23,24]. Yang et al. (2024) proposed a hybrid 

model based on the radial basis function for predicting the surface fluctuation of slag cover, 

demonstrating improved predictive performance in smelting environments [25]. Assareh et al. (2023) 

employed a multi-objective evolutionary algorithm combined with machine learning to predict the phase 

changes in smelting processes, which proved effective in various industrial scenarios [26]. Hareharen et 

al. (2024) used machine learning models to predict the phase and crystal structure of high-entropy alloys 

(HEAs) [27]. Moreover, these models also facilitate the rapid screening and characterization of materials, 

enabling faster development cycles and improved material performance in commercial applications 

[28,29]. Meantime, in the field of industrial temperature prediction, Liu et al. (2024) integrated deep 

learning with physical models to enhance the prediction accuracy of smelting temperatures, which 

significantly reduced the prediction errors compared with traditional models [30]. Yang et al. (2024) 

proposed a graph neural network-based temperature field prediction method for steel rolling 

reheating furnaces, which solves the problem of irregular data containing spatial location information, 

which leads to inaccurate temperature field predictions [31]. Ji et al. (2024) proposed a prediction 

model using a hybrid of convolutional neural networks, bi-directional long short-term memory 

networks, and the honey badger algorithm for accurate prediction of furnace temperature during 

combustion in a circulating fluidized bed boiler [32]. These advances highlight the importance of 

combining advanced machine learning techniques with traditional process control methods to learn 

complex nonlinear relationships from large amounts of original data [33–35]. It has significantly 

improved the accuracy of temperature predictions. However, the existing literature features a 

significant scarcity of studies focused on applying machine learning techniques for the precise 

prediction of matte temperature and slag temperature in smelting furnaces. Conducting relevant 

research can not only address the existing research gap in this area but also provide robust technical 

support for optimizing and controlling the smelting process. 

The objective of this work was to develop a novel hybrid nonlinear analysis algorithm for 

temperature control prediction in the bath smelting process. However, due to the highly nonlinear 

and dynamic nature of smelting processes, traditional temperature control methods often struggle to 

achieve accurate prediction and control. To address this issue, the proposed approach combines the 

strengths of the random forest–least squares support vector machine (RF-LSSVM) and random 

forest–relevance vector machine (RF-RVM) models, leveraging their complementary capabilities to 

handle the nonlinearity and complexity of the smelting process [36–38]. The integration of advanced 

feature extraction techniques and ensemble learning methods facilitates accurate prediction of 

temperature variations under the highly nonlinear and dynamic conditions characteristic of the 

smelting process. The innovative aspect of this work lies in the integration of multiple machine 

learning techniques, which not only creates a robust and adaptive predictive model but also 
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effectively addresses the uncertainties and complexities inherent in the smelting process. Through 

rigorous experimental validation, the hybrid model demonstrated substantial performance 

improvements in temperature prediction. This not only enhances the accuracy of temperature control 

in smelting operations but also offers innovative approaches and methodologies for broader 

industrial process optimization. The significance of this research is manifold: It not only enhances 

the accuracy of temperature control in smelting operations but also contributes to the broader field of 

industrial process optimization by demonstrating the efficacy of hybrid machine learning approaches. 

The remainder of this article is structured as follows. Section 2 details the data sources and the 

proposed hybrid model, including the mathematical formulations and optimization strategies. Section 3 

presents the results of the temperature prediction and control experiments, comparing the 

performance of the proposed hybrid model with traditional methods. Finally, Section 4 discusses the 

conclusions and the implications of the findings for industrial practice and future research directions. 

2. Data and methodology 

2.1. Least squares support vector machine 

The LSSVM is an improvement over the standard support vector machine (SVM), characterized 

by its simplicity, ease of operation, fast learning speed, and ease of implementation. The principle of the 

LSSVM is illustrated in Figure 1. The linear regression function of the LSSVM is shown as follows: 

𝑦(𝑥) = 𝑤 · 𝜑(𝑥) + 𝑏, (1) 

where 𝑤 refers to the weight vector, 𝜑(𝑥) refers to the mapping function, and 𝑏 refers to the bias 

vector. According to the principle of structural risk minimization, the optimization problem of the 

LSSVM can be expressed as 

min
𝑤,𝑏,𝑒

𝐽(𝑤, 𝑒) =
1

2
𝑤T𝑤 +

1

2
𝛾 ∑ 𝑒𝑘

2𝑁
𝑘=1 , (2) 

𝑦𝑘 = 𝑤
T𝜑(𝑥𝑘) + 𝑏 + 𝑒𝑘, (3) 

where 𝑘 = 1,2,⋯ , 𝑁, 𝛾 refers to the penalty coefficient, 𝑒𝑘 refers to the fitting error, and 𝑏 refers 

to the threshold. To solve this problem, the Lagrange function is constructed, and Lagrange 

multipliers 𝛼 are introduced, such that 𝛼 ≥ 0, and the optimization problem is expressed as 

𝐿(𝑤, 𝑏, 𝑒, 𝛼) = 𝐽(𝑤, 𝑒) − ∑ 𝛼𝑘[𝑤
𝑇𝜑(𝑥𝑘) + 𝑏 + 𝑒𝑘 − 𝑦𝑘]

𝑁
𝑘=1 . (4) 
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Figure 1. Schematic framework diagram of the LSSVM method. 

Taking partial derivatives of the above equation, 

{
  
 

  
 

𝜕𝐿

𝜕𝑤
= 0 ⇒ 𝑤 = ∑ 𝛼𝑘𝜑(𝑥𝑘)

𝑁
𝑘=1

𝜕𝐿

𝜕𝑏
= 0 ⇒ ∑ 𝛼𝑘

𝑁
𝑘=1 = 0

𝜕𝐿

𝜕𝑒𝑘
= 0 ⇒ 𝛼𝑘 = 𝛾𝑒𝑘

𝜕𝐿

𝜕𝛼
= 0 ⇒ 𝑤𝑇𝜑(𝑥𝑘) + 𝑏 + 𝑒𝑘 − 𝑦𝑘 = 0

, (5) 

where 𝑘 = 1,2,⋯ , 𝑁, thus eliminating 𝑤 and 𝑒𝑘, and introducing the kernel function. 

𝐾(𝑥𝑚, 𝑥𝑛) = 𝜑(𝑥𝑚)
𝑇𝜑(𝑥𝑛) (6) 

where 𝑚, 𝑛 = 1,2,⋯ ,𝑁. Furthermore, the following matrix equation is obtained: 

[
0 1𝑇

1 𝛺 + 𝛾−1𝐼
] [
𝑏
𝛼
] = [

0
𝑦
], (7) 

where 1T = [1,1,⋯ ,1] and 𝛼 = [𝛼1, 𝛼2, ⋯ , 𝛼𝑁]
T. The kernel function used in this paper is the 

radial basis function (RBF). 

𝐾(𝑥, 𝑥𝑘) = exp[−(𝑥 − 𝑥𝑘)
2/2𝜎2]. (8) 

where 𝜎 is the kernel function’s width. Finally, the prediction model of the LSSVM is obtained as 

follows: 

𝑦(𝑥) = ∑ 𝛼𝑘𝐾(𝑥, 𝑥𝑘)
𝑁
𝑘=1 + 𝑏. (9) 

2.2. Relevance vector machine 

The relevance vector machine (RVM) shares similarities with the SVM in that it converts a 

linearly inseparable problem in a low-dimensional space into a linear separable problem in a 

high-dimensional space using a kernel function. The main difference between the RVM and the SVM 

is that RVM transforms hard classification into a probabilistic classification, making the 
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classification function maximize the likelihood function value for the training set. The principle of 

the RVM is illustrated in Figure 2. In RVM classification, the Laplace method is chosen for 

approximation, integrating to obtain the posterior probability 𝑝(𝑤|𝑡, 𝛼) of the weights and the 

marginal likelihood function 𝑝(𝑡|𝛼). 

 

Figure 2. Schematic framework diagram of the RVM method. 

Specifically, the RVM is a probabilistic model based on Bayesian principles that can learn data 

features, defining the prior probability influenced by the hyperparameters 𝛼 over each weight 𝜔. If 

the training dataset is {𝑥𝑛, 𝑡𝑛|𝑛 = 1, 2, ⋯ ,𝑁}, where 𝑥𝑛 and 𝑡𝑛 are the input and output values, 

respectively, assuming that 𝑡𝑛 is independently distributed, the function relationship is given by 

𝑡𝑛 = 𝑦(𝑥𝑛; 𝜔)+𝜉𝑛, (10) 

𝑦(𝑥𝑛; 𝜔) = ∑ 𝜔𝑛𝐾(𝑥, 𝑥𝑛) + 𝜔0
𝑁
𝑛=1 , (11) 

where 𝜔 = {𝜔𝑛}𝑛=0
𝑁  represents different weight values; 𝑦(𝑥𝑛; 𝜔) is a nonlinear function; 

𝐾(𝑥, 𝑥𝑛) is the kernel function 𝑥 = (𝑥1, 𝑥2, ⋯ , 𝑥𝑁), where 𝑥 represents a sample and 𝑥1 is one of 

its features; and 𝜉𝑛 is additional Gaussian noise satisfying 𝜉𝑛~𝑁(0, 𝜎
2). The Gaussian kernel 

function is introduced as follows: 

𝐾(‖𝑦 − 𝑦c‖) = exp {−
‖𝑦−𝑦c‖

2

2𝜎2
}, (12) 

where 𝑦crepresents the kernel function center and 𝜎 represents the Gaussian kernel width. 

Assuming that 𝑡𝑛 is independently distributed, the likelihood function is 

𝑝(𝑡|𝜔, 𝜎2) = (2𝜋𝜎2) −
𝑁

2
exp (−

1

2𝜎2
‖𝑡 − Φ𝜔‖2), (13) 
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where 𝑡 = (𝑡1, 𝑡2, ⋯ , 𝑡𝑁)
T, 𝜔 = [𝜔0, 𝜔1,⋯ , 𝜔𝑁]

T, and 𝛷 is an 𝑁 × (𝑁 + 1) matrix. 

Assuming that 𝜔𝑛 follows a Gaussian conditional probability distribution with a mean of 0 and 

the variance 𝜔𝑛. 

𝑝(𝜔|𝛼) = ∏ 𝑁(𝜔𝑛|0, 𝛼𝑛
−1)𝑁

𝑛=0 , (14) 

where 𝛼 is the prior hyperparameter of the weight 𝜔. Assuming that the hyperparameters 𝛼 and the 

noise parameter 𝜎2 follow a Gamma prior probability distribution. 

{
 
 

 
 𝑃(𝛼𝑛) = ∏ Gamma(𝑎, 𝑏)𝑁

𝑛=0

𝑃(𝜎2) = Gamma(𝑐, 𝑑)

Gamma(𝑎, 𝑏) = 𝛤(𝑎)−1𝑏𝑎𝛼𝑎−1𝑒−𝑏𝑎

𝛤(𝑎) = ∫ 𝑡𝑎−1𝑒−𝑡
∞

0
d𝑡

. (15) 

For more uniform hyperparameters, the common parameters are set as 𝑎 = 𝑏 = 𝑐 = 𝑑 = 0. 

Thus, the probability distribution of 𝜔 is 

𝑝(𝜔|𝑡, 𝛼, 𝜎2) =
𝑃(𝑡|𝜔, 𝜎2)𝑃(𝜔|𝛼)

𝑃(𝑡|𝛼, 𝜎2)
, 

=(2𝜋)−(𝑁+1)/2|Σ|−1/2 ∙ exp {−
1

2
(𝜔 − 𝜇)TΣ−1(𝜔 − 𝜇)}, 

(16) 

{
𝛴 = (𝜎2𝛷𝑇𝛷 + 𝐴)−1

𝜇 = 𝜎−2ΣΦ𝑇𝑡
, (17) 

where Σ represents the variance, 𝜇  represents the mean, and A = diag(𝛼0, 𝛼1, ⋯ , 𝛼𝑁)  is a 

diagonal matrix. Assuming the test sample 𝑦∗, the predicted value 𝑦∗ is distributed as follows: 

{
𝑝(𝑡∗|𝑡, 𝛼MP, 𝜎MP

2 ) = ∫𝑃(𝑡∗|𝜔, 𝜎MP
2 )𝑃(𝜔|𝑡, 𝛼MP, 𝛼MP)d𝜔

𝑝(𝑡∗|𝑡, 𝛼MP, 𝜎MP
2 ) = 𝑁(𝑡∗|𝑦∗, 𝜎∗

2)
, (18) 

where the variance 𝜎∗
2 = 𝜎MP

2 +𝜑T(𝑦∗)∑𝜑(𝑦∗) and the predicted value 𝑦∗ of the test sample 𝑡∗ 

is distributed as 𝑓∗ = (𝑦∗; 𝜇). 
The kernel width and regularization parameters performed by the two algorithms mentioned 

above are optimized to enhance the predictive performance of the LSSVM and RVM algorithms for 

matte and slag temperatures. During evolution, we recorded the fitness 𝑓(𝑥𝑖(𝑡)) of each individual 

𝑥𝑖(𝑡) ( 𝑖 = 1,···, 𝑁, 𝑡 current algebra) along with the corresponding parameter combinations 

(𝜎𝑖(𝑡), 𝜆𝑖(𝑡)). When a subpopulation 𝑃𝑠(𝑡) reaches a local optimum, assuming that the current 

optimal individual is 𝑥𝑏𝑒𝑠𝑡
𝑠 (𝑡), the individual 𝑥𝑟𝑒𝑓 and its parameter combinations (𝜎𝑟𝑒𝑓 , 𝜆𝑟𝑒𝑓), 

which exhibit similar fitness to 𝑥𝑏𝑒𝑠𝑡
𝑠 (𝑡) and in a different parameter space, are identified by 

searching through previously recorded historical data.  

In this work, a differential evolutionary algorithm is implemented using numerical analysis 

techniques. At the conclusion of the algorithm, the parameter values corresponding to the optimal 

individuals are recorded, and the algorithm is executed multiple times to obtain stable range values. 
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If the matte temperature (Y1) is predicted during one of the runs, 𝜎 stabilizes between 0.8 and 1.2, 

while 𝜆 stabilizes between 0.4 and 0.6. Under these conditions, the LSSVM and RVM models 

demonstrate reduced prediction errors for the matte and slag temperatures, resulting in a better fit. 

2.3. Random forest 

The random forest (RF) can be used to evaluate the importance of features, that is, the 

contribution of each feature to the predictive ability of the model. The principle of the RVM is 

illustrated in Figure 3. One of the methods of calculating feature importance is to observe the change in 

model performance through disrupting the value of the features. Specifically, for each feature 𝐴𝑗, the 

average value of the difference between the prediction errors of all out-of-bag samples before and after 

disrupting the feature’s value is calculated. The feature importance score can be expressed as follows: 

Importance(𝐴𝑗) =
1

𝑁
∑  𝑁
𝑖=1 [𝐸𝑟𝑟𝑜𝑟(𝑥𝑖

𝑂𝑂𝐵) − 𝐸𝑟𝑟𝑜𝑟(𝑥𝑖
OOB,permuted

)], (19) 

where Error(𝑥𝑖
OOB)  refers to the original prediction error of the ith out-of-bag sample 

Error(𝑥𝑖
OOB,permuted

). RF effectively improves the performance of the model by constructing 

multiple decision trees based on random feature subsets and integrating their prediction results. Its 

core idea is to use the diversity of ensemble learning to reduce variance and bias and enhance the 

generalization ability and anti-overfitting ability of the model. Through out-of-bag sample evaluation 

and feature importance evaluation, random forest also provides a powerful tool for model 

performance evaluation and feature selection. 

 

Figure 3. Schematic framework diagram of the RF method. 

2.4. Data sources 

A certain company uses an oxygen-enriched top-blown furnace for nickel metal smelting. 
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Depending on the ore grade, the content of substances in the matte varies. The matte produced by the 

oxygen-enriched top-blown furnace mainly contains nickel, copper, iron, and sulfur, while the slag 

mainly contains magnesium oxide and calcium oxide. The furnace body is a vertical cylinder 

constructed from a high-strength steel plate, lined with refractory material, and divided into a flue 

gas area and a smelting pool area. The bottom features outlets for slag and metal discharge. A feed 

port and a lance port are included in a water-cooled membrane-type wall cover on the top of the 

furnace. The core component of the lance assembly is made up of multi-layer concentric tubes that 

have a cooling system. Vertical adjustment of this assembly is necessary for optimal positioning. The 

flue gas exhaust system is equipped with a flue gas outlet and purification equipment to minimize 

environmental pollution. The fundamental working principle of the oxygen-enriched top-blowing 

furnace involves the use of a lance that is inserted vertically into the molten pool to accurately inject 

oxygen-enriched air and fuel. During this process, a strong air stream agitates the molten pool, 

leading to a series of complex physicochemical changes, including smelting, sulfurization, oxidation, 

and reduction, all occurring in a high-temperature environment. These transformations enable the 

oxygen-enriched top-blowing furnace to efficiently carry out the smelting and refining of metals. 

Due to the high temperature and complex equipment environment during the smelting process, 

some data were collected during the production process of this oxygen-enriched top-blown furnace, 

such as the feeding amount (X1), oxygen pressure (X2), oxygen flow (X3), pipeline pressure (X4), 

lance windpipe back pressure (X5), lance windpipe flow (X6), total air flow (X7), oxygen 

concentration (X8), exhaust gas residual oxygen concentration (X9), matte temperature (Y1), slag 

temperature (Y2), and slag (liquid) level height (Y3). Among them, feeding amount (X1), oxygen 

pressure (X2), oxygen flow (X3), pipeline pressure (X4), lance windpipe back pressure (X5), lance 

windpipe flow (X6), total air flow (X7), oxygen concentration (X8), and exhaust gas residual oxygen 

concentration (X9) are the input parameters (independent variables). Matte temperature (Y1) and slag 

temperature (Y2) are the output parameters (dependent variables). The data were collected every hour, 

and a total of 868 sets of data were collected from 1 July 2023 to 5 August 2023, as shown in Table 1. 
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Table 1. Statistics of the processing parameters for the oxygen-enriched top-blown furnace system. 

No. (unit) Parameter  Mechanistic descriptions 

X1 (t/h) Feeding amount 

The quantity of raw material introduced 

into the furnace or other smelting 

equipment per unit of time 

X2 (kPa) Oxygen pressure 

The pressure of oxygen supplied to a 

smelting furnace or other smelting 

equipment 

X3 (Nm3/h) Oxygen flow 

The volume of oxygen delivered to the 

furnace or other smelting equipment per 

unit of time 

X4 (kPa) Pipeline pressure Pressure of a fluid in a conveying pipe 

X5 (kPa) 
Lance windpipe back 

pressure 

The resistance pressure of the gas within 

the gun duct during the flow process 

X6 (Nm3/h) Lance windpipe flow 
The volume of gas passing through the 

gun duct per unit of time 

X7 (Nm3/h) Total air flow 

The total volume of gas passing through 

the blast system of a melting furnace per 

unit of time 

X8 (%) Oxygen concentration 
Percentage of oxygen by volume in the 

gas mixture 

X9 (%) 
Exhaust gas residual 

oxygen concentration 

The percentage by volume of oxygen 

remaining in the exhaust gases emitted 

from the smelting process 

Y1 (℃) Matte temperature 
Real-time temperature of the matte during 

melting 

Y2 (℃) Slag temperature 
Real-time temperature of slag during the 

melting process 

2.5. Data preprocessing 

Due to the presence of a small amount (less than 1%) of missing values in the production data 

collected from the company, it was necessary to perform data cleaning on the raw data, such as 

deleting rows or columns with missing values. Since the data collected for each parameter are time 

series data, linear interpolation was used to fill in missing values. Linear interpolation is a simple and 

commonly used interpolation technique. Suppose there are two known data points, (𝑥1, 𝑦1) and 

(𝑥2, 𝑦2), and we want to estimate the value 𝑦y corresponding to a point 𝑥x between them. Linear 

interpolation assumes that the change between the two known points is linear, i.e., (𝑥1, 𝑦1) and 

(𝑥2, 𝑦2) can be connected by a straight line. The formula for linear interpolation to calculate the 

missing value 𝑦 is 

𝑦 = 𝑦1 +
(𝑥−𝑥1)

(𝑥2−𝑥1)
× (𝑦2 − 𝑦1). (20) 

Simultaneously, to enhance both the convergence speed and accuracy of the model, data 

normalization is essential. Each factor takes 𝑁=700 representative test data. Since all the data are 
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deterministic, min-max normalization represents a linear transformation of the raw data, ensuring 

that the results are scaled within the [0, 1] range. Therefore, the min-max normalization method is 

used to process the data as follows: 

𝑥𝑖 =
𝑋𝑖−𝑋𝑖

min

𝑋𝑖
max−𝑋𝑖

min, (21) 

𝑦𝑗 =
𝑌𝑗−𝑌𝑗

min

𝑌𝑗
max−𝑌𝑗

min, (22) 

where 𝑥𝑖(𝑖 = 1,2,⋯ ,9) is the transformed input parameter, 𝑦𝑗(𝑗 = 1,2,3) is the transformed output 

parameter, 𝑦𝑗(𝑗 = 1,2,3) is the original input parameter mentioned earlier, 𝑦𝑗(𝑗 = 1,2,3) is the 

original output parameter mentioned earlier, 𝑋𝑖
max is the maximum value of the 𝑖th influencing 

factor in the test data, 𝑋𝑖
min is the minimum value of the 𝑗th influencing factor in the test data, 𝑌𝑗

max 

is the maximum value of the 𝑗th dependent variable in the test data, and 𝑌𝑗
min is the minimum value 

of the 𝑗th dependent variable in the test data. 

Specifically, the box plots of the normalized values of matte temperature and slag temperature 

and their influencing factors are shown in Figure 4 andFigure 5. It can be seen that for matte 

temperature (Y1) and slag temperature (Y2), there are data points outside the left and right boundary 

points (considered as outliers). The median is close to the center of the box, indicating that the data 

are relatively uniformly distributed, but the shape of the data distribution varies for each column. The 

normalized values of matte temperature and slag temperature show wider boxes, indicating greater 

variability in these parameters. As indicated in Figure 5, it can be seen that most of the independent 

variables have some outliers, represented by discrete points in the figure. Taking oxygen pressure (X2) 

and lance windpipe flow (X6) as examples, the median is close to the center of the box, indicating 

that these data are relatively uniformly distributed.  

 

Figure 4. Box diagram of the normalized value of quality parameters of oxygen-rich 

top-blown smelting. 
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Figure 5. Box diagram of normalized control parameters for oxygen-rich top-blown smelting. 

The evaluation of the prediction results uses the mean absolute error (MAE), mean absolute 

percentage error (MAPE), and root mean square error (RMSE), where the MAE can well reflect the 

actual situation of prediction error, MAPE can well reflect the relative error of a prediction by 

reflecting the percentage average of the error between the predicted, and actual values. and the 

RMSE is used to measure the deviation between the predicted values and true values. For the jth 

component of smelting quality, the calculation formulae are as follows: 

{
 
 
 

 
 
 MAE =

1

𝑁
∑ |𝑦̂𝑖(𝑘) − 𝑦𝑖(𝑘)|

2𝑁
𝑖=1

RMSE = √
1

𝑁
∑ (𝑦𝑖(𝑘) − 𝑦̂𝑖(𝑘))

2𝑁
𝑖=1

MAPE =
100%

𝑁
∑ |

𝑦̂𝑖(𝑘)−𝑦𝑖(𝑘)

𝑦𝑖
|𝑁

𝑖=1

R2 = 1 −
∑ |𝑦̂𝑖(𝑘)−𝑦𝑖(𝑘)|

2𝑁
𝑖=1

∑ |𝑦𝑖(𝑘)−𝑦̅𝑖(𝑘)|
2𝑁

𝑖=1

, (23) 

where 𝑦𝑗(𝑘)  represents the true value of the 𝑖 th component of smelting quality in the 𝑘 th 

experiment and 𝑦̂𝑗(𝑘) represents the predicted value of the 𝑖th component of smelting quality in the 

𝑘th experiment. 

2.6. Hybrid model mechanism 

Figure 6 illustrates the framework of temperature control prediction of the bath smelting process. 

The proposed RF-LSSVM and RF-RVM models integrate the strengths of RF for feature selection 

and the LSSVM/RVM for nonlinear regression. RF employs an ensemble of decision trees to 

evaluate features’ importance. Key parameters such as the feeding amount (X1) and oxygen pressure 

(X2) are identified as the dominant factors, reducing redundant variables and enhancing the model’s 

interpretability. 

The LSSVM utilizes the RBF kernel to project data into a high-dimensional space, where linear 

separation becomes feasible. The penalty coefficient balances model complexity and fitting error. 

The RVM adopts a Bayesian framework to automatically select relevant vectors, ensuring sparsity 

and robustness against overfitting. The Gaussian kernel width is optimized via evidence 

maximization. In terms of robustness against noise, the ensemble nature of RF mitigates outliers in 
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industrial data, while the structural risk minimization of the LSSVM and the probabilistic output of 

the RVM enhance adaptability to dynamic smelting conditions. 

 

Figure 6. Predictive framework for the matte temperature and slag temperature. 

3. Results and discussion 

3.1. Nonlinear correlation analysis 

The maximal information coefficient (MIC) is a statistical method used to quantify the strength 

of the relationship between two variables. It is part of a series of statistics known as maximal 

information-based nonparametric exploration, designed to capture various types of relationships, 

including linear, nonlinear, and complex patterns. The calculation of the MIC does not have a simple 

closed formula, but it is based on a relatively complex algorithm. The general steps of this algorithm 

can be summarized as follows. 

Step 1: Create a grid for the two variables. For example, given two variables X and Y, first 

create a grid in the joint space. 

Step 2: For each possible grid division, calculate the mutual information 𝐼(𝑋: 𝑌) of X and Y. 

The mutual information formula is as follows: 

𝐼(𝑋: 𝑌) =∑ 𝑃(𝑥, 𝑦)log (
𝑃(𝑥, 𝑦)

𝑃(𝑥)𝑃(𝑦)
)

𝑥∈𝑋,𝑦∈𝑌
 (23) 

where 𝑃(𝑥, 𝑦) is the joint probability distribution of 𝑋  and 𝑌 , and 𝑃(𝑥) and 𝑃(𝑦) are the 

marginal probability distributions of 𝑋 and 𝑌, respectively. 

Step 3: For each grid division, calculate the normalized mutual information 𝐼∗(𝑋: 𝑌), which is 

the ratio of mutual information to the maximum possible mutual information. This ratio is used to 
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standardize the grid size. 

Step 4: MIC is defined as the maximum value of 𝐼∗(𝑋: 𝑌) among all grid divisions, as follows: 

MIC(𝑋: 𝑌) = max𝑔𝑟𝑖𝑑 𝑑𝑖𝑣𝑖𝑠𝑖𝑜𝑛𝑠𝐼
∗(𝑋: 𝑌). (24) 

The key to this process is to try many different grid divisions in the space, calculate the 

normalized mutual information for each division method, and then select the maximum value as the 

MIC value. In fact, MIC values between 0.90 and 1.00 indicate extremely high correlation, values 

between 0.70 and 0.90 indicate high correlation, values between 0.40 and 0.70 indicate moderate 

correlation, values between 0.20 and 0.40 indicate low correlation, values between 0.10 and 0.20 

indicate very low correlation, and values less than 0.10 indicate no correlation. Therefore, the MIC is 

introduced in this paper to measure the nonlinear strength between factors influencing smelting quality, 

playing an important role in systematically revealing the driving factors of smelting quality control. 

For the two dependent variables (matte temperature (Y1) and slag temperature (Y2)) and their 

nine different influencing factors (feeding amount (X1), oxygen pressure (X2), oxygen flow (X3), 

pipeline pressure (X4), lance windpipe back pressure (X5), lance windpipe flow (X6), total air flow 

(X7), oxygen concentration (X8), and exhaust gas residual oxygen concentration (X9)), 868 sets of 

collected data were analyzed using a mathematical software program code to run the MIC statistical 

method. The software’s source code comes from Albanese et al., and The MIC calculation results are 

shown in Figure 7. The results show that pipeline pressure (X4) and lance windpipe back pressure 

(X5) exhibit an extremely high correlation, with an MIC of 0.9150. This is because gas is blown 

through the pipeline at a certain pressure, and when the airflow is obstructed, it creates back pressure 

on the lance windpipe, showing a close relationship. Additionally, oxygen pressure (X2) shows high 

correlations with oxygen flow (X3), pipeline pressure (X4), and lance windpipe back pressure (X5), 

with MIC values of 0.7487, 0.7530, and 0.7545, respectively. Oxygen flow (X3) shows high 

correlations with pipeline pressure (X4) and lance windpipe back pressure (X5), with MIC values of 

0.7368 and 0.7385, respectively. Other influencing factors show moderate correlations with each 

other. This indicates that by fully utilizing the fluctuation characteristics of data in the 

oxygen-enriched top-blown smelting process, the relationships between the factors influencing 

smelting quality can be better analyzed. The model-independent nature of the maximal information 

coefficient is well-suited for exploring the relationships between complex variables such as 

fluctuations in influencing factors of smelting quality. When formulating smelting quality control 

measures, the dynamic relationships between different influencing factors should be considered 

comprehensively, and excessive intervention in any single influencing factor should be avoided. It is 

noteworthy that the MIC values between the nine different influencing factors and the two dependent 

variables, matte temperature (Y1) and slag temperature (Y2), are distributed between 0.30 and 0.70, 

showing moderate and low correlation. This indicates that matte temperature (Y1) and slag 

temperature (Y2) are not influenced by any single factor, and their main control factors need to be 

further explored. 
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Figure 7. Nonlinear analysis results of factors affecting the temperature using MIC. 

3.2. Identification of main control factors 

To further investigate the factors influencing smelting quality and enhance the interpretability of 

the model, the random forest method, a widely adopted ML technique, is employed for nonlinear 

modeling. By integrating multiple decision trees, this approach enables data classification, 

correlation testing, prediction generation, and result interpretation. In this work, the dependent 

variable smelting quality is analyzed using RF to identify and understand the independent variables 

that most significantly affect the dependent variables, matte temperature (Y1) and slag temperature 

(Y2). By offering insights into the interrelationships among variables within the dataset, identifying 

the dominant factors influencing model predictions enhances both data comprehension and an 

understanding of the underlying smelting-related issues. 

Hence, we used the RF algorithm to analyze the importance of factors affecting smelting quality. 

The output results of the algorithm are shown in Table 2. In this table, the top five important 

indicators affecting matte temperature (Y1) are 1.0361, 0.8824, 0.8007, 0.7917, and 0.7648. The top 

five important indicators affecting slag temperature (Y2) are 0.9025, 0.7815, 0.6559, 0.6553, and 

0.5873. Therefore, the top five main control factors for matte temperature (Y1) are total air flow (X7), 

oxygen flow (X3), lance windpipe back pressure (X5), feeding amount (X1), and oxygen pressure 

(X2). The top five main control factors for slag temperature (Y2) are pipeline pressure (X4), total air 

flow (X7), oxygen flow (X3), oxygen pressure (X2), and lance windpipe back pressure (X5). The main 

control factors for both matte temperature (Y1) and slag temperature (Y2) include oxygen pressure 

(X2), oxygen flow (X3), lance windpipe back pressure (X5), and total air flow (X7). This suggests that 

the impact of the lance on the molten pool is a critical factor influencing smelting quality, 

particularly as the stirring effect induced by blowing oxygen plays a key role in enhancing the 

uniformity of the temperature field within the molten pool, which, in turn, affects smelting quality. 

Further studies have demonstrated that utilizing MIC to analyze the nonlinear correlations among the 

factors provides additional support for the primary control factors in smelting quality control 

identified through the RF method. 
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Table 2. The importance of factors affecting the temperature. 

Factor Y1 Y2 

X1 0.7917 0.2730 

X2 0.7648 0.6553 

X3 0.8824 0.6559 

X4 0.7254 0.9025 

X5 0.8007 0.5873 

X6 0.1244 0.2285 

X7 1.0361 0.7815 

X8 0.6037 0.5434 

X9 0.4346 0.0073 

3.3. Effect of different prediction methods on prediction accuracy 

Building on the identification of the key influencing factors, this section compares the 

performance of various prediction models in forecasting smelting quality. Using the two smelting 

quality indicators, matte temperature (Y1) and slag temperature (Y2), as well as the nine influencing 

factors affecting smelting quality as the sample database, 𝑁1 sets of smelting data are used as the 

training set, and the remaining 𝑁2 sets are used as the test set. Quality control prediction models for 

smelting are established using the LSSVM, RVM, XGBoost, multiple linear regression (MLR), back 

propagation (BP) the neural network (BP-NN), the kernel extreme learning machine (KELM), and 

long short-term memory (LSTM). The three main calculation parameters of the LSSVM are kernel 

width sig2 = 500 and regularization parameter gamma = 5, and the chosen kernel function is the RBF 

kernel function. An integrated approach combining 10-fold cross-validation and differential 

evolution (DE) algorithms is used to optimize the radial basis function (RBF) kernel parameter σ. 

Through an initial analysis of the input demand space, the search range of σ is determined to be [X, 

Y], which ensures coverage of ±3 standard deviations of the normalized feature distance. The RVM 

also uses RBF as the kernel function (i.e., Gaussian kernel function) with a kernel width of =0.1. 

XGBoost is based on a linear kernel, with an L1 regularization parameter of 0.1, an L2 regularization 

parameter of 0.1, 1000 iterations, and a learning rate of 0.01. The main parameter of MLR is the 

regression coefficient (also known as the weight), which is estimated by fitting the training data. The 

BP neural network is set to a three-layer network structure with a maximum of 1000 iterations, a 

learning rate of 0.01, a training error of 0.0001, a momentum factor of 0.01, a minimum performance 

gradient of 10–6, and a maximum failure count of 6. These five methods were used to model and 

predict 868 consecutive actual production data.  

Furthermore, Figure 8 illustrates the comparative results of the matte temperature data and the 

slag temperature data predicted by seven different models. The black curves in Figure 8(a) represent 

the true values of the matte temperature, and the other colored curves represent the predicted values 

of the matte temperature. The black curves in Figure 8(b) represent the true values of the slag 

temperature, and the other colored curves represent the predicted values of the slag temperature. 

According to Figure 8(a), each prediction method has some error in the predicted values of matte 

temperature. However, the MLP method and BP-NN method have a larger error in the predicted 

values of the matte temperature, and the LSSVM method has a smaller error in the predicted values 

of the matte temperature. It can be concluded that the LSSVM model is more accurate in predicting 

the matte temperature and better reflects the future trend of the complex nonlinear matte temperature 
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data. According to Figure 8(b), each prediction method has some error in the predicted values of slag 

temperature. However, the MLP method and the BP-NN method have a larger error in the predicted 

values of the slag temperature, and the LSSVM method has a smaller error in the predicted values of 

the slag temperature. It can be concluded that the LSSVM model is more accurate in predicting the 

slag temperature and better reflects the future trend of the complex nonlinear slag temperature data. 

 

Figure 8. Comparison of the predicted values of matte temperature (a) and slag 

temperature (b) from different prediction methods. 

It is worth noting that this study utilizes four evaluation metrics, specifically MAE, RMSE, 

MAPE, and R2, to comprehensively assess the prediction performance of seven methods regarding 

matte temperature and slag temperature. This approach establishes a more objective benchmark for 

comparing the predictive capabilities of these methods in the context of matte and slag temperature 

forecasting. Table 3 displays the results of the evaluation indexes for each prediction method. In this 

table, the best prediction performance of the seven prediction methods on matte temperature data is 

that of the LSSVM method, with R2 reaching 0.93. The best prediction performance of the seven 

prediction methods for slag temperature data is that of the LSSVM method, with R2 reaching 0.94. It 
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is concluded that the four evaluation indexes are more intuitive to show that the LSSVM method has 

a better prediction ability for matte temperature and slag temperature. 

Table 3. Evaluation of the prediction results of temperature for different prediction methods. 

Smelting 

quality 
Indicators LSSVM RVM XGBoost  MLR BP-NN KELM LSTM 

Y1 

MAE 7.87 8.32 11.9406 8.23 23.64 11.50 8.52 

RMSE 9.95 10.21 9.56 10.31 55.92 9.54 10.45 

MAPE 15.70% 18.27% 20.49% 31.46% 43.31% 16.83% 30.98% 

R2 0.93 0.89 0.87 0.74 0.54 0.88 0.78 

Y2 

MAE 10.19 10.63 15.55 10.70 55.92 10.50 15.10 

RMSE 13.11 13.44 12.9611 13.58 59.14 13.25 12.56 

MAPE 17.45% 20.50% 25.41% 36.19% 41.99% 21.49% 25.32% 

R2 0.94 0.91 0.87 0.75 0.68 0.91 0.88 

3.4. Effect of different training–testing set proportions on prediction accuracy 

In fact, the sample size of the parameters collected in the actual production process is often as 

large as possible. However, the quantity of data utilized for predicting the status of smelting quality 

control remains uncertain, necessitating a sensitivity analysis regarding the number of predicted data 

points based on the evaluation metrics presented in Section 2 (i.e., MAE and RMSE). When the 

proportion of the training set is 80%, 85%, 90%, and 95%, the sample sizes of the training set and 

test set are 695, 738, 781, and 825 and 173, 130, 87, and 43, respectively. This work compares and 

analyzes the sensitivity of the number of predicted values under different indicators of the status of 

smelting quality control. When the proportion of the training set sample size to the total dataset 

changes from 80% to 95%, the MAE and RMSE of the RVM prediction model for smelting quality 

do not fluctuate repeatedly but show a trend of first decreasing and then increasing, with the 

minimum values appearing when the training set is 80%. 

For the LSSVM model presented in Table 4, the lowest MAE value of 7.66 is achieved with an 

85% training set, while the lowest RMSE of 9.50 also occurs at this ratio. The highest R2 value of 

0.93 is achieved with an 80% training set. For Y2, the lowest MAE of 10.19 and RMSE of 13.11 are 

observed for the 80% training set, which also yields the highest R² value of 0.94. As shown in Table 5, 

the RVM model indicates that when predicting Y1, the lowest MAE of 8.32 is achieved with an 80% 

training set, while the lowest RMSE of 10.16 is achieved with an 85% training set. The highest R2 of 

0.89 is also observed with the 80% training set. For the second outcome, Y2, the lowest MAE of 9.98 

is observed with the 95% training set, and the lowest RMSE of 12.14 is also achieved for this same 

ratio. Conversely, the highest R2 of 0.94 is observed with the 95% training set. 
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Table 4. Effect of prediction step size on the matte and slag temperature predicted by the LSSVM. 

Parameter Indicators 75% 80% 85% 90% 95% 

Y1 

MAE 8.76 7.87 7.66 8.21 8.94 

RMSE 10.52 9.95 9.50 10.03 10.89 

MAPE 18.96% 15.70% 16.40% 16.00% 19.5% 

R2 0.87 0.93 0.91 0.86 0.72 

Y2 

MAE 10.36 10.19 10.75 11.38 11.87 

RMSE 13.66 13.11 13.40 13.87 14.74 

MAPE 19.00% 17.45% 18.10% 19.50% 20.50% 

R2 0.88 0.94 0.91 0.84 0.77 

Table 5. Effect of predicted step size on matte temperature and slag temperature predicted by the RVM. 

Parameter Indicators 75% 80% 85% 90% 95% 

Y1 

MAE 8.82 8.32 8.45 9.09 8.77 

RMSE 11.89 10.21 10.16 11.33 11.40 

MAPE 19.20% 18.27% 18.54% 20.00% 19.00% 

R2 0.86 0.89 0.88 0.85 0.87 

Y2 

MAE 11.71 10.63 11.66 10.30 9.98 

RMSE 14.83 13.44 14.47 13.15 12.14 

MAPE 25.40% 20.50% 22.41% 18.50% 17.50% 

R2 0.81 0.91 0.89 0.93 0.94 

Cross-validation is a highly effective technique for evaluating the performance and robustness 

of a model. Its core principle involves dividing the original dataset into multiple training and 

validation sets. By repeatedly training and validating the model on different divisions of the data, we 

can assess its overall performance and reduce bias associated with data partitioning. One commonly 

used method is 𝑘-fold cross-validation, where the process is repeated 𝑘 times, ensuring that each 

subset serves as a validation set at least once. The final evaluation metric of the model is calculated 

by averaging the performance metrics obtained from the 𝑘 validation results. This approach enables 

a comprehensive assessment of model performance across different data subsets, offering a more 

reliable measure of robustness and generalization capability. 

The evaluation process of cross-validation algorithm is as follows. Let the LSSVM model be 𝑀, 

and the training set at the ith validation is 𝑇𝑖  and the validation set is 𝑉𝑖 , 𝑖 = 1,2,⋯ , 𝑘. The 

performance index of the model at the 𝑖th validation is as follows:  

𝑀𝑆𝐸𝑖
_
=

1

|𝑉𝑖|
∑ (𝑦𝑗 − 𝑦̂𝑗)

2

𝑥𝑗∈𝑉𝑖

 (25) 

where 𝑉𝑖 is the number of samples in the validation set 𝑉𝑖, 𝑦𝑗 is the true value of the sample 𝑥𝑗, 

and 𝑦̂𝑗 is the predicted value of the model M for the sample 𝑥𝑗. 

𝑀𝑆𝐸𝑎𝑣𝑔 =
1

𝑘
∑ 𝑀𝑘
𝑖=1 𝑆𝐸𝑖. (26) 
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3.5. Impact of main control factors on prediction accuracy 

To further enhance prediction performance and the models’ interpretability, hybrid models 

combining feature selection and machine learning were constructed. Using 𝑁1  = 695 points of 

smelting data as the training set and the remaining 𝑁2 = 173 as the test set, the RF-LSSVM and 

RF-RVM models were established to intelligently predict the temperature. The comparison results of 

the RF-LSSVM and LSSVM models in predicting the matte and slag temperatures are shown in 

Table 6. When predicting the matte temperature (Y1), the MAE and RMSE of the RF-LSSVM model 

are lower than those of the LSSVM model. Additionally, the MAPE decreases from 18.27% to 

14.00%, and the R2 improves from 0.89 to 0.94. Similarly, when predicting slag temperature (Y2), 

the RF-LSSVM model achieves an MAE of 10.47 and an RMSE of 13.31, both lower than the 

corresponding values of the LSSVM model. Moreover, the MAPE decreases from 20.50% to 17.00%, 

and the R² increases from 0.91 to 0.95. These results indicate that the RF-LSSVM model yields 

smaller prediction errors, better fitting performance, and higher prediction accuracy. The RF and 

LSSVM play different and complementary roles in predicting matte and slag temperatures. RF 

provides more precise and representative input data for the LSSVM through feature selection and 

preliminary prediction, which reduces the number of features to be processed by the LSSVM, reduces 

the complexity of the model, and also provides a general direction for training the LSSVM, which helps 

the LSSVM to converge to the optimal solution faster. 

Additionally, the comparison results of the RF-RVM and RVM models in predicting the matte 

and slag temperatures are shown in Table 7. For the matte temperature (Y1), the MAE and RMSE of 

the RF-RVM model are lower than the corresponding values for the RVM model, which are 8.32 and 

10.21, respectively. Additionally, the MAPE decreases from 18.27% to 15.00%, and the R2 improves 

from 0.89 to 0.92. For the slag temperature (Y2), the RF-RVM model yields an MAE of 10.53 and an 

RMSE of 13.38, both lower than the corresponding values of the RVM model, which are 10.63 and 

13.44, respectively. The MAPE decreases from 20.50% to 18.00%, and the R2 improves from 0.91 to 

0.93. These results indicate that the prediction accuracy and goodness of fit of the RF-RVM model 

are significantly enhanced compared with the RVM model. The reason for this is the improved clarity, 

readability, and technical accuracy while maintaining the original meaning. The feature selection and 

preprocessing of RF provide more representative and concise input data for the RVM, which reduces 

the complexity of RVM processing and helps the RVM find the nonlinear relationships in the data 

faster. The powerful nonlinear modeling capability and sparsity property of the RVM compensate for 

the lack of accuracy and high model complexity of RF in dealing with complex nonlinear 

relationships. For instance, after RF identifies the key features that affect the matte temperature, the 

RVM is able to more accurately represent the nonlinear mapping relationship between these features 

and the matte temperature and, at the same time, reduce the redundant information in the model 

through sparsity selection to improve the accuracy and efficiency of the model. The comparison also 

shows that the prediction accuracy of the RF-LSSVM model for the matte and slag temperatures is 

higher than that of the RF-RVM model. 
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Table 6. Comparison of prediction results for matte and slag temperature of the 

RF-LSSVM and LSSVM. 

Indicator

s 
MAE RMSE MAPE R2 

Model 
LSSV

M 

RF-LSSV

M 

LSSV

M 

RF-LSSV

M 

LSSV

M 

RF-LSSV

M 

LSSV

M 

RF-LSSV

M 

Y1 8.32 7.58 10.21 9.82 
18.27

% 
14.00% 0.89 0.94 

Y2 10.63 10.47 13.44 13.31 
20.50

% 
17.00% 0.91 0.95 

Table 7. Comparison of predictions of the matte and slag temperature of the RF-RVM and RVM. 

Indicators MAE RMSE MAPE R2 

Model RVM RF-RVM RVM RF-RVM LSSVM RF-LSSVM LSSVM RF-LSSVM 

Y1 8.32 7.79 10.21 9.78 18.27% 15.00% 0.89 0.92 

Y2 10.63 10.53 13.44 13.38 20.50% 18.00% 0.91 0.93 

When 𝑁1 = 695 sets of smelting data were used as the training set and the remaining 𝑁2  = 

173 sets as the test set, the RF-LSSVM and RF-RVM models were further established to intelligently 

predict the matte temperature and slag temperature in metallurgical engineering. Table 8 shows the 

impact of the common main control factors on the accuracy of the RF-LSSVM and RF-RVM models 

for predicting matte temperature and slag temperature. From the table, it can be seen that for matte 

temperature (Y1), the MAE and RMSE of the RF-LSSVM algorithm based on the four main control 

factors are 2.64% and 1.02% lower, respectively, compared with the original RF-LSSVM algorithm. 

For slag temperature (Y2), the MAE and RMSE of the RF-LSSVM algorithm based on the four main 

control factors are 0% and 0.45% lower, respectively, compared with the original RF-LSSVM 

algorithm. For matte temperature (Y1), the MAE and RMSE of the RF-RVM algorithm based on the 

four main control factors are 1.16% and 1.63% lower, respectively, compared with the original 

RF-RVM algorithm. For slag temperature (Y2), the MAE and RMSE of the RF-RVM algorithm based 

on the four main control factors are 1.61% and 0% higher, respectively, compared with the original 

RF-RVM algorithm. Specifically, the prediction results of the RF-LSSVM model and the RF-RVM 

model based on the four main control factors for matte temperature (Y1) and slag temperature (Y2) in 

metallurgical engineering are inferior to the original RF-LSSVM and RF-RVM algorithms. 

Table 8. Influence of matte and slag temperature on the accuracy of RF-LSSVM and RF-RVM. 

Indicators MAE RMSE MAPE R2 

Model 
RF- 

LSSVM 

RF- 

RVM 

RF- 

LSSVM 

RF- 

RVM 

RF- 

LSSVM 

RF- 

RVM 

RF- 

LSSVM 

RF- 

RVM 

Y1 7.78 7.88 9.92 9.94 14.50% 15.00% 0.93 0.92 

Y2 10.47 10.70 13.37 13.38 17.50% 18.00% 0.94 0.93 

When predicting the matte temperature (Y1), the MAE of the RF-LSSVM model was 7.78, 

which is lower than that of the RF-RVM model at 7.88. Additionally, the RMSE was lower than that 

of the RF-RVM model with an MAPE of 15.00%. Furthermore, the R2 was 0.93, exceeding the 
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R2=0.92 of the RF-RVM model. In predicting the slag temperature (Y2), the MAE of the RF-LSSVM 

model was 10.47, lower than that of the RF-RVM at 10.70. The RMSE for the RF-LSSVM model 

was 13.37, slightly lower than that of the RF-RVM model. The MAPE of the RF-LSSVM was lower 

than that of the RF-RVM model. The R2 value for the RF-LSSVM model was 0.94, which is higher 

than that of the RF-RVM at 0.93. Overall, it is evident that the RF-LSSVM model demonstrates 

superior predictive performance compared with the RF-RVM model when considering the four main 

control factors. Moreover, when comparing the prediction results of the RF-LSSVM model and the 

RF-RVM model based on the four main control factors, it is found that for matte temperature (Y1), 

the MAE and RMSE of the RF-LSSVM model based on the four main control factors are 1.29% and 

0.20% higher than those of the RF-RVM model based on the four main control factors, respectively. 

For slag temperature (Y2), the MAE and RMSE of the RF-LSSVM model based on the four main 

control factors are 2.20% and 0.07% higher than those of the RF-RVM model based on the four main 

control factors, respectively. It can be seen that the accuracy of the RF-LSSVM algorithm based on 

the four main control factors is still higher than that of the RF-RVM. Overall, the RF-LSSVM 

algorithm fully utilizes the advantages of the RF algorithm in screening the main control factors for 

matte temperature (Y1) and slag temperature (Y2). It eliminates redundant information among factors 

such as the feeding amount (X1), oxygen pressure (X2), oxygen flow (X3), pipeline pressure (X4), 

lance windpipe back pressure (X5), lance windpipe flow (X6), total air flow (X7), oxygen 

concentration (X8), and exhaust gas residual oxygen concentration (X9). 

4. Conclusions 

In this work, through the analysis and control of the main control factors in the molten pool 

smelting process, the importance of various influencing factors on the smelting quality was 

determined. The main conclusions are as follows. 

(1) RF was used to screen out features that were highly correlated with the predicted slag 

temperature data, including the oxygen pressure and oxygen flow rate. This process effectively 

reduces the complexity of the prediction model by eliminating redundant data.  

(2) A hybrid model, RF-LSSVM, which integrates RF and the LSSVM, is proposed. This model 

combines the feature selection capabilities of RF with the nonlinear modeling capabilities of the 

LSSVM, significantly enhancing the accuracy and robustness of predictions for matte temperature 

and slag temperature.  

(3) This work proposed the RF-LSSVM system. This system absorbs the advantages of a single 

model. For matte temperature prediction, the MAE reaches 7.87, RMSE reaches 9.95, MAPE 

reaches 15.70%, and R2 reaches 0.93. Meanwhile, for slag temperature prediction, MAE reaches 

10.19, RMSE reaches 13.11, MAPE reaches 17.45%, and R2 reaches 0.94.  

However, their practical application in industrial settings may face several challenges, which 

require careful consideration, such as how to ensure the quality of date acquired. Industrial 

environments often suffer from incomplete or noisy data due to sensor malfunctions or harsh 

operating conditions. We should implement robust data preprocessing techniques, such as outlier 

detection and imputation methods, to ensure the data’s reliability. Additionally, integrating IoT-based 

sensors can enhance the efficiency of data collection. 

In future work, the model proposed in this work will be applied for the prediction of copper 

smelting temperature and flue gas oxygen concentration in oxygen-rich top-blowing furnaces to 

validate the generalization ability of the RF-LSSVM model. Additionally, by combining RF-LSSVM 

with multi-objective optimization algorithms, a comprehensive framework is developed to achieve 
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synergistic optimization of temperature control alongside energy consumption, product quality, and 

other production objectives. At the same time, an interactive visualization interface has been 

developed to intuitively display the importance of features, prediction results, and error analysis. 

This interface assists production staff in gaining a deeper understanding of the model and enhances 

confidence in and the usability of the model. 
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