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Abstract: In this study, we proposed a data-driven approach integrating machine learning and 
experimental validation for the intelligent formula design of melt purification agents for recycled 
aluminum. Five machine learning algorithms, including random forest regression (RFR), gradient 
boosting regression (GBR), extreme GBR, polynomial kernel support vector regression, and radial 
basis function kernel support vector regression, were comprehensively evaluated in terms of root mean 
square error, mean absolute error, and coefficient of determination. RFR was selected as the optimal 
model. Combined with Pearson correlation matrix and SHapley Additive exPlanations (SHAP) 
interpretability analysis, the influence mechanism of each component on the hot-cracking 
susceptibility and ultimate tensile strength of recycled aluminum alloy was clarified. Multi-objective 
optimization was carried out to minimize hot-cracking susceptibility and maximize tensile strength, 
and a novel melt purification agent primarily based on CeF3 (NF-GX) was developed. The predicted 
values of hot-cracking susceptibility and tensile strength of NF-GX are 189.97 and 207.80 MPa, 
respectively, while the corresponding experimental measured values are 214.00 ± 10.39       
and 191.33 ± 6.11 MPa, with relative errors of 11.23% and 8.61%. Comparative tests with three 
commercial purification agents show that NF-GX reduces the metal burn-off rate from 29.19 ± 1.36% 
to 21.30 ± 0.56%, and refines the average grain size from 191.64 ± 1.98 to 106.36 ± 0.92 μm. 
Microstructural characterization confirms that the synergistic effect of multi-component fluorides in 
NF-GX can effectively remove oxide inclusions, break continuous grain boundary liquid films, and 



539 

AIMS Materials Science  Volume 13, Issue 3, 538–559. 

induce heterogeneous nucleation, thereby achieving microstructure densification and grain refinement. 
This study demonstrates that machine learning-driven formula design can break through the limitations 
of the traditional empirical trial-and-error method, providing a new idea and method for the customized 
development of high-performance melt purification agents for recycled aluminum. 

Keywords: machine learning–driven design; melt purification agent; recycled aluminum alloy; grain 
refinement; property improvement 
 

1. Introduction  

The recycling and reutilization of aluminum resources represent a critical pathway for achieving 
sustainable development in the aluminum industry. Compared with primary aluminum production, 
recycled aluminum production can reduce energy consumption by approximately 90% and significantly 
decrease carbon emissions, delivering substantial economic and environmental benefits [1].  
However, owing to the complex and heterogeneous sources of recycled raw materials, elevated 
impurity levels, and poor stability of the smelting process, recycled aluminum products exhibit 
considerable performance fluctuations. Consequently, the stabilization of product quality and their 
deployment in high-performance applications face numerous technical bottlenecks. 

During scrap aluminum recycling, surface contaminants on raw materials and the heterogeneous 
nature of scrap sources inevitably lead to the introduction of non-metallic inclusions and dissolved 
impurity elements (H, Li, Na, Ca, Mg, and Fe) during the melting stage [2–5]. These impurities tend 
to form low-melting-point brittle eutectic phases in the final stages of solidification, distributing 
continuously or in a network-like morphology along grain boundaries. This significantly weakens 
grain boundary cohesion and induces hot cracking during solidification shrinkage [6–8]. Furthermore, 
impurity phases and oxide inclusions act as stress concentrators, severely degrading the tensile strength 
and ductility of the material, thereby hindering the recovery of mechanical properties of recycled 
aluminum to levels comparable to those of primary aluminum [9,10]. Therefore, high hot-cracking 
susceptibility and insufficient mechanical performance constitute the two core challenges restricting 
the efficient and high-value recycling of aluminum resources. 

Melt purification agents are critical auxiliary materials in the remelting process of recycled 
aluminum, effectively suppressing metal burn-off and reducing the generation of inclusions and 
oxidation products in the melt [9,11]. High-performance purification agents not only purify the 
aluminum melt and improve fluidity but also refine grain structures by promoting heterogeneous 
nucleation, thereby suppressing hot cracking at the source and enhancing mechanical properties [12]. 
Nevertheless, most commercially available melt purification agents are designed for primary 
aluminum systems, and their formulations fail to adequately address the complex and variable impurity 
characteristics inherent to recycled aluminum. This results in low purification efficiency in recycled 
aluminum melts, manifesting as excessive metal loss, aggravated oxidation, insufficient hot-cracking 
resistance, and limited improvement in mechanical properties. Hence, there is an urgent need to 
establish novel design methodologies for melt purification agents that are targeted at the impurity 
profiles of recycled aluminum, enabling customized and precise formulation control. 

To address these challenges, we propose an intelligent design methodology for melt purification 
agents based on machine learning. The extensive application of machine learning (ML) in materials 
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design has provided a novel technological paradigm for optimizing conventional processes. Moreover, 
researchers have primarily concentrated on the intelligent prediction of melt quality and optimization 
of process parameters. For instance, Kim et al. [13] employed Gaussian Process Regression (GPR) to 
achieve high-precision prediction of aluminum melt temperature and hydrogen content, validating the 
predictive advantages of ML under small-sample conditions. Datta et al. [14] integrated random forest 
with SHapley Additive exPlanations (SHAP) interpretability methods to quantitatively elucidate the 
nonlinear correlation between inclusion size and the mechanical properties of aluminum alloys, 
identifying critical threshold sizes of 5 μm and 10 μm, thereby furnishing quantitative quality-control 
benchmarks for impurity removal processes. 

However, researchers have predominantly focused on unidirectional mapping relationships, such 
as “process parameters–performance” or “alloy composition–performance,” whereas research directly 
addressing the formulation design of melt purification agents remains in its infancy. Zhang et al. [15] 
proposed a flux design strategy for the NaF–NaCl–Na2CO3–CaF2–Na3AlF6 system based on 
thermophysical parameters and thermodynamic calculations, screening the optimal formulation 
through contact angle and purification efficiency tests; however, this approach relies on empirical  
trial-and-error and extensive experimental validation. Chen et al. [16] constructed a Stacked    
Neural Network (SNN) by integrating 14 base models, significantly enhancing the prediction accuracy 
of mechanical properties. Cao et al. [17] applied a machine learning-driven efficient global 
optimization (EGO) method to the composition design of Al–Zn–Mg–Cu series alloys, successfully 
developing novel 7xxx series aluminum alloy compositions targeting stress corrosion cracking 
resistance, corroborating the substantial potential of machine learning in composition optimization of 
multi-component material systems. Consequently, ML exhibits distinctive advantages in the 
collaborative optimization of multi-component formulations, nonlinear relationship fitting, and  
multi-objective optimization, offering significant potential for overcoming the technical limitations of 
the traditional “empirical trial-and-error” paradigm [18,19]. 

The machine learning model established in this work was adopted to construct the quantitative 
relationship between purification agent components and the key performance indicators of recycled 
aluminum alloy after treatment, including hot-cracking susceptibility and ultimate tensile strength. 
Based on the research foundation, we systematically trained and compared machine learning 
algorithms and further developed a novel melt purification agent. Comparative tests were carried out 
with three commercial purification agents (FY-01, AJ-101A, AJ-01C) to systematically explore the 
regulation mechanism and action law of the self-developed purifier on the microstructure, hot cracking 
behavior, and mechanical properties of recycled aluminum alloys. The core novelty of this study lies 
in applying the machine learning assisted screening framework to the multi-component formula design 
of recycled aluminum melt purification agents and verifying the effectiveness of the optimized formula 
through experimental tests. 

2. Model construction and purification agent formula design 

2.1. Construction and preprocessing of the composition-property dataset 

Our core objective of this study was to overcome the limitations of relying on extensive physical 
trial-and-error in traditional formulation development and to establish a data-driven adaptive design 
framework. To achieve this and address the practical engineering challenges of high costs and 
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prolonged cycles associated with large-scale aluminum alloy melting and mechanical property 
prototyping, we moved away from the conventional approach of constructing large-scale datasets 
relying on pure experiments. Instead, an innovative strategy integrating “core preliminary experiments 
and physics-informed data augmentation” was adopted to construct an industrially representative 
dataset comprising 201 independent samples. Among these, 60% were augmented data derived from 
the parameter ranges of the preliminary fundamental experiments. To prevent the loss of physical 
significance caused by purely mathematical random generation and to fulfill the requirements of 
complex machine learning models for exploring the data feature space, the generation of synthetic data 
strictly adhered to the following two physical and engineering principles [20]: (1) Local Gaussian 
perturbation based on engineering constraints: considering the inevitable fluctuations during the 
weighing and mixing of melt purification agent components in industrial production, we utilized the 
proportional ranges from the preliminary core experiments as anchor points to introduce local Gaussian 
perturbations to the core slag-forming components (e.g., NaCl and KCl ) and key modifiers (e.g.,CeF3 
and CaF2 ). This enabled the model to pre-learn the nonlinear impact of “compositional fluctuations” 
on the final performance, thereby effectively simulating authentic engineering error margins.         
(2) Performance mapping incorporating metallurgical prior knowledge: when generating comparative 
samples across a broader span, their performance labels were not randomly assigned; instead, a 
directional penalty function was constructed based on classical aluminum melt refining mechanisms. 
With reference to the physical principles of degassing and impurity removal mechanisms by fluoride 
salts documented in the literature, we incorporated the semi-empirical impact trends of the “fluoride 
equivalent” within the system on the hot cracking susceptibility and tensile strength. Furthermore, 
Gaussian white noise was superimposed during the mapping process to simulate testing errors. 
Consequently, the synthetic data not only covered a broader feature space but also inherently 
possesssed the correct directional gradients of physical evolution. Within this framework, the model’s 
input feature space (X) was defined by 12 typical inorganic salt components. The model’s output  
labels (Y) were designated as the hot cracking susceptibility (HCS) and ultimate tensile strength (UTS), 
two critical indicators that directly dictate the casting yield and service load-bearing capacity of 
recycled aluminum. To further ensure data quality and explicitly incorporate material science 
knowledge, the raw data underwent systematic preprocessing. This included zero-value physical 
mapping imputation for missing components, outlier detection using the 3σ rule, boxplot methods, 
and total-sum normalization (mass conservation constraints) to ensure that the components of each 
sample strictly equaled 100%. These rigorous preprocessing steps compelled the subsequent 
algorithms to focus on capturing the intrinsic complex mapping relationship between the relative 
proportional distribution of components and the macroscopic properties. 

2.2. Principles and hyperparameter configuration of machine learning regression algorithms 

When predicting the mechanical and casting properties of alloys, regression algorithms such as 
Random Forest, Support Vector Machine, and Artificial Neural Networks are commonly employed in 
the literature. However, considering that artificial neural networks typically require massive datasets 
for training, we systematically selected and utilized five representative regression models. This selection 
was tailored to accommodate the data scale of this research, leverage the advantages of traditional 
machine learning models in mitigating overfitting on small-to-medium-scale or high-dimensional 
tabular data, and comprehensively compare the fitting and predictive performances of different 
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underlying algorithms within the multi-dimensional feature space of melt purifiers. Furthermore, to 
ensure the objectivity of the horizontal comparison among algorithms, mitigate potential overfitting 
risks, and guarantee the complete reproducibility of the experimental results, rigorous and unified 
configurations were applied to the core hyperparameters of each model based on statistical learning 
theory. The specific configuration criteria and theoretical bases were as follows [21–23]: (1) decision 
tree-based ensemble learning models. Three classical ensemble learning algorithms were selected in 
this study: Random Forest Regressor (RFR), Gradient Boosting Regressor (GBR), and Extreme 
Gradient Boosting Regressor (XGBR). For this models, two core parameter constraints were primarily 
implemented: balanced configuration of base learner scale; and the number of base learners 
constructed for all three ensemble algorithms was uniformly set to 100. A scale of 100 decision trees 
was sufficient to ensure that the models significantly reduced prediction variance through majority 
voting mechanisms or gradient descent strategies. Furthermore, this scale effectively avoided the 
diminishing marginal utility caused by an overly massive tree network, thereby preventing 
computational resource waste and the increased risk of overfitting. A strict fixation of the global 
random state was: given that the underlying mechanisms of ensemble learning algorithms involved 
random processes, a global random seed was strictly fixed during model construction and dataset 
splitting to ensure absolute consistency of the input baselines for each algorithmic iteration. (2) Support 
Vector Machine models (SVM_ Poly, SVM_RBF). For Support Vector Regression, we introduced the 
polynomial kernel function (poly) and the radial basis function kernel (RBF) to map the 12-dimensional 
formulation features of the melt purifiers into a higher-dimensional space to identify the optimal 
regression hyperplane. Unified configuration of the regularization penalty coefficient: in SVM models, 
the regularization penalty coefficient was the core parameter governing the error tolerance of the  
model, directly dictating the trade-off between model bias and variance. Moreover, we uniformly 
calibrated the penalty coefficients for both kernel functions to the classical balanced baseline value. If 
this value was set too high, the model would severely penalize every training error, leading to excessive 
distortion of the high-dimensional fitting surface and resulting in overfitting. Conversely, if set too 
low, the model constraints became overly relaxed, easily causing the omission of critical formulation 
features and leading to underfitting. Adopting a unified balanced baseline value entailed going from 
extreme hyperparameter tuning tailored to a single algorithm, aiming to provide a fair platform for 
algorithmic comparison. This baseline comparison authentically and objectively reflected the intrinsic 
feature-capturing capabilities and generalization robustness of different kernel functions when dealing 
with the complex, multivariate data of recycled aluminum melt purifiers. 

2.3. Dynamic evaluation strategy for model generalization performance 

In traditional materials machine learning research, datasets are conventionally partitioned using 
a single static ratio (e.g., 8:2), an approach that fails to comprehensively capture the generalization 
responses of models to varying data scales [24]. To address this limitation, built upon a unified core 
algorithmic architecture, we introduced a learning curve analysis mechanism to systematically 
evaluate the fitting capabilities of various algorithms within the feature space. The execution logic was 
as follows: (1) systematic variation of training set capacity: to investigate the specific impact of the 
training data volume on the predictive performance of the models, we systematically established seven 
training set ratio gradients, ranging from 30% to 90% with a fixed step size of 10%. This        
multi-systematic variation strategy aimed to objectively depict the evolutionary trajectories of the  
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anti-overfitting capabilities and predictive accuracies of algorithms when exposed to different data 
scales. (2) Hold-out validation under strict variable control: at each specific ratio gradient, the    
hold-out method was employed to perform a strict partitioning of the 201-sample dataset into training 
and testing sets. To ensure the rigor of the horizontal comparison, a global random seed was strictly 
fixed during the data splitting phase. This foundational design guaranteed that, at any given 
partitioning ratio, the distributions of the training samples employed and the validation sample 
trajectories remained consistent across all five machine learning models. Although a single hold-out 
iteration inherently retained some degree of data specificity, by locking the random seed, we 
effectively isolated the confounding variables introduced by sampling fluctuations, thereby ensuring 
the objectivity and relative fairness of the multi-algorithm performance evaluation [25,26]. 

2.4. Evaluation metrics for model predictive performance 

Table 1 lists the chemical composition and primary impurity contents of the recycled aluminum 
alloy used in this study, which belongs to the low-Zn 7xxx series recycled aluminum. 

Table 1. Composition and content of recycled aluminum in this study. 

Elemental Mg Si Fe Cu Mn Zn Cr Other impurities Al 

Value (%) 0.84 0.14 0.093 0.68 0.14 1.53 0.21 <0.3 Balance 

To rigorously evaluate model performance and determine the optimal predictive tool, we 
established a systematic framework for model training and evaluation. Independent predictive models 
were developed for hot cracking susceptibility and tensile strength, and Model performance was 
comprehensively evaluated using three metrics: root mean square error (RMSE, Eq 1), coefficient of 
determination (R2, Eq 2), and the mean absolute error (MAE, Eq 3). 
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In the equations, 𝑖 denotes the index of each sample included in the evaluation, and 𝑛 is the total 
number of samples. 𝑦𝑖 and 𝑦ො௜  represent the experimental and predicted values of the 𝑖 sample, 
respectively, while 𝑦ത is the mean of the experimental values for all samples. MAE and RMSE reflect 
the overall deviation between the experimental and predicted values across all samples, whereas R2 
measures the correlation between them. A high-accuracy machine learning model is characterized by 
a larger R2 and smaller MAE and RMSE values. 

Using the above formulas, the performance metrics of five regression models were calculated 
under different training set ratios. Line graphs were then employed to systematically compare model 
performance in predicting hot-cracking susceptibility and tensile strength. 
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For the prediction of hot-cracking susceptibility, as illustrated by the RMSE and MAE line charts 
in Figure 1, the prediction errors did not exhibit a monotonic decrease as the training set proportion 
increases. Instead, when the training set ratio ranged from 0.3 to 0.8, the errors of the models fluctuated 
within a certain range. However, when the training set ratio reached an extreme of 0.9, RMSE and 
MAE for all models increased significantly, indicating a significant deterioration in predictive 
performance. This phenomenon was primarily attributed to the excessively small test set at this ratio, 
which induced high variance and instability in the evaluation results. Notably, RFR and GBR 
demonstrated the best overall stability and the lowest error levels. In contrast, XG Boost performed 
sub optimally, with prediction errors noticeably higher than those of RFR, GBR, and SVM_ Poly. 
Support Vector Regression with a radial basis function kernel (SVM_RBF) consistently exhibited the 
largest prediction errors across all partitioning ratios. 

 

Figure 1. Effect of training set proportion on (a) RMSE; (b) R2; and (c) MAE for hot 
tearing coefficient prediction. 

For tensile strength prediction, all models achieved better overall predictive accuracy relative to 
hot-cracking susceptibility, as illustrated in Figure 2 RFR, GBR, and SVM _Poly achieved the best 
predictive results. For training set ratios between 0.3 and 0.8, these three models maintained low RMSE 
and MAE values and exhibited consistently high coefficients of determination (R2 approaching 0.9), 
indicating their effectiveness in capturing the complex nonlinear relationships between tensile strength 
and melt purification agent composition. However, similar to the trend observed in hot-cracking 
susceptibility, when the training set ratio reached the extreme of 0.9, the errors for all models showed 
a noticeable exhibit a significant increase due to the drastic reduction in test set samples. Furthermore, 
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the overall predictive accuracy of XG Boost was distinctly inferior to the aforementioned three models, 
with its errors demonstrating a gradual upward trend as the training set ratio increased. Moreover, 
SVM_RBF displayed significant instability, exhibiting excessively high errors at smaller training 
sample sizes. 

 

Figure 2. Effect of training set proportion on (a) RMSE; (b) R2; and (c) MAE for tensile 
strength prediction. 

To comprehensively evaluate the overall performance of the algorithms across dual prediction 
targets and training set ratio gradients, we introduced a comprehensive scoring metric based on 
normalization. Considering that the root mean square error (RMSE) carries actual physical       
units (e.g., MPa) and cannot be directly subjected to algebraic operations with the dimensionless 

coefficient of determination (R2), we extracted the average R2 (R2) and the average RMSE (RMSE) of 
each model across all training set ratios. The RMSE was then mapped to a 0-1 interval via Min-Max 
normalization (RMSEnorm). To ensure that a lower error positively contributed to the final score, the 
normalized RMSE was inverted as (1-RMSEnorm). The comprehensive score (Score, out of 100) was 
calculated as shown in Eq 4: 

Score= ቀw1×R2+w2×(1RMSEnorm)ቁ ×100                                         (4) 

In the main analysis, the weight factors were set as w1 = w2 = 0.5 to give equal importance to goodness 
of fit and absolute error control capability. Furthermore, to ensure the objectivity of model selection 
and eliminate potential bias from specific weight assignments, sensitivity analyses were conducted 
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using alternative weighting schemes (e.g., 0.6/0.4 and 0.4/0.6). The consistent ranking results across 
these schemes confirmed that the selection of the RFR model was robust and independent of the 
specific weighting configuration. 

A higher comprehensive score indicated better overall predictive performance of the algorithm. 
The calculated results, illustrated in Figure 3, demonstrated that the RFR model achieved the highest 
score among the five algorithms. This model consistently maintained high accuracy and stability across 
both prediction tasks. Therefore, we selected RFR as the core predictive model for the subsequent 
formulation optimization. 

 

Figure 3. Scores of machine learning models. 

2.5. Mechanism analysis of composition-property mapping based on model interpretability and 
feature engineering 

To break the “black-box” nature of machine learning and elucidate the intrinsic driving 
mechanisms of various melt purifier components on the final properties of recycled aluminum alloys, 
we integrated a feature correlation matrix with the SHAP framework to conduct an in-depth global 
interpretability analysis of the best-performing RFR model. 

Figure 4 displays the Pearson correlation coefficient matrix among the 12 inorganic salt features. 
Here, NaCl and KCl exhibited a highly positive correlation (r = 0.83), which accurately reflected the 
a priori engineering fact that the industry typically utilized equimolar or fixed-ratio chloride salts as 
the base flux. Notably, the base salts (NaCl and KCl) showed significant negative correlations (ranging 
from 0.61 to 0.71) with the core functional additives in the system (e.g., Na2SiF6, NaF, Na2SO4, 
CaCO3). This feature distribution indicated a “trade-off under mass conservation constraints” in 
formulation design: increasing the proportion of active salts to enhance specific metallurgical  
functions (such as degassing, slagging, or exothermic reactions) inevitably diluted the concentration 
of the base salts. This provided a critical material constraint background for subsequently interpreting 
the model’s predictive behavior. 
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Figure 4. Pearson correlation heatmap of 12 key components in melt purification agents. 

Figure 5a reveals the global feature contributions when the RFR model predicted the hot tearing 
coefficient. In the SHAP summary plot, features were ranked from top to bottom based on their mean 
absolute impact on the model output, with red dots representing high concentrations of the feature and 
blue dots representing low concentrations. The results indicated that Na2SiF6, CaCO3, and Na2SO4 are 
the dominant factors affecting the hot cracking performance of the alloy. The plot shows that high 
values (red dots) for these three components are concentrated in the positive SHAP value region (i.e., 
they drove up the hot tearing coefficient, exerting a deteriorating effect). From a metallurgical physical 
mechanism perspective, the high-temperature decomposition of CaCO3 generated rapid gas evolution, 
while excessive Na2SO4 could trigger exothermic reactions. These significant physicochemical 
interactions could easily disrupt the fragile dendritic interlocking skeleton of 7xxx series high-strength 
aluminum alloys during the terminal stage of solidification, thereby significantly increasing the risk of 
liquid film tearing. Conversely, high values of NaCl and KCl (red dots) were distributed in the negative 
SHAP value region, indicating that a sufficient base chloride melt provided a stable refining 
environment, effectively mitigating hot cracking susceptibility. For the global SHAP explanation for 
tensile strength shown in Figure 5b, the influence of Na2SO4 became the dominant factor and exhibited 
a significant detrimental effect: highly negative SHAP values (significantly reducing mechanical 
properties). This suggested that in the melting system of 7xxx series recycled aluminum, sulfates may 
introduce difficult-to-remove sulfide inclusions or exacerbate the oxidation melting loss of the melt, 
acting as a “critical defect initiation site” for mechanical properties. Concurrently, NaCl and KCl once 
again demonstrated a beneficial effect on strength (red dots correspond to positive SHAP values). 
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Figure 5. SHAP summary plots of the optimal RFR model for predicting: (a) hot tearing 
coefficient and (b) tensile strength. 

Based on the evaluation results, the RFR model was selected to guide the design of the 
purification agent and predict its performance indicators. By predicting and screening candidate 
compositions, a novel melt purification agent primarily based on CeF3 (NF-GX) was successfully 
developed. The detailed chemical composition of NF-GX is presented in Table 2, and its corresponding 
predicted performance indicators are summarized in Table 3. 

Table 2. Composition and content of NF-GX. 

Composition NaCl KCl CeF3 NaF Na2SO4 MgCl2 CaF2 Na3AlF6 KBF4 Na2CO3 

Value (%) 30.02 30.05 11.94 0.01 0.05 5.01 7.99 4.84 4.91 5.18 

Table 3. Predicted values for NF-GX performance. 

3. Materials and methods 

3.1. Materials 

In this study, a recycled aluminum alloy with a composition consistent with the model training 
dataset (see Table 1) was selected as the experimental material to evaluate the purification performance 
of the novel melt purification agent. The composition of the novel agent was determined based on 
predictions from the RFR model and was designated NF-GX, with its specific composition listed in 
Table 2. For comparative evaluation, three commercially available general-purpose melt purification 
agents (FY-01, AJ-101A, and AJ-01C) were selected as reference samples. The chemical compositions 
of these agents are presented in Tables 4 to 6. 

Performance index HCS UTS (Mpa) 

Predicted value 189.97 207.80 
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Table 4. Composition and content of FY-01. 

Composition NaCl KCl CaCO3 NaF Production company 

Value (%) 45 35 15 5 Zhenghua Die Casting 

Table 5. Composition and content of AJ-101A. 

Composition NaCl KCl Na2SiF6 Na2SO4 Production company 

Value (%) 50 40 6 4 Sichuan Land 

Table 6. Composition and content of AJ-01C. 

Composition NaCl KCl Na2SiF6 MgCl2 CaCO3 NaF Production company 

Value (%) 40 35 7 5 5 8 Devi Technology 

3.2. Experimental methods 

All comparative experiments in this study were performed under uniform and standardized 
conditions with strict control of raw materials, melting parameters, purification agent dosage, and 
testing procedures to ensure result repeatability and statistically significant differences between  
groups. The addition amount of the melt purification agent was uniformly set at 0.3 wt%, which was 
determined as the optimal dosage based on industrial practice and preliminary experiments. This 
dosage ensured sufficient purification efficiency while avoiding adverse effects caused by excessive 
flux. The melt purification agent was tightly wrapped in aluminum foil and pressed into 2 kg of 
recycled aluminum preheated to the semi-solid state at 610 ± 5 ℃ (solid–liquid two-phase region). 
The temperature was raised to 720–740 ℃ at a rate of 10 ℃/min using a programmed resistance 
furnace to fully melt the alloy, after which surface dross was promptly skimmed off. No additional 
argon degassing was conducted during the experiments. The melt was held at 720 ℃ for 5 min to 
enable sufficient flotation of inclusions, after which surface dross was skimmed again immediately 
before casting. 

Oxidation loss rate measurement: a fixed mass of recycled aluminum was used for each group. 
The initial mass of raw material before melting and the total mass of qualified castings after melting 
and casting were recorded separately. The oxidation loss rate was calculated as follows: oxidation loss 
rate = (initial total mass  total mass of castings)/initial total mass × 100%. Triplicate parallel 
experiments were conducted for each group, and the results are expressed as mean ± standard deviation. 

The hot-cracking susceptibility of the alloy was evaluated using a constrained bar hot-crack mold. 
The mold cavity contained four cylindrical constraint bars, each with a diameter of 9.5 mm and lengths 
of 51, 89, 127, and 165 mm. One end of each bar was constrained by a Φ29 mm sprue, and the other 
end by a Φ19 mm spherical cavity, with a center-to-center spacing of 38 mm. For each alloy, three 
hot-crack samples were cast. The length, position, and severity of cracks along the constraint bars were 
visually inspected, and the hot-cracking susceptibility coefficient (HCS) was calculated as Eq 5: 

HCS= ∑(Fl×Flc×Fc)                              (5)   
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where Fl, Flc, and Fc are the weighting factors corresponding to crack length, position, and severity, 
respectively. Higher HCS values indicated greater susceptibility to hot cracking. 

Tensile tests were carried out at room temperature using a WDW-100E microcomputer-controlled 
electronic universal testing machine with a rated load of 100 kN and a crosshead speed of 1 mm/min. 
Three parallel specimens were tested for each group, and the results are presented as mean ± standard 
deviation. Specimens with dimensions of 15 × 15 × 5 mm were cut from the same position of each 
casting using a wire-cut electrical discharge machine. The specimens were successively ground with 
abrasive papers from 180# to 2000# and then polished to a scratch-free mirror surface using a P-1 
metallographic polishing machine. The polished specimens were etched with Keller’s reagent       
for 15 s, rinsed with distilled water and anhydrous ethanol sequentially, and dried by cold air. 
Microstructural observations were performed under an IE-300W inverted metallurgical microscope  
at 200× magnification. The morphology and distribution of inclusions as well as tensile fracture 
characteristics were analyzed using a ZEISS EVO 18 scanning electron microscope (SEM) operated 
at an accelerating voltage of 20.00 kV equipped with an energy-dispersive X-ray spectrometer (EDS). 
The average grain size was quantitatively determined using Image-Pro Plus 6.0 software based on at 
least 10 fields of view for each specimen to systematically evaluate the effect of melt purification 
agents on the microstructure of recycled aluminum alloys. 

4. Results and discussion 

4.1. Effect of different melt purification agents on the oxidation loss of recycled aluminum 

The oxidation loss rate reflected the protective ability of melt purification agents on the melt 
surface. The oxidation loss of recycled aluminum treated with different melt purification agents is 
shown in Figure 6. The control group (without any melt purification agent) exhibited a loss rate     
of 29.19 ± 1.36%. The oxidation losses of the experimental groups were reduced to 23.78 ± 0.68% for 
FY-01, 26.14 ± 0.19% for AJ-101A, 24.66 ± 0.37% for AJ-01C, and 21.30 ± 0.56% for the machine 
learning–designed NF-GX. The results indicated that the use of melt purification agents can 
significantly reduce the oxidation loss of recycled aluminum. Among them, NF-GX exhibited the best 
protective effect, with a loss rate nearly 10% lower than the control group. Its superior performance 
was mainly attributed to its multi-component composition, containing 11.94% CeF3, 7.99% CaF2, 4.84% 
Na3AlF6, and 4.91% KBF4, which formed a multicomponent protective system. In contrast, other 
commercial melt purification agents were primarily binary systems composed of NaCl and KCl, 
providing relatively limited protection. The synergistic action of multiple fluorides in NF-GX enabled 
the formation of a denser protective layer on the melt surface, effectively isolating the melt from 
oxygen and thereby significantly reducing the oxidation loss of alloying elements. 
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Figure 6. Oxidation loss of recycled aluminum treated with different melt purification agents. 

4.2. Effects of different melt purification agents on hot-cracking and mechanical properties 

The hot-cracking susceptibility and mechanical properties of the recycled aluminum alloy under 
different melt purification treatments are presented in Figure 7. The untreated alloy exhibited a high 
HCS of 325.33 ± 11.55, indicating a strong tendency for hot cracking during the final stage of 
solidification. After the addition of conventional melt purification agents (FY-01, AJ-101A, and   
AJ-01C), the HCS values decreased to 318.67 ± 11.55, 301.33 ± 9.24, and 293.33 ± 4.62, 
corresponding to reductions of 2.04%–9.83%. This result indicated that conventional agents can 
partially alleviate hot cracking. In contrast, treatment with the novel melt purification agent NF-GX 
reduced the HCS markedly to 214.00 ± 10.39, representing a 34.22% decrease compared with the 
untreated alloy and the best resistance to hot cracking. The model predicted an HCS value of 189.97 
for this formulation, corresponding to a relative error of 11.23%. 

As shown in Figure 7a, the untreated alloy exhibited a tensile strength of 152 ± 3 MPa. All    
melt purification treatments resulted in higher tensile strength. The tensile strength increased to   
169.33 ± 3.51 MPa for FY-01, 172.00 ± 3MPa for AJ-101A, and 178.33 ± 3.06 MPa for AJ-01C, 
corresponding to improvements of 11.4%–17.32%. The highest tensile strength, 191.33 ± 6.11 MPa, 
was achieved with NF-GX, representing a 25.87% increase compared with the untreated alloy and 
indicating a pronounced strengthening effect. The predicted tensile strength for this formulation   
was 207.80 MPa, corresponding to a relative error of 8.61%. 

The simultaneous improvement in hot-cracking resistance and tensile strength can be explained 
by liquid-film theory and melt purification mechanisms [6,27–30]. In the untreated alloy, continuous 
low-melting liquid films readily form along grain boundaries. Moreover, oxide inclusions act as stress 
concentrators and stabilize these liquid films by modifying the eutectic distribution. As a result, hot 
cracking occurs easily under solidification shrinkage stresses. Conventional purification agents, such 
as FY-01, mainly remove inclusions through physical adsorption. This process reduces the continuity 
of grain-boundary liquid films and leads to moderate improvements in hot-cracking behavior and 
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mechanical properties. By contrast, the NF-GX composite agent, based on the synergistic effects of 
the CeF3–KBF4–Na3AlF6 system, enables deeper melt purification and significant grain refinement. 
This treatment breaks continuous liquid films into discontinuous, isolated regions. In addition, the 
segregation of active elements at grain boundaries alters the physicochemical properties of the liquid 
films. These effects enhance grain-boundary cohesion and healing at high temperatures, thereby 
markedly reducing hot-cracking susceptibility while improving tensile strength. 

 

Figure 7. Effects of different melt purification agents on the hot-cracking behavior and 
mechanical properties of the alloy: (a) hot-cracking susceptibility coefficient and UTS;  
and (b) stress-strain curve. 

4.3. Effect of melt purification agents on the microstructure of recycled aluminum alloy 

To investigate the influence of melt purification agents on the as-cast microstructure of recycled 
aluminum alloy, samples treated with different agents were analyzed by optical microscopy, SEM, 
EDS, and tensile fracture surface observation. The optical microscopy results in Figure 8 show that 
the untreated alloy exhibits coarse dendritic grains with an average size of 191.64 ± 1.98 μm. The 
addition of melt purification agents achieved obvious grain refinement, and the refining effect was 
enhanced with the increase in compositional complexity of the purifiers. The average grain size    
was reduced to 138.14 ± 0.98 μm by FY-01, approximately 115.45 ± 0.87 μm by AJ-101A,        
and 115.16 ± 1.02 μm by AJ-01C. In comparison, the newly developed NF-GX further refined the 
grains to 106.36 ± 0.92 μm. The superior refinement achieved by NF-GX was attributed to its    
multi-component system (CeF3, KBF4, Na3AlF6), which likely formed high-melting-point dispersoids 
such as CeO2 and AlB2, serving as effective heterogeneous nucleation sites. 
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Figure 8. As-cast microstructures of the recycled aluminum alloy treated with different 
melt purification agents: (a) control group; (b) FY-01; (c) AJ-101A; (d) AJ-01C; (e) NF-
GX; and (f) average grain size. 

SEM and EDS analyses, shown in Figure 9, provided further insight into microstructural changes. 
The untreated sample showed significant oxide inclusion aggregation and microporosity at grain 
boundaries. The EDS point scan results (as shown in Table 7) indicated oxygen contents of 28.18 at.% 
and 23.75 at.% at points A and C, respectively, confirming the presence of abundant Al2O3 inclusions, 
while point B exhibited high carbon content (22.31 at.%), suggesting residual carbon contamination 
from the melting process. FY-01 partially removed inclusions but local aggregation remained.     
AJ-101A further reduced oxide content, likely due to micro-scale agitation from the decomposition of 
Na2SiF6 and Na2SO4, promoting inclusion flotation. NF-GX-treated samples displayed clean grain 
boundaries and a dense microstructure, with no large inclusions. Its multi-component fluoride system 
could decompose oxide films, dissolve Al2O3, and promote inclusion aggregation and flotation, leading 
to superior melt purification. AJ-01C produced uniform microstructure, but minor residues from 
MgCl2 and CaCO3 slightly reduced densification. 
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Figure 9. SEM surface morphologies of the recycled aluminum alloy treated with different 
melt purification agents: (a) control group; (b) FY-01; (c) AJ-101A; (d) AJ-01C; and    
(e) NF-GX. 

Table 7. EDS point analysis results at locations A, B, and C in Figure 9. 

Element Point A (at.%) Point B (at.%) Point C (at.%) 

Al 67.21 69.92 53.35 

O 28.18 5.20 23.75 

C 3.38 22.31 15.94 

Mg 0.77 1.16 1.22 

Cu 0.07 0.41 0.27 

Fe 0.04 0.05 0.14 

Fracture surface analysis, shown in Figure 10, indicated that the untreated sample exhibited 
typical brittle features with prominent cleavage planes and few dimples. EDS (as shown in Table 8) 
revealed the presence of MgO, Fe-rich oxides, and carbon-based contaminants. FY-01 increased dimple 
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density, but cleavage remained. AJ-101A showed more uniform dimples, reflecting better purification. 
NF-GX produced fully ductile fracture surfaces with evenly distributed dimples and no large inclusions, 
demonstrating its efficient oxide removal. AJ-01C exhibited intermediate fracture characteristics. 
 

 

Figure 10. Tensile fracture morphologies of the recycled aluminum alloy treated with 
different melt purification agents: (a) control group; (b) FY-01; (c) AJ-101A; (d) AJ-01C; 
and (e) NF-GX. 
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Table 8. EDS point analysis results at locations A and B in Figure 10. 

Element Point A (at.%) Point B (at.%) 

Al 37.76 25.04 

O 36.05 13.89 

C 19.29 59.74 

Mg 5.38 0.47 

Fe 0.67 - 

Si 0.84 0.30 

Na - 0.36 

Ca - 0.20 

In conclusion, all melt purification agents effectively improved the as-cast microstructure and 
fracture ductility of recycled aluminum by purifying the melt and providing heterogeneous nucleation 
sites. The newly designed melt purification agent NF-GX, developed via machine learning, exhibited 
the most pronounced grain refinement and inclusion removal due to its multi-component system. 

5. Conclusions 

In this study, we propose a data-driven design strategy for melt purification agents that integrates 
machine learning, experimental validation, and microstructural characterization, and verify its 
effectiveness in improving the hot-cracking resistance and mechanical properties of recycled 
aluminum alloys. This work provides an innovative paradigm for formula development toward   
high-quality and high-performance recycling of recycled aluminum, effectively breaking through the 
industrial bottlenecks of traditional empirical trial-and-error methods, such as long development cycles, 
high experimental costs, and heavy reliance on empirical experience. It also facilitates the large-scale 
replacement of primary aluminum by recycled aluminum in automotive, high-performance equipment 
and other engineering fields. Moreover, the established machine learning framework for multi-objective 
optimization and composition–property correlation analysis exhibits excellent generalization and 
transferability, which can be readily extended to the customized design of melt purification agents for 
other non-ferrous alloy systems, including magnesium and copper alloys, as well as for recycled alloys 
with different impurity characteristics. The major conclusions are summarized as follows: 

1. Five machine learning models were evaluated using MAE, RMSE, R2, and a comprehensive 
scoring index. RFR showed superior predictive performance for hot-cracking susceptibility and tensile 
strength. It was consequently adopted as the core model for designing the new melt purification agent. 

2. All melt purification agents significantly improved the comprehensive properties of the 
recycled aluminum alloy, among which the self-developed NF-GX exhibited the optimal modification 
effect. The model predicted hot-cracking susceptibility and tensile strength of NF-GX of 189.97   
and 207.80 MPa, respectively, and the corresponding experimental values were 214.00 ± 10.39    
and 191.33 ± 6.11 MPa, respectively, with relative errors of 11.23% and 8.61%, respectively, 
confirming reliable prediction accuracy of the machine learning model. After treatment with NF-GX, 
the oxidation loss decreased from 29.19 ± 1.36% to 21.30 ± 0.56%, the hot-cracking susceptibility 
coefficient reduced from 325.33 ± 11.55 to 214.00 ± 10.39, the tensile strength increased        
from 152 ± 3 to 191.33 ± 6.11 MPa, and the average grain size was refined from 191.64 ± 1.98       
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to 106.36 ± 0.92 μm. Microstructural analysis indicated that NF-GX can effectively refine grains, 
remove oxide inclusions, and improve microstructure compactness, thereby simultaneously reducing 
oxidation loss and hot-cracking susceptibility and enhancing the mechanical properties of recycled 
aluminum alloy. 

3. Correlation analysis revealed synergistic and competitive interactions among components. The 
machine learning–designed NF-GX operated through a coupled mechanism of deep melt purification 
and enhanced heterogeneous nucleation, providing a mechanistic basis for data-driven formulation 
design and microstructure–property optimization in recycled aluminum alloys. 
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