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Abstract

:

The degree of homogeneity of the sintered ore phase structure directly determines its quality index. A sinter ore quality evaluation method based on the quantification of the homogeneity of the mineral phase structure is proposed. First, the magnetite particle size characteristics in the ore phase structures with different degrees of homogeneity were summarized under a polarized light microscope, and a criterion for evaluating the uniformity of the sintered ore phase structure based on the magnetite content of different particle size grades was determined. Second, a multiple regression model was established for the raw material composition ratio of magnetite with varying particle size grades. Finally, the multiple regression model was optimized using the second-generation non-dominated sorting genetic algorithm (NSGA2). The results show that mineral phase structure analysis categorized the magnetite particle sizes into <30 μm, 30~60 μm, and >60 μm. The adjusted R2 of the multiple regression model of the chemical composition of raw materials and the proportion of magnetite of each particle size grade were all greater than 0.95, and the p values were all <0.05, indicating a high degree of model fitting. Using model analysis, the single factor and the interaction between the multiple factors that significantly influence the proportion of magnetite in the three particle size grades were determined. The multivariate regression model was optimized using the NSGA2 algorithm to determine the ratios of Al2O3 mass% = 1.82, MgO mass% = 1.50, and R(CaO mass%/SiO2 mass%) = 1.84 for the highest degree of uniformity of the sintered ores. Under this sintering condition, the micro-mineral phase structure became more homogeneous, confirming the model’s reliability.
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1. Introduction


Sinter is a process of using low-grade iron ore to create high-quality manufactured iron ore, which is widely used in blast furnace ironmaking, and its quality directly determines the cost and efficiency of blast furnace production [1,2,3,4]. Its quality is closely related to microscopic mineral composition and mineral phase structure characteristics [5,6,7]. Therefore, it is of practical significance to analyze the mineral composition and internal structure of sinter to improve its quality.



Many researchers have studied sintered ores in terms of their micro-mineral compositions and mineral phase structural characteristics. Honeyands et al. [8] quantitatively analyzed the change in the content of the main mineral phases in sintered ores with basicity, and the results show that low basicity sintered ores are dominated by cemented magnetite and glassy phases; with an increase in basicity, the hematite phase and the calcium ferrite phase increase. Moreover, high-basicity sintered ores are dominated by the calcium ferrite phase, which leads to elevating the yield and quality of the ore. Xin et al. [9] found that an increase in basicity and Al2O3 is detrimental to the formation of glassy phases in sintered ores. Wu et al. [10] investigated the effect of Mg2+ on the properties of single minerals in sintered ores. The results showed that the solid solution of Mg2+ in single minerals was in the order of magnetite, silico-ferrite of calcium and aluminum (SFCA), silicate, and hematite, and the solid solution of Mg2+ prevented the oxidation of magnetite to hematite, the coarsening of the grains of SFCA, and an increase in the content of silicate. The mineral species, content, and morphological pairs of sintered ores are closely related to the structural characteristics of the mineral phases [11]. Cheng et al. [12] classified the sintered ore phase into four mineral phase structures based on the microscopic mineral composition and mineral morphology and analyzed the causes of the different mineral phase structures and their effects on the mechanical strength of sintered ores. The results showed that the power of the sintered ores depended on the mineral phase structures present in the microscope and the distribution of these microscopic structures. Liu [13] et al. found that the addition of B2O3 to a mixture of vanadium–titanium magnetite and hematite ore powders resulted in an increase in the bonding phase, finer metal phase particles, and higher uniformity of mineral distribution, accompanied by improved metallurgical property indices such as the low-temperature reduction differentiation index and mechanical strength. Han et al. [14] improved the sintering basis properties of refractory and ultrafine-grained iron ore powders through pre-balling, which resulted in increased homogeneity of the mineral phase structure and closer bonding between the minerals compared to the sintered mineral phase structure without pre-balling.



In the past, scholars mainly judged the homogeneity of the sintered ore phase by analyzing the mineral content and the bonding morphology between the minerals. Still, there needs to be more reports on the quantitative analysis of the homogeneity of the ore phase. Therefore, this paper aims to propose a quantitative method for the structural homogeneity of the ore phase in the following process: first, using systematic mineral identification, mineral phase structure analysis, and the statistics of mineral content and the magnetite particle size of the sintered ore samples, the overall mineral content characteristics of the sintered samples as well as the magnetite particle size characteristics of the mineral phase structure were analyzed with different degrees of homogeneity. Based on the mineral phase analysis results, the magnetite particle size was graded, and a standard was established to evaluate the uniformity of the sintered ore phase structure in terms of the magnetite content of different particle size grades. Second, a multiple regression model was developed to investigate the effects of single factors of R(CaO mass%/SiO2 mass%), MgO mass%, Al2O3 mass%, and the interactions among the factors on the percentage of magnetite content of each particle size grade. Finally, the multiple regression model was optimized by establishing the NSGA2 model to obtain the R(CaO mass%/SiO2 mass%), MgO mass%, and Al2O3 mass% ratios of the sintered ores with the highest degree of homogeneity, which provides a theoretical basis for the allocation of sintered ores.




2. Materials and Methods


2.1. Sintered Sample Preparation


R(CaO mass%/SiO2 mass%), MgO mass%, and Al2O3 mass% were the three kinds of composition indicators selected as the examination factors. With reference to actual iron ore sintering as well as the R(CaO mass%/SiO2 mass%), MgO mass%, and Al2O3 mass% used in a large number of previous studies [15,16,17], the ranges of these parameters for this study were established. The experimental program was designed according to the rules of the uniform design method. The factor levels for the uniform design experiment are shown in Table 1.



The chemical reagents Fe2O3, CaO, SiO2, MgO, and Al2O3 (produced by the China National Pharmaceutical Group) used in uniform powder form were analytically pure, dried in a drying oven at 120 °C for 2 h, and sieved through a 200 mesh screen after cooling. The samples were placed into 10 mm × (10 ± 1) mm containers, and the obtained cake-like samples were loaded into a 50 mL corundum crucible and put into a controlled temperature box muffle furnace for micro-sintering at a rate of 10 °C/min to increase the temperature from room temperature to 1400 °C. A constant temperature was maintained for 30 min to ensure that the samples were fully reacted, and then cooled down to room temperature in a furnace at 20 °C/min to obtain the sintered ore samples. The samples were obtained by cooling the stove to room temperature at 20 °C/min. The obtained sintered ore samples were cut and polished to prepare optical thin sections. To reduce the error, three or more samples were prepared for each sinter, and the average magnetite particle size and content were determined from the average value of the measured data of the samples; the difference between the measured data was no greater than 3%.




2.2. Methods


2.2.1. Mineralogical Analysis Methods


Mineralogical analysis is an important tool for the microscopic study of minerals [18,19]. In this experiment, a Zeiss Research Scope-A1 (ZEISS, Oberkochen, Germany) polarizing microscope was used to identify the minerals systematically, analyze the structure of the mineral phases, and statistically analyze the mineral content and the magnetite particle size of the eight experimentally prepared samples with different raw material compositions. The overall mineral content of the sample and the characteristics of magnetite particle size in the mineral phase structure were analyzed with varying degrees of homogeneity, the magnetite particle size grades were classified according to the mineral phase analysis, and a standard for quantifying the uniformity of the sintered ore phase structure was established based on the magnetite content of each particle size grade.



Line measurement is a common method for counting the mineral content and particle size under a microscope. The measurement method is as follows: first, the eyepiece micrometer scale value (W) is calibrated. In this experiment, the microscope magnification was fixed at 200, and the W value in the eyepiece micrometer was 5 μm. Second, five measurement routes are determined to evenly distribute the optical thin sections as shown in Figure 1a; the measurement starts from the first view at the upper end of the first measurement route on the left and continues to the last view at the bottom of the measurement route on the right. Finally, the eyepiece microscale is adjusted to horizontally, and the line perpendicular to the eyepiece microscale in the center of the visual field is selected as the reference line. From the first visual field, the number of scales of the eyepiece microscale occupied by the maximum horizontal intercept of all mineral particles on the reference line is calculated and recorded, as shown in Figure 1b, until the last visual field of the measurement route. The total number of scales accounted for by each mineral recorded divided by the total number of scales accounted for by the measured mineral is the content of each mineral, and the number of scales accounted for by each magnetite particle is multiplied by W.




2.2.2. Multiple Regression Method


Linear regression is a standard method to study the quantitative relationship between the independent variable and the dependent variable, which is called multiple linear regression when there is more than one independent variable, and is widely used in data analysis in a variety of scenarios [20,21,22]. Its general expression is as follows:


  Y =   β   0   +   β   1     X   1   +   β   2     X   2   + … +   β   n     X   n   + ε  



(1)







In Equation (1), Y is the independent variable, X is the dependent variable, β is the model parameter, and ε is the error term. To investigate the impact of interactions between independent variables and the non-linear relationship between independent and dependent variables, we introduce cross and quadratic terms when fitting multiple regression models. The general expression is as follows:


  Y =   β   0   +    ∑  i = 1   n       β   i       X   i   +    ∑  i = 1   j − 1        ∑  j = 1   n       β   i j         X   i     X   j   +    ∑  i = 1   n       β   i i        x   i   2    + ε  



(2)








2.2.3. NSGA2 Algorithm Optimization Method


For multi-objective optimization problems with several conflicting or influential objective values, the objectives can only be optimal in a specific region. In this case, the solution of multi-objective optimization is usually a solution set, and there is no way to compare the advantages and disadvantages of these solutions. The answer is to make one objective better without making all other goals worse, and the mapping of all the optimal solution sets on the objective space obtained by this approach is called the Pareto front [23].



NSGA is a genetic algorithm based on Pareto front and non-dominated sorting, which Srinivas and Deb proposed in the early 1990s [24]. It can optimize multiple objective functions simultaneously. Deb further proposed the NSGA2 algorithm based on a fast, non-dominated sorting, and elite strategy in 2002 [25]. The NSGA2 algorithm has further improved the optimization effect and computing speed compared with NSGA and is widely used to solve various multi-objective optimization problems [26,27,28]. The general flow is shown in Figure 2.



The algorithm flow is as follows:




	
Assigning values to initialized parent populations using a random value approach.



	
For two individuals, p and q in the constraint interval of the optimized variable X, p is said to dominate q if both p’s mappings on the objective space are better than q. Individuals in S that do not dominate are at level 1. Individuals overwhelmed only by level 1 individuals are at level 2, and so on. Accordingly, the parent population S is sorted by fast non-dominance.



	
The individuals under the same rank are ranked based on the crowding distance, and the crowding distance of the individuals at the edge of the ranking is set to ∞; the crowding distance is calculated for the pairs of individuals under the same rank according to Equation (3).


    C   g n   =   (    f   n   g + 1    −    f   n   g − 1    )   (    f   n   m a x    −    f   n   m i n    )   ,   g = 2,3 , … , ( l − 1 )  



(3)




where     C   g n     is the crowding distance and      f   n   g + 1      is the nth objective function value for the (g + 1) generation population.     f   n   g − 1      is the NTH objective function value of the population of (g − 1) generations.      f   n   m a x      and      f   n   m i n      are the maximum and minimum values of the NTH objective function, respectively. l is the number of populations.



	
In the initial population S, a portion of individuals with a high dominance rank and significant crowding distance are selected for cross-mutation using the binary tournament method, and a portion of individuals in the initial population S are randomly selected for mutation to obtain a new population of size N.



	
Combining the new and previous generation populations into a new generation of size 2N populations avoids the loss of good individuals from the prior generation populations.



	
If the current evolutionary generation ≤ evolutionary generation preset value, the population obtained from 5 is repeated as the parent population ranges from 2 to 5. If the current generation exceeds the evolutionary generation preset value, only nondominated individuals from the population obtained in Step 4 are retained after being subjected to nondominated sorting. These non-dominated individuals constitute the optimal solution set, i.e., the Pareto front.











3. Results


3.1. Micro-Mineralogical Analysis of Sintered Samples


The content of each mineral in the eight samples obtained by line measurement is shown in Table 2. It shows that the mineral composition of the sinter samples was mainly composed of magnetite and Mg-rich SFCA (SFCAM), and the magnetite content was about 30–40%. The MgO mass% in sample No. 1 belonged to a high level, while Al2O3 mass% and R(CaO mass%/SiO2 mass%) belonged to a low to medium level, which leads to a higher content of magnetite compared to the other samples.



In contrast, the content of hematite, dicalcium silicate (C2S), vitreous, and other minerals is less. The mineral content difference among the samples is slight, but the uniformity of the mineral phase structure is significant. Based on the homogeneity of the mineral phase structure, the structure can be classified into three categories, ranging from good to poor uniformity, as shown in Figure 3a–c. The disseminated grain size of magnetite in each sample was counted using the line-measurement method (all particle sizes mentioned later are the disseminated grain sizes). Particle size measurements of inhomogeneous, relatively homogeneous, and inhomogeneous magnetite mineral phase structures were carried out, and the results showed that most of the magnetite particle sizes in the homogeneous mineral phase structure were less than 30 μm, whereas those in the more homogeneous as well as the inhomogeneous mineral phase structures were roughly in the range of 30–60 μm and greater than 60 μm, respectively.



The homogeneous mineral phase characteristics were dominated by magnetite below 30 μm, with tiny grains of magnetite uniformly cemented with calcium ferrite with a high degree of fusion, as shown in Figure 4a. The less homogeneous mineral phase was characterized by 30–60 μm magnetite dominated by more considerable magnetite growth, with connecting development between small particles of magnetite and poorer fusion, which is described as shown in Figure 4b. The uneven mineral phase structure was dominated by magnetite above 60 μm, and magnetite appeared to have sizeable consecutive crystal growth, non-uniform structure, and poor fusion degree; its characteristics are shown in Figure 4c. Therefore, the particle size was categorized into three size classes: <30 μm, 30–60 μm, and >60 μm or more. The magnetite content of each particle size class obtained from the line measurements and the total amount of magnetite measured in each sample are shown in Figure 5.




3.2. Model Establishment of Magnetite Particle Size Proportion


3.2.1. Model Fit


Based on the results of the mineral phase analysis, three particle size classes of magnetite content were used to quantify the homogeneity of the sintered ore phase structure, and the magnetite content of the three particle size classes of <30 μm, 30–60 μm, and >60 μm indicated the homogeneous, more homogeneous, and non-homogeneous content of the mineral phase structure, respectively, to evaluate the homogeneity of the overall mineral phase structure of the sintered ore samples. In this paper, a multiple regression model was fitted using Minitab 17. Multiple linear regression equations were fitted with Al2O3 mass%(X1), MgO mass%(X2), and R(CaO mass%/SiO2 mass%)(X3) as the independent variables, and the percentage share of magnetite of different grain size grades as the dependent variables.



The resulting fitted equations are Equations (4)–(6)


    Y   1   = 0.678 + 0.436   X   1   − 0.196   X   2   + 0.035   X   1     X   2   − 0.051   X   1     X   3   + 0.032   X   2     X   3   − 0.091    X   1   2     



(4)






    Y   2   = − 0.145 + 0.215   X   1   − 0.008   X   1     X   2   − 0.018   X   1     X   3   + 0.019   X   2     X   3   − 0.034    X   1   2     



(5)






    Y   3   = 0.162 − 0.132   X   1   + 0.092   X   2   − 0.114   X   3   − 0.038   X   1     X   2   + 0.052    X   1   2    + 0.031    X   3   2     



(6)








3.2.2. Model Significance Analysis


The parameters for evaluating the effectiveness of model fitting for the quantitative relationship between the raw material composition and the percentage of magnetite in each grain size are shown in Table 3. R2 is the coefficient of determination, which represents the fit effect between the test observations and the fitted values. It can be seen from Table 3 that the R2 and the adjusted R2 of each model are all greater than 0.95, indicating that the independent variables in the model can explain more than 95% of the changes in the dependent variable. F tests the degree of the total contribution of each variable in the model to the dependent variable, P is the test of the model’s significance, and the p values of the three models in Table 3 are all less than 0.05, which indicates that the model can pass the significance test and has statistical significance, and the model fits well.



The comparison between the predicted and experimental values of the magnetite percentage of each grain size grade calculated by the multiple regression model is shown in Figure 6, and the actual and expected values are close to a straight line, indicating that the predicted values of the model are consistent with the true values. The regression equations Y1, Y2, and Y3 for the quantitative relationship between the chemical composition and the percentage of magnetite in each grain size were obtained by fitting equations, and the evaluation of the relevant parameters is shown in Table 4, where the p value is the parameter significance test, a p value less than 0.05 indicates that the independent variable has a significant effect on the dependent variable Y, and a smaller p value represents more significance. As shown in Table 4, the one-factor results for Al2O3 mass% and MgO mass% were substantial in Y1, the one-factor effect of Al2O3 mass% was significant in Y2, and the one-factor results for Al2O3 mass%, MgO mass%, and R(CaO mass%/SiO2 mass%) were all significant in Y3.





3.3. Regression Model Analysis of Magnetite Grade Proportion


3.3.1. Single Factor Analysis


Fixing the values of its two factors (selecting MgO mass% as 2.1, Al2O3 mass% as 2.1, or R(CaO mass%/SiO2 mass%) as 2.4, from now on), the effect of a single factor on the magnetite content of each particle size grade was investigated. With an increase in Al2O3 mass%, the magnetite content below 30 μm increased and then decreased, and the percentage of magnetite below 30 μm decreased with an increase in MgO mass%, as shown in Figure 7a. The magnetite content increased from 30 to 60 μm and then decreased with an increase in Al2O3 mass%, as shown in Figure 7b. With an increase in Al2O3 mass%, the magnetite content above 60 μm decreased and then increased, and the magnetite content above 60 μm increased with the height of the MgO mass% and basicity, as shown in Figure 7c.



An increase in the Al2O3 mass% from 1.5 to about 2.0 resulted in more liquid phase generation and higher liquid phase viscosity [29,30,31]. The rise in the liquid phase led to the formation of smaller magnetite crystal particles. It increased the likelihood of contiguous crystal growth. In contrast, the increase in the liquid phase led to more dispersed crystallization of magnetite, which was less prone to forming large bonding pieces. With an increase in Al2O3 mass% from 2.0 to 2.9, the proportions of <30 μm and 30~60 μm magnetite increased slowly or even decreased, which may be due to the high viscosity when Al2O3 mass% was too high, resulting in the growth of magnetite crystals into large pieces of magnetite. With an increase in MgO mass%, the viscosity increased, and the liquid phase generation decreased [32,33,34]. The increase in density led to smaller magnetite crystals, and the low liquid phase generation led to a smaller magnetite crystallization environment, which was prone to the growth of tiny particles of continuous crystals into large pieces of magnetite. With increasing basicity, the viscosity of the liquid phase decreased [35,36,37], which was more favorable for magnetite crystallization and could be responsible for the increase in the percentage of massive magnetite above 60 μm.




3.3.2. Interaction Analysis


According to the significant p values in Table 3, the interaction between Al2O3 mass% and MgO mass% has a substantial effect on the percentage of magnetite in all three particle size class grades. The influence of the interaction between Al2O3 mass% and MgO mass% on the proportion of magnetite at each particle size level when the basicity is 2.4 is shown in Figure 8a–c. The law of change in the proportion of magnetite of the three particle size levels with the difference in Al2O3 mass% is consistent with the single factor. When MgO mass% content is high, the proportion of magnetite below 30 μm decreases, and the ratio above 30~60 μm increases. The interaction of Al2O3 mass % and MgO mass % showed mutual inhibition effect on the magnetite percentage below 30 μm, and promoted effect on the magnetite percentage between 30 and 60μm. When the level of Al2O3 mass % or MgO mass % is too high, and the level of the other is too low, it will lead to a higher percentage of >60μm of magnetite.





3.4. Sinter Ore Uniformity Optimization Based on Multiple Regression-NSGA2


3.4.1. Multiple Regression-NSGA2 Model Design


In this section, we use the magnetite size class classification method from 1.4 to explore the dosing scheme that provides the highest degree of sinter uniformity. To achieve this, we optimized the established multiple regression model using the NSGA2 algorithm. The optimization model was developed using Python. Under the experimental design scheme described in Section 2.1, we used Al2O3 mass%, MgO mass%, and R(CaO mass%/SiO2 mass%) factor index X = (X1, X2, X3) as the optimization variables. The three particle size grades of magnetite grains Y = [Y2(X), Y3(X)] were used as optimization objectives, and we took the smallest of Y2 and Y3 as the optimal. Therefore, the model for the Y optimization problem of sinter phase uniformity can be described as follows:



Optimization variables:


  X = (   X   1   ,   X   2   ,   X   3   )  



(7)







Optimization objectives:


  Y = (   Y   2   ,   Y   3   )  



(8)







Variable constraints:


  X       1.5 <   X   1   < 2.9       1.5 <   X   2   < 2.9       1.8 <   X   3   < 3.2        



(9)








3.4.2. Multiple Regression-NSGA2 Optimization Results


The NSGA2 multi-objective optimization algorithm was initialized with a population size of 100, a maximum number of genetic generations of 100, a crossover variance probability of 0.9, a variance probability of 0.1, and a crossover distribution index of 20. Both functions and constraints were implemented in PyCharm Community Edition 2023.2.5 software. NSGA2 was used to solve the multi-objective optimization for sinter uniformity, and the optimization procedure converged after about 50 iterations; the resulting Pareto front is shown in Figure 9. Taking the percentage of magnetite from 30 to 60 μm and the rate of magnetite above 60 μm as the optimization objectives, the Pareto optimal solution set was obtained, of which the last five optimal solutions are shown in Table 5.



The optimal raw material composition ratio for obtaining the Pareto front of sinter uniformity was Al2O3 mass% = 1.82, MgO mass% = 1.5, and basicity = 1.84 within the experimental level range. Under these conditions, the metal phase of the sinter mineral phase was dominated by <30 μm magnetite, and the mineral phase structure was the most uniform. The actual values (87.21%, 10.64%, and 2.13%) of <30 μm magnetite were close to the predicted values (88.80%, 10.22%, and 2.30%). Compared with the pre-optimization period, the large-grained magnetite-dominated mineral phase structure (shown in Figure 10a) was significantly reduced, and the small-grained magnetite-dominated homogeneous mineral phase structure of <30 μm increased considerably, as shown in Figure 10b, which verified the reliability of the multiple regression-NSGA2 model.






4. Conclusions


	
A multivariate regression model was established with Al2O3 mass%, MgO mass%, and R(CaO mass%/SiO2 mass%) as the independent variables, and the percentages of magnetite in the three particle size classes of <30 μm, 30–60 μm, and >60 μm were established as the dependent variables;d the adjusted R² values for the model parameters were 0.997, 0.995, and 0.999, respectively. The adjusted R² values for the parameters of the models were all close to 1, with p values less than 0.05. The model fitted well with high reliability.



	
The proportion of magnetite below 30 μm was significantly affected by the Al2O3 mass% and MgO mass% single factors, and the balance of 30~60 μm magnetite is influenced considerably by the Al2O3 mass% single factor. The proportion of magnetite above 60 μm was significantly affected by the single aspects of Al2O3 mass%, MgO mass%, and R(CaO mass%/SiO2 mass%). The interaction between Al2O3 mass% and MgO mass% had a significant effect on the proportion of magnetite in the three particle size grades.



	
The Pareto front of sinter uniformity was obtained, and the raw material composition ratio of Al2O3 mass% = 1.82, MgO mass% = 1.5, and R(CaO mass%/SiO2 mass%) = 1.84 when the uniformity of the sinter was optimal within the range of the experimental level was obtained. Under these conditions, the metal phase of the sinter mineral phase was dominated by <30 μm magnetite, and the mineral phase structure was the most uniform. The actual value of <30 μm magnetite was close to the predicted value, which verifies the reliability of the multiple regression- NSGA2 model.
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Figure 1. Schematic diagram of the principle of the line measurement method: (a) arrangement of measurement lines on an optical thin film; (b) microscopic mineral particle size measurement methods. 
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Figure 2. NSGA2 algorithm flowchart. 
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Figure 3. Mineral phase structure with varying degrees of homogeneity: (a) homogeneous mineral phase structure; (b) less homogeneous mineral phase structure; (c) inhomogeneous mineral phase structure. Mt: magnetite particles; SFCAM: Mg-rich calcium ferrite. 
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Figure 4. The main characteristics of magnetite in the ore phase for each grain size: (a) <30 μm magnetite-dominated mineral phase structure; (b) 30~60 μm magnetite-dominated mineral phase structure; (c) >60 μm magnetite-dominated mineral phase structure. 
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Figure 5. Schematic diagram of magnetite content of each grain grade. 
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Figure 6. Comparison of actual and predicted percentages of magnetite based on particle size grade: (a) Prediction effect of Y1 on <30 μm magnetite content; (b) Prediction effect of Y2 on 30~60 μm magnetite content; (c) Prediction effect of Y3 on >60 μm magnetite content. 
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Figure 7. Effect of a single factor on magnetite content at various particle size grades: (a) influence of a single factor on the proportion of <30 μm magnetite; (b) influence of a single factor on the proportion of 30~60 μm magnetite; (c) influence of a single factor on the proportion of >60 μm magnetite. 
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Figure 8. Effect of interactions on the percentage of magnetite in each particle size class: (a) influence of interactions on the proportion of <30 μm magnetite; (b) influence of interactions on the proportion of 30~60 μm magnetite; (c) influence of interactions on the proportion of >60 μm magnetite. 
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Figure 9. Pareto front for sinter ore phase homogeneity. 
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Figure 10. Comparison of mineral phase structures before and after optimization: (a) pre-optimization mineral phase structure; (b) optimized mineral phase structure. Mt: magnetite particle; SFCAM: Mg-rich calcium ferrite. 
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Table 1. Factors and levels of the uniform design experiment.
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	Compositions
	Level 1
	Level 2
	Level 3
	Level 4
	Level 5
	Level 6
	Level 7
	Level 8





	R(CaO mass%/SiO2 mass%)
	1.8
	2.0
	2.2
	2.4
	2.6
	2.8
	3.0
	3.2



	Al2O3 mass%
	1.5
	1.7
	1.9
	2.1
	2.3
	2.5
	2.7
	2.9



	MgO mass%
	1.5
	1.7
	1.9
	2.1
	2.3
	2.5
	2.7
	2.9










 





Table 2. Mineral content of sintered samples (wt. %).
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	Sample No.
	Magnetite
	Hematite
	SFCAM
	C2S
	Glass





	1
	41.58
	1.25
	55.67
	1.5
	-



	2
	33.29
	2.4
	59.71
	2.3
	2.3



	3
	32.03
	4.7
	56.3
	2.77
	4.2



	4
	32.06
	3.88
	58.88
	1.83
	3.35



	5
	33.91
	2.81
	56.99
	1.12
	5.17



	6
	33.29
	1.16
	59.9
	1.28
	3.77



	7
	33.52
	4.01
	57.56
	2.16
	2.75



	8
	34.54
	2.07
	59.08
	1.16
	3.15










 





Table 3. Results of the model significance analysis.
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	Model
	R2
	Adjusted R2
	F
	P





	Y1
	0.999
	0.997
	510.93
	0.034



	Y2
	0.998
	0.995
	311.11
	0.003



	Y3
	0.999
	0.999
	1959.13
	0.017










 





Table 4. Regression equation fitting evaluation parameters.
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Y1

	
Y2

	
Y3




	
B

	
T

	
P

	
B

	
T

	
P

	
B

	
T

	
P






	
constant

	
0.678

	
28.26

	
0.023

	
−0.145

	
−7.76

	
0.016

	
0.162

	
17.28

	
0.037




	
X1

	
0.436

	
15.20

	
0.042

	
0.215

	
12.36

	
0.006

	
−0.132

	
−27.12

	
0.023




	
X2

	
−0.196

	
−19.71

	
0.032

	
-

	
-

	
-

	
0.092

	
36.65

	
0.017




	
X3

	
-

	
-

	
-

	
-

	
-

	
-

	
−0.114

	
−20.31

	
0.031




	
X1X2

	
0.035

	
15.65

	
0.041

	
−0.008

	
−4.79

	
0.041

	
−0.038

	
−33.81

	
0.019




	
X1X3

	
−0.051

	
−15.43

	
0.041

	
−0.018

	
−12.02

	
0.007

	
-

	
-

	
-




	
X2X3

	
0.032

	
9.72

	
0.065

	
0.019

	
13.01

	
0.006

	
-

	
-

	
-




	
X12

	
−0.091

	
−19.08

	
0.033

	
−0.034

	
−12.99

	
0.006

	
0.052

	
49.79

	
0.013




	
X32

	
-

	
-

	
-

	
-

	
-

	
-

	
0.031

	
27.62

	
0.023











 





Table 5. Selected results from NSGA2 model runs.
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	No.
	Al2O3 Mass%
	MgO Mass%
	R(CaO Mass%/SiO2 Mass%)
	30~60 μm Magnetite Ratio/%
	>60 μm Magnetite Ratio/%





	1
	1.82
	1.50
	1.84
	10.294
	2.291



	2
	1.81
	1.50
	1.84
	10.247
	2.292



	3
	1.78
	1.50
	1.84
	10.121
	2.298



	4
	1.78
	1.50
	1.87
	10.105
	2.301



	5
	1.77
	1.50
	1.84
	10.050
	2.305
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