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Abstract

:

This study investigates the fabrication, wear characterization, and coefficient of friction (COF) prediction of open-cell AlSn6Cu–Al2O3 composites obtained by a liquid-state processing technique. Focusing on wear behavior under varying loads using the pin-on-disk method, this research characterizes microstructure and phase composition via SEM, EDS, and XRD analyses. A novel aspect of this research is the application of an LSTM recurrent neural network model for the fast and accurate prediction of the COF of the composites, eliminating the need for extensive experimental work. Additionally, feature importance analysis using Random Forest regressors is conducted to ascertain the relative contribution of each input variable to the output variable, enhancing our understanding of the wear mechanisms in these materials. The results demonstrate the effectiveness of the composite’s reinforcement in improving wear resistance, highlighting the critical role of mechanical stress and the reinforcement’s hardness in the wear process. The quantitative findings related to the wear behavior include a mass-wear reduction in the open-cell AlSn6Cu–Al2O3 composite from 8.05 mg to 1.90 mg at 50 N and a decrease from 17.55 mg to 8.10 mg at 100 N, demonstrating the Al2O3 particles’ effectiveness in improving wear resistance under different loads.
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1. Introduction


Aluminum-based metal matrix composites (AMMCs) are a notable innovation in the field of materials science, providing an optimal balance of reduced weight and improved mechanical robustness. These composites are particularly valued for their wear resistance, making them ideal for applications in sectors demanding high performance and durability, such as the automotive, aerospace, and defense industries [1,2]. The integration of aluminum alloys with various reinforcements, including ceramic particles or fibers, and the development of open-cell structures lead to materials that exhibit superior properties compared to their base metals. These properties include improved stiffness, strength, thermal stability, and enhanced thermal management and energy absorption capabilities, which are critical for specific applications [3,4].



Open-cell AMMCs, with their interconnected porosity, offer unique advantages such as improved energy absorption, which is crucial for impact resistance in automotive and aerospace applications [5]. The porous structure also facilitates better thermal management through enhanced heat dissipation, addressing one of the critical challenges in high-performance engineering applications [6,7].



Despite their numerous advantages, AMMCs, including those with open-cell structures, face several challenges that limit their widespread adoption. One of the main issues is their poor machinability, which complicates the manufacturing process and increases production costs [8,9]. The high cost of raw materials and processing poses a significant barrier to their use in cost-sensitive applications [10]. Additionally, difficulties in joining AMMCs with other materials can restrict their application in complex assemblies [11,12]. These challenges necessitate the development of new composite materials and processing techniques that can overcome these limitations while retaining or enhancing the desirable properties of AMMCs [5].



The exploration of open-cell AMMCs signifies a promising direction for overcoming the limitations of traditional AMMCs. By leveraging the inherent benefits of open-cell structures, researchers and engineers can develop composites that not only meet the high-performance criteria of demanding sectors but also offer solutions to the existing challenges of machinability, cost, and material integration [13,14,15].



Consequently, amidst these considerations and advances within the realm of AMMCs, the exploration of sintered aluminum–tin (Al–Sn) composites has emerged as a promising avenue for enhancing the understanding of wear mechanisms and improving the wear properties of AMMCs. Recent studies have illuminated the profound impact of alloying elements and processing methods on the wear resistance and mechanical characteristics of these composites under dry friction conditions.



For instance, the inclusion of tin-insoluble elements such as zinc (Zn) and silicon (Si) has been explored to bolster the tribotechnical and mechanical performance of Al–40Sn composites. Notably, sintering above the melting point of tin can introduce residual porosity that detrimentally affects strength, ductility, and wear resistance, whereas techniques like hot pressing and equal-channel angular pressing (ECAP) have shown potential to enhance these properties by diminishing porosity. Zinc-alloyed matrices, in particular, have exhibited superior wear resistance compared to their silicon-alloyed counterparts, underscoring the nuanced interplay between alloying elements and wear properties [16]. Further investigations have also demonstrated the strategic alloying of the aluminum matrix with zinc in Al–Sn alloys to improve yield strength and wear resistance, though the advantages become less pronounced under elevated pressures, revealing the complexity of wear mechanisms in these composites [17]. Additional studies incorporating Al3Fe particles into Al–Sn composites through liquid-phase sintering and pressing have achieved consistent strength and enhanced wear resistance across varying sintering temperatures [18]. Comparative analyses suggest that prefabricated Al3Fe particles more effectively contribute to the mechanical properties and wear resistance of Al–Sn–Fe alloys compared to pure iron powders, proposing a strategic approach to composite design [19]. Furthermore, research into directionally solidified Al–Sn–Cu and Al–Sn–Si alloys has shed light on the relationship between microstructure and tribological properties, indicating that finer microstructures in Al–Sn–Si alloys lead to increased tensile strength and potentially improved wear properties [20]. This body of research collectively advances our comprehension of wear behavior in Al–Sn composites and, by extension, AMMCs, offering valuable insights into optimizing their wear properties for engineering applications.



Building on the comprehensive overview of AMMCs and their significance in various high-demand sectors due to their enhanced wear resistance and mechanical properties, the integration of machine learning (ML) techniques in the prediction and optimization of these properties represents a cutting-edge progression in materials science. The recent advent of artificial intelligence (AI) methodologies, particularly ML, has opened new avenues for the design, analysis, and prediction of AMMCs’ wear characteristics with unprecedented accuracy and efficiency.



Banerjee et al. [21] pioneered the application of artificial neural networks (ANN) for designing alumina-reinforced AMMCs, showcasing multi-objective optimization using genetic algorithms based on ANN models. This approach enables the tailored design of composites with optimized tribomechanical properties, marking a significant leap forward in material science by integrating computational intelligence in materials design. Similarly, Wang et al. [22] explored the broader application of deep neural network learning in composite material systems design. Their review underscores the self-learning capabilities of deep learning models and highlights the necessity for well-constructed AI algorithms in predicting the behavior of modern composite materials, including AMMCs. Thankachan et al. [23] further demonstrated the utility of neural network models in predicting the material removal rate and surface roughness in wire electrical discharge machining of novel Al alloys and MMCs. The effectiveness of these models exemplifies the precision and adaptability of AI in fine-tuning manufacturing processes for enhanced material properties. Idrisi et al. [24] focused on the wear performance analysis of AA5083-SiC micro- and nanocomposites using ANN. Their study evaluates the model’s performance and prediction capability, showcasing ANN’s potential in accurately forecasting wear characteristics of reinforced AMMCs. Wiciak-Pikuła et al. [25] developed multilayer perceptron models using vibration acceleration and cutting force data to predict tool wear during the milling of AMMCs reinforced with SiC. This research highlights the effectiveness of ANN in predicting tool wear, offering a novel approach to monitoring and optimizing machining processes. Mishra et al. [26] presented an algorithm based on neurosymbolic artificial intelligence for predicting wear behavior in AMMCs reinforced with SiC. Their findings indicate superior performance over traditional ANN models, emphasizing the potential of integrating symbolic reasoning with neural learning for enhanced predictive accuracy. Agme et al. [27] utilized ANN and Taguchi optimization for analyzing and predicting the wear characteristics of sustainable MMCs. Their study demonstrates a 100% prediction accuracy, showcasing the powerful synergy between machine learning and decision-making algorithms in optimizing material properties. Lastly, Hasan et al. [28] applied various ML algorithms to model dry friction and wear of Al-based alloys. Their comparative analysis reveals that Random Forest (RF) and K-Nearest Neighbor (KNN) algorithms exhibit the best performance in predicting wear rates and coefficients of friction, respectively, illustrating the diverse potential of ML techniques in tribological studies.



The advancement of AMMCs has seen significant progress, particularly through the integration of ML for design and optimization. However, a notable research gap exists in the empirical validation of these predictive models, especially concerning the fabrication and testing of novel composites like open-cell AlSn6Cu–Al2O3. Despite the promising potential of these composites, there is limited empirical research focusing on their practical application. The fabrication of open-cell AlSn6Cu–Al2O3 composites using liquid-state processing techniques and their wear behavior analysis under various loads using the pin-on-disk method are crucial areas that require further exploration. Additionally, employing advanced ML models, such as Long Short-Term Memory (LSTM) networks for predicting the coefficient of friction (COF) offers a novel approach to enhancing prediction efficiency and accuracy, highlighting the need for a link between computational predictions and practical application in the development of AMMCs.



To address these issues, this research aims to fabricate open-cell AlSn6Cu–Al2O3 composites utilizing the liquid-state processing technique and assess the wear characteristics of the composites under varying loads through the pin-on-disk test method. The investigation into the composites will involve characterizing phase constituents and microstructural attributes through X-ray diffraction (XRD) patterns, energy-dispersive X-ray spectroscopy (EDS) analysis, and scanning electron microscopy (SEM) imaging. The COF of the composites will be predicted by a LSTM recurrent neural network model. This approach will provide a fast and accurate way to estimate the COF of the composites for any given combination of the input variables, without the need for additional experiments. Moreover, feature importance analysis will be conducted to predict the mass wear and COF of the composites and unreinforced materials using RF regressors, which will reveal the relative contribution of each input variable to the output variable. This study aims to significantly contribute to the field of materials engineering by developing wear-resistant AMMCs, serving as a continuation of previous research conducted on the subject. By integrating computational predictions with empirical validations, it seeks to bridge existing gaps in the understanding and application of advanced composite materials. This research extends the findings of a prior study on open-cell AlSn6Cu composites, which are reinforced by SiC particles with pore sizes ranging from 1000 to 1200 μm and produced through liquid-state processing. These composites were rigorously tested and characterized to assess their dry sliding wear behavior [29].




2. Materials and Methods


2.1. Fabrication


The open-cell AlSn6Cu–Al2O3 composites were produced using squeeze casting, employing AlSn6Cu aluminum alloy as the matrix and Al2O3 particles as the reinforcement. A mixture of Al2O3 particles (300–400 μm) and NaCl particles (1000–1200 μm) was used to create the initial salt preform through the replication method [30,31]. After forming, the green compacts were dried at 200 °C for 2 h to remove moisture. Subsequently, the green compacts were sintered at 800 °C ± 1 °C for 1 h, followed by cooling at room temperature. This process prepared the space holder for infiltration with the AlSn6Cu alloy. The space holder was preheated and placed in a die at 680 °C ± 2 °C, followed by infiltration using the squeeze casting method at 80 MPa for 60 s. Salt removal was achieved by immersing the composite in an ultrasonic cleaner filled with 79 °C distilled water, resulting in the final open-cell AlSn6Cu–Al2O3 skeleton. The alloy, primarily composed of tin (5.5–6.5 wt.%); copper (1.3–1.7 wt.%); and minor additions of nickel (0.2 wt.%), silicon (0.3 wt.%), and other elements, is typically utilized in bearing manufacturing due to its favorable mechanical and wear properties. Tin notably contributes to the formation of a protective layer on bearing surfaces, enhancing lifespan. Al2O3 particles were incorporated into the composite to improve tribological performance, selected based on their effectiveness in dry-sliding conditions, with a reinforcement content of 5 wt.% as determined by prior wear behavior studies [29].



In support of the textual description, a schematic illustration of the entire fabrication and characterization process, including the ML analysis for COF prediction, is provided as a flowchart (see Figure 1).




2.2. Characterization


Within the scope of this research, two distinct sample types were evaluated: an open-cell AlSn6Cu material with a pore size ranging from 1000 to 1200 μm and an open-cell AlSn6Cu–Al2O3 composite with pores of the same size. All samples underwent dry wear testing using a TR-20 model Ducom Rotary tribometer (Bangalore, India) operating on a pin-on-disk system. The test samples were spherical-ended, measuring 20 mm in height and 10 mm in diameter, crafted on a lathe, and subjected to wear testing at 1.0 m/s, experiencing two distinct loads, 50 N and 100 N, over a sliding time of 420 s. For these experiments, the counterpart disk was composed of EN-31 steel, with a surface roughness of 1.6 Ra and a hardness of 62 HRC. The steel composition included the following weight percentages: C 0.90 ÷ 1.20; Si 0.10 ÷ 0.35 and 0.20; Mn 0.30 ÷ 0.75; Cr 1.00 ÷ 1.60; with the remainder being Fe. In each experimental trial, three distinct specimens were subjected to identical testing conditions, with each undergoing a dedicated 420 s wear test. For each specified load condition, whether 50 or 100 N, the testing procedure was replicated with new samples to maintain the consistency of the testing environment. The data reported in the study represent the mean values derived from these three independent tests, ensuring that the outcomes reflect the average response of the new specimens to the respective load over the 420 s interval. The pin-on-disk test parameters were meticulously selected based on a preliminary study that focused on the wear characterization of an open-cell AlSn6Cu–SiC composite [29]. This foundational research provided critical insights into the optimal testing conditions for evaluating the wear behavior of the composite materials.



The microhardness of the composite’s cross-sectional areas was assessed through a light microscope (Polyvar Met, Reichert Jung, Vienna, Austria) equipped with a semi-automated micro-Vickers hardness measurement system (Micro-Duromat 5000 computer control, Reichert Jung, Vienna, Austria). This hardness testing process applied a force of 0.05 kg·f for a duration of 10 s and maintained the pressure for an additional 10 s.



The microstructural features and phase constituents of the open-cell AlSn6Cu–Al2O3 composites were determined using SEM and EDX techniques. Sample preparation for these analyses included polishing with varying grits of emery paper and diamond paste, etching with Keller’s reagent, and subsequently sputter-coating with a fine gold layer. The SEM imaging was executed using a HIROX SH-5500 scanning electron microscope (SEM, Hirox Japan Co Ltd., Tokyo, Japan), which incorporated a QUANTAX 100 Advanced EDS system (EDS, BRUCKER Co., Frankfurt, Germany). Elemental analysis of the composite matrix and the Al2O3 particles was conducted via EDS.



XRD was utilized to identify the distinct phases present in the composite matrix and the Al2O3 particles, providing insight into the composite’s crystalline structure. The XRD patterns were recorded using a TDM-10 X-ray diffractometer from Dandong Tongda Science and Technology Co., Ltd., Dandong, China, equipped with a scintillation detector. Ni-filtered Cu Kα radiation was employed for the diffraction under a tube operating voltage of 35 kV and a current of 30 mA. The diffractograms were obtained in the 2θ range from 25° to 90°, employing a step size of 0.02° and a scan rate of 0.6°/min, allowing for high-resolution detection of the phases.




2.3. Machine Learning Model


To accurately predict the temporal evolution of the COF for open-cell AlSn6Cu–Al2O3 composites and the corresponding unreinforced materials, a LSTM network, which is a specific form of recurrent neural network (RNN) that is capable of capturing long-term dependencies in time series data, was employed. This approach is particularly suitable due to the temporal nature of wear processes, where the history of wear significantly influences future wear behavior [32,33]. The LSTM model is engineered to identify patterns in the COF values over time across different materials, analyzing three samples per material, with the objective of predicting the COF from historical data collected over a span of 420 s. This data was acquired from the experimental methods detailed in Section 2.2, consisting of time series data of COF measured at regular intervals during dry wear friction tests performed using a pin-on-disk apparatus. The primary variable of interest was the COF as a function of time. To prepare these data for model training, the COF values were normalized to the range [0, 1] using the MinMaxScaler, thereby standardizing the scale of the input features. Following normalization, sequences were created with a specified look-back period for the model to learn from, and the data were split into training (70%), validation (15%), and test (15%) sets, which were then reshaped according to the LSTM network’s input requirements. The LSTM network architecture comprises a layer with four units, followed by a dense layer for output. After compiling with a mean squared error loss function and optimizing with the Adam optimizer, the model undergoes training on the designated training set. Its performance is subsequently evaluated on both the validation and test sets using key evaluation metrics, including the coefficient of determination (R2), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the Mean Squared Error (MSE). These metrics provide a comprehensive overview of the model’s accuracy and predictive power, assessing how effectively the model forecasts COF values against actual observed values. Through this methodical approach, the LSTM model offers a nuanced prediction of COF values, leveraging historical data collected over a span of 420 s to predict future trends.



To assist in the interpretation of the model’s predictive accuracy, plots comparing actual and predicted COF values over time were generated, along with regression plots illustrating the correlation between actual and predicted values for both validation and test datasets. These visualizations not only demonstrated the model’s effectiveness but also highlighted areas for potential improvement in future iterations. The deployment of the LSTM network established a robust methodology for predicting the wear characteristics of open-cell AlSn6Cu–Al2O3 composites, contributing valuable insights into the material’s performance under operational conditions. The ML approach detailed in this study underscores the potential of advanced computational models in enhancing the understanding of material behavior in tribological applications.



Furthermore, an analysis of feature importance was conducted using a Random Forest (RF) algorithm to identify the relative influence of different parameters on the wear behavior [34,35]. The RF, an ensemble learning method comprising multiple decision trees, provides a measure of feature importance that is indicative of the contribution each feature makes to the predictive model’s performance [36]. By evaluating the decrease in variance across all trees within the forest attributed to each feature, an importance score is assigned. This score reflects the weight of the feature in the context of the model, with higher values indicating greater influence on the model’s predictions. The resulting analysis from the RF regressor, which was trained on the entire dataset, highlighted key factors such as ‘load’, ‘reinforcement’, and ‘hardness of reinforcement’, providing a deeper understanding of their roles in the wear processes of the materials studied.



Figure 2 presents a flowchart that illustrates the comprehensive methodology employed for predicting the COF using LSTM modeling, which details the sequential steps from initial data acquisition through to the feature importance analysis.





3. Results and Discussion


3.1. Microstructure


The microstructural analysis of open-cell AlSn6Cu–Al2O3 composite post-tribological testing reveals significant insights into the wear mechanisms at play. SEM images at 50 N and 100 N loads (Figure 3a and Figure 3b, respectively) indicate that the wear tracks are characterized by distinct features, such as grooves and debris, which are indicative of the wear process. EDS analyses conducted on these worn surfaces provide a quantitative measure of the elemental composition in different zones, which are marked as 1 and 2 in the SEM images. In both SEM images, zones marked as ‘1’ are visible parts of Al2O3 particles, which act as reinforcements in the cell wall.



At 50 N load, the EDS analysis of zone 1 (Table 1) shows a higher Al content of 65.45% and oxygen content of 33.83%, suggesting that the cell wall contains Al2O3 reinforcement particles. Zone 2 (Table 1) reveals a substantial increase in Fe content to 60.01%, alongside a decrease in Al content to 29.91%, hinting at the occurrence of adhesive wear, characterized by material transfer from the counterface to an upper layer of the composite distant from the cell wall. The presence of Sn and Cu in zone 2 (Table 1) can be associated with the composite constituents being exposed or redistributed due to wear, also suggesting abrasive wear where the counterface or entrapped particles may have abraded the surface of the composite.



Under the increased load of 100 N, the EDS analysis in zone 1 (Table 2) shows a slight decrease in Al content to 58.03% and an increase in oxygen content to 35.85%, indicating more substantial wear at this load but still showcasing evidence for Al2O3 reinforcement particles within the cell wall structure. The marginal increase in Fe content to 6.11% could be a sign of increased adhesive wear due to more significant mechanical interaction. Zone 2 (Table 2) under this higher load condition shows an increase in Fe content to 31.03%, and the presence of Sn and Cu to 3.68% and 0.90%, respectively, could indicate a more pronounced degree of abrasive wear, as well as mechanical mixing between the composite and counterface materials.



These variations in elemental composition with the increasing load from 50 N to 100 N reflect a transition from mild wear conditions where adhesive wear dominates to more severe conditions where abrasive wear and mechanical mixing become more pronounced. The increase in Fe, Sn, and Cu content at higher loads suggests that both adhesive and abrasive wear mechanisms contribute to the wear of the composites. Adhesive wear is evident from the material transfer, where increased Fe content indicates more interaction with the steel counterface. Abrasive wear is suggested by the presence of grooves and debris, especially at higher loads where there is likely to be more significant abrasion from the counterface. The SEM images and EDS analysis correlate well with the expected behaviors of such composites under tribological stress, displaying a combination of wear mechanisms responsible for material degradation.



The role of Al2O3 as reinforcement is evident. It aids in reducing direct metal-to-metal contact during sliding under both loads. The Al2O3 particles also act as a solid lubricant, which may prevent direct contact between the surfaces of the matrix and the counterbody in the contact zone. The wear resistance of the open-cell composites depends on the load, as Kolev et al. indicated [37], and on the incorporation of reinforcement particles that act as solid lubricants in the contact zone during friction [38] and that strengthen the cell walls of the composite when it is under load during the wear process [7].



Figure 4a presents the XRD pattern of an AlSn6Cu–Al2O3 composite before the initiation of wear testing. The diffractogram exhibits distinct peaks corresponding to the composite’s constituent phases. Sharp and well-defined peaks characteristic of the Al1−x(Cu,Sn)x phase are observed at 2θ values of approximately [39.0; 45.1; 65.6; 78.8], indicative of its crystalline nature. Similarly, the presence of Sn is confirmed by peaks at approximately [31.1; 32.4; 44.3; 55.7; 63.0; 72.8; 73.5; 79.9]. The Al2O3 phase is also identified with less intense peaks at approximately [35.5; 37.5; 43.7; 52.2; 57.9; 65.0], which may be due to its dispersion within the composite. Additionally, Figure 4b depicts the XRD pattern of an AlSn6Cu material. This pattern similarly shows sharp peaks associated with Al1−x(Cu,Sn)x and Sn phases, without the peaks corresponding to Al2O3 observed in Figure 4a.




3.2. Micro-Hardness and Wear Behavior


The average Vickers hardness (HV) was tested using a force of 0.05 kg·f applied for 10 s and maintained for an additional 10 s. The micro-hardness analysis, as depicted in Figure 5, illustrates a significant disparity in hardness between the matrix and the reinforcement. The reinforcement displayed a notably higher hardness (2287.92 HV) compared to the matrix (61.46 HV), which is a staggering increase of approximately 3621%. This vast difference in hardness can be attributed to the reinforcement particles, which provide more support and strengthen the cell walls of the composite when it is under load during friction. The micro-hardness results are consistent with those from the study on open-cell AlSn6Cu composites reinforced with SiC particles, where the micro-hardness values of the matrix are 62.62 and those of the reinforcement are 2418.74 [29].



The pin-on-disk tests were performed with a linear velocity of 1.0 m/s, experiencing two distinct loads, 50 N and 100 N, across a sliding time of 420 s. In Figure 5, the COF shows a gradual increase with the applied load for both materials. The COF for the unreinforced material increased from 0.46 at 50 N to 0.48 at 100 N—a relative increase of about 4.34%. The reinforced composite experienced a similar incremental trend from 0.49 at 50 N to 0.51 at 100 N, which is an increase of approximately 4.08%. This indicates that the COF is marginally sensitive to the increase in load, with the reinforced composite maintaining a slightly higher COF under both loading conditions. A quantitative comparison of the COF values between the open-cell AlSn6Cu matrix material and the open-cell AlSn6Cu–Al2O3 composite shows that the difference is small and falls in the measurement error. The percentage difference between the COF values of the two materials is about 6.52% at 50 N and 6.25% at 100 N, which indicates that the open-cell AlSn6Cu–Al2O3 composite has slightly higher friction than the open-cell AlSn6Cu matrix material under both loads. The larger standard deviation observed in the COF at 50 N load, as presented in Figure 6, can be attributed to the nonuniform distribution of the Al2O3 reinforcement particles and the heterogeneity of the cell walls, which are in the range of 1000–1200 μm, within both materials. The results could be explained by the appearance of the Al2O3 particles in the contact zone, which increases the friction by increasing the temperature, the surface roughness, and the contact area. The results for both materials of the COF are consistent with the results of the study of open-cell AlSn6Cu composites reinforced with SiC particles and tested at loads of 50 N and 100 N in dry friction conditions [29].



Furthermore, the mass wear depicted in Figure 7 also demonstrates a dependency on the load and reinforcement. The unreinforced material showed a substantial increase in wear from 8.05 mg at 50 N to 17.55 mg at 100 N. The reinforced composite also exhibited an increase in wear from 1.90 mg at 50 N to 8.10 mg at 100 N. The substantial standard deviation in mass wear at the 100 N load, as observed in Figure 6, reflects the impact of the nonuniform distribution of the Al2O3 reinforcement particles and the heterogeneity of the cell walls. A quantitative comparison of the mass wear values between the unreinforced and the reinforced materials shows a significant decrease in the mass wear by 76.39% at 50 N and 53.85% for the open-cell AlSn6Cu–Al2O3 composite. This dramatic decrease in mass wear for the reinforced composite under both loads suggests that the Al2O3 particles act as a barrier against the wear process, preventing the removal of material from the cell walls and reducing the wear rate, which is also reported in Refs. [37,39,40].




3.3. COF Prediction and Model Performance Evaluation


Figure 8 presents a comprehensive comparison between actual and predicted COF values over time for both AlSn6Cu material and AlSn6Cu–Al2O3 composites under two distinct test conditions. Figure 8a,b illustrates the performance at a 50 N load, showcasing the predictive accuracy of the unreinforced AlSn6Cu material and the AlSn6Cu–Al2O3 composite, respectively. Similarly, Figure 8c,d display the outcomes at a 100 N load, providing insight into the model’s predictive capability for the same materials under increased load. These visualizations underscore the effectiveness of the LSTM model in capturing the nuanced wear behaviors of both materials across varying operational conditions, highlighting its potential utility in predictive maintenance and material design optimization.



To quantitatively assess the performance of the LSTM model, its effectiveness was evaluated across various metrics (MSE, RMSE, MAE, R2). These metrics were calculated for both validation and test datasets across all experimental conditions and materials tested. Table 3 summarizes these findings, offering a nuanced view of the model’s predictive performance. The descriptive statistics for the COF values across different materials and test conditions were systematically analyzed and presented in Table 4, revealing the inherent variability in the experimental data. The LSTM model showcased remarkable predictive accuracy across all conditions, with the test R2 values being consistently high. In particular, for the AlSn6Cu–Al2O3 composite at 100 N, characterized by a mean of 0.50967 and a standard deviation of 0.08644, the R2 value improved from 0.95585 in the validation set to 0.99638 in the test set. Meanwhile, for the composite at 50 N, which had a mean of 0.49294 and a standard deviation of 0.08060, the R2 value experienced a slight decrease from 0.99388 in the validation set to 0.99303 in the test set. The performance metrics also reveal how material composition and load conditions affect predictive accuracy. For instance, the AlSn6Cu material at 100 N with a mean of 0.47711 and a standard deviation of 0.09410 showed an exceptionally high validation R2 of 0.99810, suggesting near-perfect prediction under higher load conditions. This contrasts with its performance at 50 N, where a slight decrease in R2 to 0.98978 was observed, still indicating very high predictive accuracy but showcasing sensitivity to changes in testing conditions.




3.4. Feature Importance Analysis for Mass Wear and COF Prediction


The predictive models for mass wear and COF in tribological systems rely heavily on understanding which factors significantly influence wear behavior. Through the use of a RF regressor, a feature importance analysis was conducted (Figure 9) to identify the relative importance of various factors contributing to COF (Figure 9a) and mass wear (Figure 9b) in open-cell AlSn6Cu–Al2O3 composites.



The analysis revealed that ‘load’ is the most influential factor for both COF and mass wear, with importance scores of 0.65 and 0.47, respectively. This underscores the critical role that mechanical stress plays in the wear mechanisms of the composites. ‘Reinforcement’ emerged as the second most significant feature, with scores of 0.20 for COF and 0.32 for mass wear, indicating that the presence of reinforcing elements is a key determinant in the wear resistance of the material.



‘Hardness of reinforcement’ also showed a considerable impact on the wear properties, with feature importance scores of 0.15 for COF and 0.22 for mass wear. This finding aligns with the understanding that harder reinforcement materials can improve the composite’s wear resistance. Interestingly, ‘hardness of matrix’ and ‘linear velocity’ were found to have no discernible effect on the prediction of both COF and mass wear in this specific analysis, receiving scores of 0.00.



The importance plots illustrate these findings graphically, providing a clear and immediate visual representation of the factors that most significantly affect wear and friction in these composites. The results not only guide the design and material selection for improved wear performance but also enhance the understanding of the wear process under different operating conditions.





4. Conclusions


This comprehensive study on the fabrication and wear characterization of open-cell AlSn6Cu–Al2O3 composites, reinforced with the aid of advanced LSTM-based modeling for the prediction of the COF, marks a significant advancement in the field of AMMCs. Through the utilization of liquid-state processing techniques and meticulous empirical analysis, this research not only fortifies the foundational knowledge of AMMCs but also showcases the potential of integrating ML to bridge the gap between computational predictions and real-world applications.



The open-cell AlSn6Cu–Al2O3 composites demonstrated distinct microstructural qualities, with SEM, EDS, and XRD analyses confirming the presence of Al2O3 particles within the cell walls, which were pivotal in wear resistance. Notably, at the 50 N load, the reinforced composites showcased a small COF increment from 0.46 to 0.49 and a remarkable reduction in mass wear from 8.05 mg to 1.90 mg. As the load increased to 100 N, the reinforced composites showed a slight COF increment from 0.48 to 0.51 and a big reduction in mass wear from 17.55 mg to 8.10 mg. These quantitative improvements highlight the reinforced composite’s ability to endure and resist wear even under elevated mechanical stress. The reinforcement of Al2O3 within the composite’s cell walls proved to be crucial in enhancing the wear resistance by performing as a solid lubricant.



Moreover, the application of the LSTM neural network model accurately predicted the temporal changes in COF, demonstrating exceptional performance across various metrics. The feature importance analysis further elucidated the significant impact of ‘load’ and ‘reinforcement’ on the wear process, with ‘hardness of reinforcement’ also playing a substantial role in dictating the wear properties of the composites.



This study demonstrates a pioneering integration of ML with materials science to predict wear characteristics in open-cell AMMCs, with significant potential for creating cost-effective, wear-resistant materials for high-performance applications, and future efforts will aim to enhance these models and expand empirical studies across a wider range of composites and operational conditions.
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Figure 1. Schematic illustration of the fabrication and characterization processes, along with the ML analysis, for open-cell AlSn6Cu–Al2O3 composites. 
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Figure 2. Flowchart illustrating the methodology for predicting COF using LSTM modeling, detailing steps from data acquisition to feature importance analysis. 
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Figure 3. SEM images of AlSn6Cu–Al2O3 composites showing microstructural details under different applied loads: (a) 50 N; (b) 100 N. 
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Figure 4. XRD patterns of the materials prior to wear testing: (a) AlSn6Cu–Al2O3 composite; (b) AlSn6Cu. 
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Figure 5. Microhardness analysis of open-cell AlSn6Cu–Al2O3 composites. 
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Figure 6. Comparative analysis of COF in open-cell AlSn6Cu–Al2O3 composites and open-cell unreinforced materials tested at 50 N and 100 N: (a) bar plot; (b) COF curves. 
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Figure 7. Bar plot depicting the mass wear (mg) of open-cell AlSn6Cu–Al2O3 composites and open-cell unreinforced materials tested at 50 N and 100 N. 
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Figure 8. Comparative analysis of actual vs. predicted COF under different applied loads: (a) AlSn6Cu material at 50 N; (b) AlSn6Cu–Al2O3 composite at 50 N; (c) AlSn6Cu material at 100 N; (d) AlSn6Cu–Al2O3 composite at 100 N. 
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Figure 9. Feature importance plots derived from RF regression analysis for open-cell AlSn6Cu–Al2O3 composites, showing the relative contributions of various parameters to: (a) COF; (b) mass wear. 
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Table 1. EDS analysis of the contact surface of AlSn6Cu–Al2O3 composite after tribological tests with a 50 N of load, relating to specific areas indicated in Figure 3a.
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	Analysis №
	Al
	Fe
	O
	Sn
	Cu





	1
	65.45
	0.72
	33.83
	-
	-



	2
	29.91
	60.01
	7.32
	2.26
	0.49










 





Table 2. EDS analysis of the contact surface of AlSn6Cu–Al2O3 composite after tribological tests with a 100 N of load, relating to specific areas indicated in Figure 3b.
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	Analysis №
	Al
	Fe
	O
	Sn
	Cu





	1
	58.03
	6.11
	35.85
	-
	-



	2
	52.95
	31.03
	11.44
	3.68
	0.90










 





Table 3. Evaluation metrics for LSTM model predictions for open-cell AlSn6Cu–Al2O3 composite and open-cell AlSn6Cu material under different applied loads.
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	Analysis
	Dataset
	MSE
	RMSE
	MAE
	R2





	AlSn6Cu–Al2O3 at 100 N
	Validation
	0.00039
	0.0198000
	0.0066391
	0.95585



	AlSn6Cu–Al2O3 at 100 N
	Test
	0.00003
	0.0053078
	0.0041946
	0.99638



	AlSn6Cu–Al2O3 at 50 N
	Validation
	0.00004
	0.0061351
	0.0046952
	0.99388



	AlSn6Cu–Al2O3 at 50 N
	Test
	0.00005
	0.0073764
	0.0056358
	0.99303



	AlSn6Cu at 100 N
	Validation
	0.00002
	0.0040804
	0.0035303
	0.99810



	AlSn6Cu at 100 N
	Test
	0.00008
	0.0091727
	0.0043677
	0.99056



	AlSn6Cu at 50 N
	Validation
	0.00007
	0.0081300
	0.0052856
	0.98978



	AlSn6Cu at 50 N
	Test
	0.00004
	0.006027
	0.0046216
	0.99494










 





Table 4. Descriptive statistics of COF for open-cell AlSn6Cu–Al2O3 composite and open-cell AlSn6Cu material under different applied loads.
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	Analysis
	Mean
	Std
	Min
	25%
	50%
	75%
	Max





	AlSn6Cu–Al2O3 at 100 N
	0.50967
	0.08644
	0.04160
	0.46471
	0.53642
	0.56443
	0.62715



	AlSn6Cu–Al2O3 at 50 N
	0.49294
	0.08060
	0.00990
	0.49220
	0.51990
	0.53380
	0.57070



	AlSn6Cu at 100 N
	0.47711
	0.09410
	0.01805
	0.39445
	0.53505
	0.54580
	0.56715



	AlSn6Cu at 50 N
	0.45710
	0.08162
	0.01520
	0.39882
	0.48275
	0.51697
	0.60240
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