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A B S T R A C T

The increasing consumption of lithium-ion batteries (LIBs) has created a growing need for efficient recycling 
processes to recover valuable metals such as lithium (Li) and cobalt (Co). The present study analyses the per
formance of supervised machine learning models in predicting the leaching efficiencies of Li and Co from spent 
LIBs in the ultrasound-assisted leaching of Lithium Cobalt Oxide (LCO) cathode material using a Hybrid MW-US 
high-pressure chemical reactor. The standalone linear regression (LR), quadratic polynomial regression (QPR), 
neural network (NN) and random forest (RF) models were firstly evaluated by their ability to capture the 
relationship between key process parameters and the metal recovery efficiencies. Among the standalone models, 
the RF model demonstrated the strongest predictive performance. However, these purely data-driven models do 
not explicitly incorporate the empirical process relationships identified from the experimental leaching process. 
To address this limitation, an RSM-enhanced residual neural network (RSM-NN) framework was developed by 
integrating the response surface model (RSM) formulation from the original experimental study as an empirical 
process constraint during training. The proposed RSM-NN framework achieved very high predictive accuracy and 
produced smooth and consistent trends in the partial dependency analysis, reflecting the strength of the hybrid 
modeling framework. The results demonstrate the potential of RSM-enhanced machine learning frameworks for 
improved modelling and optimization of hydrometallurgical recovery processes from spent LIBs under the 
investigated experimental conditions.

1. Introduction

Lithium-ion batteries (LIBs) have attracted considerable attention in 
recent years due to their widespread use in portable electronics, electric 
vehicles, and energy storage systems. The rapid expansion of these 
technologies has led to a significant increase in the production and 
consumption of LIBs. This increased consumption results in a growing 
volume of spent LIBs being discarded at the end of their service life, 
posing an environmental challenge. Spent LIBs consists of a notable 
concentration of critical metals such as Lithium (Li), Cobalt (Co), Nickel 
(Ni), even in their discarded state [1]. Efficient recovery of these metals 
can contribute to resource conservation and sustainable materials 
management. In particular, the lithium cobalt oxide (LCO) cathode 
material in spent LIBs is an important source of Li and Co, and has been 

widely studied in battery recycling research [2,3]. Among various 
recycling approaches, ultrasound assisted leaching process has been 
widely investigated for its improved ability to selectively recover valu
able metals from spent LIBs [4,5]. It should be noted that the efficiency 
of the leaching process depends strongly on various operating process 
parameters such as temperature, reaction time and ultrasound power [6, 
7]. Therefore, the development of predictive analytical models capable 
of investigating the relationship between the process parameters and 
metal recovery efficiency could provide valuable insights for process 
optimization and improved resource recovery from the spent LIBs.

Recent advances in recycling spent LIBs have focused on improving 
both the efficiency and sustainability of metal recovery processes. 
Ultrasound-assisted methods, including ozone-based systems and mi
crobial leaching, have enabled high lithium extraction and in-situ 
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separation of cathode materials from used LIBs [8,9]. Additionally, 
organic acids such as oxalic and citric acid, combined with ultra
sonication, has also been found to achieve selective lithium recovery 
with improved efficiency and selectivity [10,11]. Emerging techniques 
such as contact-electro-catalysis, deep eutectic solvent leaching, and 
photocatalysis have further improved Li and Co recovery while reducing 
chemical consumption and environmental impact [12–14]. Antisolvent 
precipitation, hydrometallurgical–pyrometallurgical strategies, and 
ultrasound-assisted black mass leaching have been applied for selective 
extraction of multiple metals from NMC-type cathodes [15,16]. Similar 
approaches have also been extended to mixed anode–cathode materials, 
achieving efficient recovery of Li, Co, Ni, and Mn [17]. In addition, 
microemulsion-based extraction enables high-purity cobalt recovery 
with excellent recyclability [18]. Although these studies demonstrate 
high recovery efficiencies through experimental process development, 
predictive understanding of how process parameters influence metal 
recovery remains limited, particularly when attempting to integrate 
mechanistic insights with flexible modeling approaches.

In recent years, machine learning techniques have gained increasing 
attention as analytical tools for modeling complex nonlinear relation
ships in chemical and metallurgical processes [19–21]. Data-driven 
models can capture interactions among multiple process parameters 
and provide predictive insights that support process optimization [22, 
23]. Recent studies have also demonstrated the application of 
physics-informed neural networks (PINNs) to chemical and metallur
gical process modeling. A PINN based Population Balance Equations 
model was developed for analyzing Gibbsite crystallization dynamics by 
incorporating population balance equations into NN training to provide 
a more robust alternative to purely data-driven predictive models for 
process control [24]. PINNs have also been applied to chemical reaction 
kinetics, where a causal PINN was used in solving mass-action-based 
ordinary differential equations and estimate unknown reaction-rate 
parameters while maintaining physically consistent concentration tra
jectories [25]. Wang et. al. developed an AI-based controller by incor
porating a PINN environment for crude distillation [26]. It was shown 
that the model was able to reduce monotonicity violations while 
maintaining prediction accuracy. Beyond process operations, a PINN 
framework for molecular solubility prediction incorporated with ther
modynamic constraints into neural-network training [27], was deployed 
for improving the extrapolation performance compared with conven
tional neural networks. Similarly, a PINN combined with sparse iden
tification of nonlinear dynamical systems was used to model adsorption 
kinetics in metal-oxide gas sensors, enabling extraction of interpretable 
adsorption/desorption parameters and reconstruction of hidden 
adsorption dynamics [28]. These studies demonstrate that incorporating 
domain-specific information into neural networks can improve their 
predictive capability and physical consistency. Beyond these 
PINN-based approaches, conventional response surface models (RSM) 
use predefined polynomial relationships and may have limited flexi
bility in capturing complex nonlinear interactions among process vari
ables. Machine learning models can complement this limitation by 
learning nonlinear relationships directly from experimental data 
without imposing a fixed polynomial structure.

In this study, four supervised machine learning models – linear 
regression (LR), a second order quadratic polynomial regression (QPR), 
neural network (NN), and random forest (RF) – were developed to model 
the relationship between leaching process parameters and the recovery 
efficiencies of Li and Co using the experimental data reported in 
Ref. [29]. In addition, the response surface model (RSM) reported in ref. 
[29] was also incorporated into the proposed RSM-enhanced neural 
network (RSM-NN) framework as an empirical prior during NN training. 
The RSM-NN combines data-driven learning from the experimental 
observations with the empirical relationships captured by the previously 
established RSM model. All models were implemented in Python using 
the Scikit-learn library [30]. By combining empirical guidance with 
data-driven learning, the proposed approach aims to improve predictive 

accuracy relative to conventional empirical and standalone data-driven 
models while maintaining consistency with the trends captured by the 
RSM model.

1.1. Dataset Description and Preprocessing

The dataset used in this study was adopted from a previous experi
mental investigation on ultrasound-assisted leaching of Li and Co from 
spent LIBs [29]. In the original study, experimental investigations were 
conducted and the resulting data were used to develop an RSM model for 
predicting metal recovery efficiencies. The experiment used spent LCO 
cathode material, with the elemental composition of the cathode pow
der reported as 3.40 wt% Li, 12.38 wt% Co, 0.01 wt% Mn, 0.02 wt% Ni 
and 0.05 wt% Cu [29]. The black powder underwent pretreatment 
involving discharge, manual disassembly, binder removal, washing, 
filtration, and drying prior to leaching. Gluconic acid was used as the 
leaching agent, with a concentration range of 0.1–0.5 mol/L and a 
liquid-to-solid ratio of approximately 66.7 mL/g. Ultrasonic irradiation 
was performed using a Hybrid MW-US high-pressure chemical reactor at 
a frequency of 20 kHz, with the equipment power setting varied from 
10% to 50%, corresponding to the 100–500 W power values as reported 
in ref. [29]. The three process parameters varied in the experimental 
study, namely ultrasound power (%), reaction temperature (◦C), and 
leaching time (min), were used as input variables for the 
machine-learning models, while Li (YLi) and Co (YCo) recovery effi
ciencies were used as response variables. The temperature ranged from 
120 ◦C to 220 ◦C and the reaction time varied between 20 min and 
120 min. The ultrasound power ranged from 10% to 50% in the original 
study, which did not report a separate ultrasonic power calibration 
procedure. Therefore, the ultrasound-power variable in the present 
study represents the equipment settings and corresponding power 
values reported for the experimental system in ref. [29]. Additionally, 
since the present study directly uses the experimental dataset reported in 
[29], variables such as leaching-agent concentration, liquid-to-solid 
ratio, particle size, and acidity were not independently varied and 
were therefore not included as predictive variables. The dataset con
sisted of 180 experimental observations. The descriptive statistics of the 
input and response variables are presented in Table 1. Prior to model 
development, the dataset was pre-processed to ensure consistency and to 
confirm that all variables were represented in numerical format suitable 
for machine learning analysis. The dataset was then divided into 
training and testing subsets by randomly assigning 80% of the dataset 
for training and the remaining 20% for testing. The testing dataset was 
kept separate during machine-learning model training to evaluate the 
predictive performance of the developed models.

At first, four supervised machine learning algorithms were consid
ered, viz. LR, QPR, NN, and RF. Following this, an RSM-NN model was 
formulated using the previously established RSM model from [29] as an 
empirical baseline within a residual neural-network framework. In the 
RSM-NN model, the NN learns a residual correction to the RSM pre
diction, while an additional RSM-based regularization term encourages 
the final predictions to remain close to the empirical RSM relationship. 
Thus, the proposed framework combines direct data-driven learning 
from the experimental observations with empirical information 

Table 1 
Descriptive statistics of dataset used in the present study.

Metrics Power (%) Temperature (ºC) Time (min) YLi (%) YCo (%)

count 180.00 180.00 180.00 180.00 180.00
mean 30.00 170.00 70.00 79.54 75.23
std 14.18 34.25 34.25 17.03 16.49
min 10.00 120.00 20.00 37.14 34.73
25% 20.00 140.00 40.00 68.58 64.10
50% 30.00 170.00 70.00 84.39 79.74
75% 40.00 200.00 100.00 94.23 89.10
max 50.00 220.00 120.00 99.20 98.17
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provided by the previously established RSM model [29]. To improve 
model robustness, five-fold cross-validation (CV) was applied during the 
training phase. This procedure evaluates the models across multiple 
training-validation partitions of the dataset, thereby reducing depen
dence on a single data split. The performance of the models was ulti
mately assessed using the held-out test dataset. Feature scaling was 
applied to the NN and RSM-NN models to facilitate stable NN training. In 
contrast, scaling was not applied to the LR and RF models. The predic
tive performance of the developed models was evaluated using the co
efficient of determination (R²) and the root mean square error (RMSE). 
The developed models are intended for the experimental conditions 
represented in the dataset and might not be directly transferable to other 
ultrasonic equipment or operating systems without further experimental 
validation.

1.2. Performance Analysis of Supervised Learning Models

This section presents a comparative analysis of four supervised ma
chine learning models, namely LR, QPR, NN, and RF, applied to the LIB 
leaching dataset. The models exhibited different predictive capabilities 
depending on their ability to represent the relationships between the 
process variables and metal recovery efficiencies. The LR model assumes 
a purely linear relationship between the input variables and response 
outputs and showed the lowest predictive performance among the 
evaluated models. The LR model achieved R² values of 0.797 ± 0.065 
for Li and 0.877 ± 0.037 for Co, indicating that a purely linear formu
lation is insufficient to adequately represent the relationships present in 
the dataset.

To account for nonlinear relationships while retaining a polynomial 
formulation, a second-degree QPR model was also evaluated. Unlike LR, 
the QPR model incorporates squared terms and pairwise interaction 
terms between the process variables, allowing it to represent curvature 
and nonlinear interactions in the response surface. The QPR model 
achieved R² values of 0.941 ± 0.017 for Li and 0.966 ± 0.010 for Co, 
representing a clear improvement over the LR model. The improvement 
indicates that incorporating second-order terms provides a better rep
resentation of the response relationships than the purely linear 
formulation.

The NN consisted of two hidden layers with 16 and 8 neurons, 

respectively, using the rectified linear unit (ReLU) activation function. 
The model was trained using the Adam optimizer with an adaptive 
learning rate of 0.01, and a maximum of 5000 training iterations. The 
NN achieved R² values of 0.940 ± 0.030 for Li and 0.959 ± 0.019 for Co. 
These results are comparable to those obtained using QPR, indicating 
that both approaches were able to represent nonlinear relationships in 
the experimental dataset. The RF model was implemented using an 
ensemble of 10 decision trees and achieved R² values of 0.986 ± 0.006 
for Li and 0.988 ± 0.006 for Co, giving the highest predictive perfor
mance among the standalone data-driven models. The hyperparameter 
configurations used for the NN and RF models were selected based on 
prior optimization experiments (illustrated in the Appendix) and were 
kept fixed during the comparative evaluation. The strong performance 
of the RF model may be attributed to its ability to capture nonlinear 
relationships and interactions within the experimental dataset without 
imposing a predefined functional form.

The plots of the predicted versus actual values for LR, QPR, NN, and 
RF are shown in Figs. 1–4, respectively. These plots provide visual 
confirmation of the quantitative performance metrics. The LR model 
exhibits greater scatter around the diagonal line (Fig. 1), reflecting its 
limited ability to represent nonlinear relationships between the input 
variables and the leaching efficiencies. These deviations from the ideal 
agreement line represent prediction errors, with the greater dispersion 
indicating lower agreement between the predicted and actual values 
and, consequently, lower prediction accuracy compared with the other 
models. The QPR model produces predictions that are more closely 
distributed around the diagonal line (Fig. 2), consistent with its 
improved R² values due to the inclusion of second-order and interaction 
terms. The NN provides a similar level of agreement with the experi
mental values (Fig. 3), although some deviations from the ideal agree
ment line remain. These deviations represent residual prediction errors 
and indicate that the NN does not reproduce every experimental 
observation exactly. However, the relatively limited scatter around the 
diagonal line, together with its R² and RMSE values, indicates good 
predictive accuracy and consistent performance across the evaluated 
data. The RF model exhibits the closest agreement with the ideal one-to- 
one relationship, with relatively minor dispersion around the diagonal 
line (Fig. 4). The small deviations from the ideal line represent residual 
prediction errors, while the limited dispersion indicates high agreement 

Fig. 1. Plot of predicted vs. actual for the LR model.
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between the predicted and actual values and therefore strong predictive 
accuracy. Together with the high R² and low RMSE values obtained 
across the CV folds, the limited scatter also indicates consistent model 
performance. Overall, the results show that increasing model flexibility 
from a linear formulation to quadratic, neural-network, and ensemble- 
based approaches improves the ability to represent the relationships 
observed in the experimental dataset, with RF providing the strongest 
predictive performance among the standalone models.

1.3. Response Surface Model-integrated Neural Network Approach

The RF model achieved the highest predictive accuracy among the 

purely data-driven approaches. However, it does not explicitly incor
porate the empirical process relationships identified from the leaching 
experiment. To address this limitation, the quadratic RSM from the 
original experimental study [29] was incorporated as an empirical prior 
within the NN model. The overall conceptual framework, including 
5-fold training and RSM-based regularization, is illustrated in Fig. 5. The 
RSM model in ref. [29] was fitted to the same 180 experimental obser
vations used in the present work. In this study, the experimental dataset 
itself was used as input for training the machine learning models, while 
the previously reported RSM equation was incorporated into the 
RSM-NN framework to provide empirical guidance. The RSM-NN ar
chitecture consisted of five layers with 3, 64, 64, 32, and 2 neurons, 

Fig. 2. Plot of predicted vs. actual for the QPR model.

Fig. 3. Plot of predicted vs. actual for the NN model.
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using ReLU activation in the hidden layers. Training was performed 
using a composite loss function that simultaneously minimized the 
prediction error relative to the experimental observations and the de
viation from the RSM constraint. Instead of predicting the leaching ef
ficiencies directly, the network was trained to learn a residual function 

relative to the RSM predictions, allowing it to refine prior trends while 
capturing additional nonlinearities in the data. The relatively small 
experimental dataset was addressed through five-fold CV, which was 
used to evaluate model performance across multiple training and vali
dation subsets rather than relying on a single data partition. The 

Fig. 4. Plot of predicted vs actual for the RF model.

Fig. 5. RSM-NN framework implemented in the present study.
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RSM-based regularization also constrains the residual learning process 
by penalizing deviations from the established empirical RSM 
relationship.

The RSM equations reported in Ref. [28] were incorporated into the 
proposed RSM-NN framework as the empirical baseline for predicting Li 
and Co leaching efficiencies, as illustrated in Fig. 4. The RSM formula
tions for Li 

(
yLiRSM

)
and Co 

(
yCoRSM

)
are respectively defined by Eqs. (1) 

and (2) as [29]: 

yLiRSM =92.70+4.23A+3.63B+21.84C − 1.47AB+0.9962AC+2.43BC
− 5.43A2 − 7.90B2 − 14.49C2

(1) 

yCoRSM=85.09+3.71A+4.60B+21.91C− 0.7750AB+2.31AC− 0.8275BC
− 3.97A2 − 5.5B2 − 11.30C2

(2) 

where A, B, and C represent ultrasound power, reaction temperature, 
and leaching time, respectively.

In the proposed RSM-NN framework, the NN does not directly pre
dict the final Li and Co recovery efficiencies. Instead, it learns a residual 
correction to the RSM predictions. For each response, the final predic
tion is therefore formulated as, 

yFinal prediction = yRSM + yResidualNN 

where yResidualNN represents the residual learned by the NN. This residual 
formulation allows the NN to learn deviations from the empirical re
lationships established by the RSM while retaining the trends captured 
by the previously developed model.

Fig. 6 depicts the plot of predicted leaching efficiencies against 
actual observations along with a reference line representing an exact 
match between predicted and experimental values. It can be seen that 
the RSM-NN framework demonstrated excellent agreement with the 
experimental observations, achieving R² values of approximately 0.999 
for both Li and Co with negligible standard deviations, indicating strong 
stability (Fig. 6). The small deviations of the predicted values from the 
45◦ reference line represent the residual prediction errors of the model 
and indicate that the predictions closely follow the experimental ob
servations across the investigated range. The limited scatter around the 
reference line, together with the high R² values and low RMSE values, 
indicates high predictive accuracy and consistent performance, 
although these results should be interpreted within the range of exper
imental conditions represented in the dataset. These results highlight the 
advantage of integrating established empirical relationships with data- 
driven learning: the RSM-NN leverages the trends captured by the 
RSM while improving predictive accuracy through residual learning. 
The resulting model produces smooth and consistent response patterns 
and demonstrates the capability to capture both the dominant trends 
represented by the RSM and additional nonlinear variations in the 
leaching behavior of Li and Co from spent LIBs.

1.4. Model Performance and Partial Dependency Analysis

Following the development of the RSM-NN framework, the predic
tive performance of all models was systematically compared to evaluate 
their capability in representing the leaching behavior of Li and Co. The 
leaching process was modeled using four supervised learning ap
proaches: LR, QPR, NN, RF, and the integrated RSM-NN. Table 2

Fig. 6. Plot of predicted vs actual for the RSM-integrated PINN model.

Table 2 
Performance comparison of the predictive models for Li and Co recovery (The values represent mean ± standard deviation obtained from 5-fold CV).

Metrics R2 (Li) R2 (Co) RMSE (Li) RMSE (Co)

RSM [29] 0.989 0.965 2.110 3.600
LR 0.797 ± 0.065 0.877 ± 0.037 7.358 ± 0.794 5.597 ± 0.656
QPR 0.941 ± 0.017 0.966 ± 0.010 3.997 ± 0.474 2.949 ± 0.425
NN 0.940 ± 0.030 0.959 ± 0.019 3.920 ± 0.606 3.160 ± 0.506
RF 0.986 ± 0.006 0.988 ± 0.006 1.938 ± 0.318 1.725 ± 0.364
RSM-NN 0.999 ± 0.000 0.999 ± 0.000 0.005 ± 0.000 0.004 ± 0.000
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summarizes the performance metrics of these models alongside the 
metrics of the RSM from the original study [29]. The RSM-NN frame
work provides an additional modeling capability beyond the standalone 
NN by using the established RSM relationship as an empirical baseline 
and learning a residual correction from the experimental data. While the 
standalone NN directly learns the relationship between the process 
variables and metal recovery, the RSM-NN decomposes the prediction 
into the RSM contribution and a learned residual component. Therefore, 
deviations between the predicted and actual values arise from the re
sidual prediction error that remains after the RSM contribution and the 
learned correction are combined. These deviations are expected because 
the model does not reproduce every experimental observation exactly 
and reflect the remaining prediction error of the model. The relatively 
small deviations, together with the R² and RMSE values, indicate high 
predictive accuracy and reliable agreement with the experimental data. 
The RSM-NN achieves an R² of 0.999 for both Li and Co recovery effi
ciencies, compared with R² values of 0.989 and 0.962 for Li and Co, 
respectively. This corresponds to an increase of 0.010 in R² for Li and 
0.037 for Co from the RSM model reported in the original study [29]. 
The resulting improvement in predictive performance demonstrates the 
potential benefit of integrating an established empirical model with 
residual NN learning.

The RSM constraint also serves as a regularization mechanism, 
encouraging predictions to remain consistent with the empirical process 
trends captured by the RSM model across the design space. The RSM-NN 
model therefore combines the flexibility of data-driven learning with 
empirical information captured by the established RSM, resulting in 
high predictive accuracy and stability across the evaluated models. The 
superior performance of the RSM-NN model is further illustrated 
through partial dependency plots (PDPs) of Li and Co recovery effi
ciencies. The dependency of recovery efficiency on power and temper
ature at a fixed time of 70 min (Fig. 7) reveals a well-defined optimal 
region, with both Li and Co recoveries increasing with temperature and 
ultrasonic power before approaching a plateau. The combined response 
indicates an interaction between power and temperature, with the re
covery efficiency depending on their combined operating levels and 
showing diminishing returns as both parameters increase. The time
–temperature PDP at a fixed power of 30% (Fig. 8) shows that recovery 
efficiencies rise rapidly with time and achieve near-complete extraction 

within a relatively short duration, while the influence of temperature is 
more gradual. This indicates that at the fixed power level of 30%, re
action time has a stronger influence on recovery than temperature 
within the explored operating range, while the combined variation of 
time and temperature contributes to the observed recovery response. 
Similarly, the power–time PDP (Fig. 9) demonstrates that recovery ef
ficiencies increase primarily with time, whereas ultrasonic power exerts 
a weaker influence.

The smooth and consistent trends observed in these PDPs provide an 
interpretable representation of the modeled relationships without the 
spurious fluctuations often seen in purely data-driven models. These 
trends are qualitatively consistent with the experimental observations 
and the empirical relationships represented by the RSM; however, the 
PDPs alone do not constitute independent validation of the underlying 
chemical or kinetic mechanisms. Overall, the results demonstrate a clear 
progression in modeling capability: from the underfitting LR model to 
the more flexible OPR, NN and RF models, and finally to the RSM-NN. 
The RSM-NN integrates data-driven learning with RSM-based con
straints to achieve both high predictive accuracy and improved inter
pretability of the leaching process. Although it demonstrates very high 
accuracy and stability across 5-fold CV, its performance primarily re
flects the strength of the hybrid modeling framework, with the RSM 
providing empirical guidance from the same dataset.

2. Conclusion

This study focused on analyzing the predictive performance of 
selected machine learning models on the ultrasound-assisted leaching 
efficiencies of Li and Co from spent LIBs. Four standalone supervised 
learning approaches, LR, QPR, NN, and RF, were firstly evaluated using 
the experimental data sourced from a prior research study. Furthermore, 
an RSM-NN modeling framework was formulated by incorporating the 
RSM formulation as an empirical constraint during training. The 
resulting model captured the nonlinear relationships between ultrasonic 
power, temperature, and leaching time, providing a flexible data-driven 
representation while maintaining consistency with the empirical trends 
captured by the RSM model. Overall, the results highlight the potential 
of RSM-informed machine learning frameworks to complement con
ventional RSM models by improving predictive modeling of complex 

Fig. 7. PDP of metal recovery efficiencies with power and temperature at fixed time of 70 min.
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nonlinear relationships and providing valuable insights for optimizing 
metal recovery processes from spent LIBs. It is anticipated that the 
present RSM-NN framework can support improved understanding and 
optimization of metal recovery processes from spent LIBs by providing 
reliable predictive tools for analyzing the influence of key operating 
parameters. Future work will investigate the effects of acidification and 
NaOH concentration on the resulting precipitation behavior and metal 
recovery.
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Appendix

Hyperparameter Selection for NN model:

Figure A1. Effect of hidden-layer configuration on training and CV R² scores for Li and Co recovery

The results from Fig. A1 shows that the (16, 8) hidden-layer configuration provides the highest CV R² for Li and a comparable high CV performance 
for Co. Therefore, the (16, 8) configuration was selected for the NN model. 
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Figure A2. Effect of learning rate on training and CV R² scores for Li and Co recovery

The training and CV R² scores remained essentially unchanged across the evaluated learning rates as depicted in Fig. A2. A learning rate of 0.1 was 
selected for the final NN configuration because it provided faster training while maintaining comparable predictive performance.

Hyperparameter selection of RF model: 
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Figure A3. Effect of Maximum Tree Depth on Training and CV R² Scores for Li and Co Recovery

Fig. A3 shows that the CV R² scores increase as the maximum tree depth increases initially, reaching the highest performance at a maximum tree 
depth of 6 for both Li and Co recovery. Further increasing the tree depth results in a decrease in CV performance, despite continued improvement in 
the training R². Therefore, a maximum tree depth of 6 is selected for the RF model as it provided the highest CV performance for both responses while 
avoiding the decline observed at greater depths. 
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Figure A4. Effect of Number of Trees on Training and CV R² Scores for Li and Co Recovery

The CV R² scores increase as the number of trees increases, with the highest performance reached at approximately 10 trees for both Li and Co 
recovery (Fig. A4). Increasing the number of trees beyond 10 provides no further improvement in CV performance, while the training R² continues to 
increase slightly. Therefore, 10 trees were selected for the final RF model as it provides the highest CV performance without unnecessary increases in 
model complexity.

Data availability

Data will be made available on request.

References

[1] H. Li, Z. Cui, W. Tang, Recent Advances in Hydrometallurgical Recycling of Spent 
Li-ion Batteries, Adv. Sustain. Syst. 9 (12) (2025).

[2] P. Li, S. Luo, G. Hao, K. Sun, Q. Liu, M. Møller, D. Wang, P.K. Kristensen, 
L. Gurevich, L.R. Jensen, L. Wang, X. He, Pollutant-free pyrolysis strategy for direct 
upgrading of cathode materials from spent lithium-ion batteries, J. Hazard. Mater. 
481 (2025) 136553.

[3] P. Li, S. Luo, Y. Lin, J. Xiao, X. Xia, X. Liu, L. Wang, X. He, Fundamentals of the 
recycling of spent lithium-ion batteries, Chem. Soc. Rev. 53 (24) (2024) 
11967–12013.

[4] Y.E. Milian, N. Jamett, C. Cruz, S. Herrera-León, J. Chacana-Olivares, 
A comprehensive review of emerging technologies for recycling spent lithium-ion 
batteries, Sci. Total. Environ. 910 (2024).

[5] S. Yan, C. Sun, T. Zhou, R. Gao, H. Xie, Ultrasonic-assisted leaching of valuable 
metals from spent lithium-ion batteries using organic additives, Sep. Purif. 
Technol. 257 (2021) 117930.

[6] F. Jiang, Y. Chen, S. Ju, Q. Zhu, L. Zhang, J. Peng, X. Wang, J.D. Miller, Ultrasound- 
assisted leaching of cobalt and lithium from spent lithium-ion batteries, Ultrason. 
Sonochem. 48 (2018) 88–95.

[7] Z. Tong, X. Ren, M. Ni, X. Bu, L. Dong, Review of Ultrasound-Assisted Recycling 
and Utilization of Cathode Materials from Spent Lithium-Ion Batteries: State-of-the- 
Art and Outlook, Energy & Fuels 37 (19) (2023) 14574–14588.

[8] L. Yuan, W. Shang, T. Min, J. Xiao, B. Mahara, X. Chen, Recycling of spent lithium- 
ion batteries through ozone-chemistry, J. Colloid Interface Sci. 704 (2026).

[9] S. Zhang, Q. Chen, W. Gu, J. Bai, Ultrasound enhances the recycling process and 
mechanism of lithium from spent LiFePO4 batteries by Acidithiobacillus 
ferrooxidans, Sci. Rep. 15 (1) (2025).

[10] H. Deng, R. Hong, B. Wang, J. Xu, G. Yang, Z. Shi, W. He, G. Li, Ultrasonic 
enhanced preferential leaching process of Li from waste lithium-ion batteries using 
oxalic acid focused on optimization and mechanism, Sep. Purif. Technol. 364 
(2025).

[11] X. Xiao, B.W. Hoogendoorn, Y. Ma, S. Ashoka Sahadevan, J.M. Gardner, 
K. Forsberg, R.T. Olsson, Ultrasound-assisted extraction of metals from Lithium-ion 
batteries using natural organic acids, Green. Chem. 23 (21) (2021) 8519–8532.

[12] T. Ketegenov, K. Kamunur, L. Mussapyrova, A. Batkal, R. Nadirov, Enhanced 
Recovery of Lithium and Cobalt from Spent Lithium-Ion Batteries Using 
Ultrasound-Assisted Deep Eutectic Solvent Leaching, Metals 14 (9) (2024).

[13] X. Lv, J. Lin, Q. Huang, X. Sun, E. Fan, R. Chen, F. Wu, L. Li, An Emerging and 
Consummate Photocatalysis-Assisted Strategy for Efficient Recycling of Spent 
Lithium-Ion Batteries, ACS Energy Lett. 8 (10) (2023) 4287–4295.

V. Vijayaraghavan et al.                                                                                                                                                                                                                      Future Batteries 12 (2026) 100221 

12 

http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref1
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref1
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref2
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref2
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref2
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref2
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref3
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref3
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref3
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref4
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref4
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref4
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref5
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref5
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref5
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref6
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref6
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref6
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref7
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref7
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref7
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref8
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref8
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref9
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref9
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref9
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref10
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref10
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref10
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref10
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref11
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref11
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref11
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref12
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref12
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref12
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref13
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref13
http://refhub.elsevier.com/S2950-2640(26)00082-1/sbref13


[14] Y. Su, A. Berbille, X.F. Li, J. Zhang, M. PourhosseiniAsl, H. Li, Z. Liu, S. Li, J. Liu, 
L. Zhu, Z.L. Wang, Reduction of precious metal ions in aqueous solutions by 
contact-electro-catalysis, Nat. Commun. 15 (1) (2024).

[15] H. He, J. Feng, X. Gao, X. Fei, Selective separation and recovery of lithium, nickel, 
MnO2, and Co2O3 from LiNi0.5Mn0.3Co0.2O2 in spent battery, Chemosphere 286 
(2022).

[16] W. Xuan, A. Chagnes, X. Xiao, R.T. Olsson, K. Forsberg, Antisolvent Precipitation 
for Metal Recovery from Citric Acid Solution in Recycling of NMC Cathode 
Materials, Metals 12 (4) (2022).

[17] B. Makuza, D. Yu, Z. Huang, Q. Tian, X. Guo, Dry Grinding - Carbonated 
Ultrasound-Assisted Water Leaching of Carbothermally Reduced Lithium-Ion 
Battery Black Mass Towards Enhanced Selective Extraction of Lithium and 
Recovery of High-Value Metals, Resour. Conserv. Recycl. 174 (2021).

[18] W.-Y. Wang, C.H. Yen, J.-K. Hsu, Selective recovery of cobalt from the cathode 
materials of NMC type Li-ion battery by ultrasound-assisted acid leaching and 
microemulsion extraction, Sep. Sci. Technol. 55 (16) (2020) 3028–3035.

[19] D. Izci, S. Ekinci, M. Jabari, M. Bajaj, V. Blazek, L. Prokop, A.R. Yildiz, S. Mirjalili, 
A new intelligent control strategy for CSTH temperature regulation based on the 
starfish optimization algorithm, Sci. Rep. 15 (1) (2025).

[20] Y. Zhao, S.C. Chu, A.R. Yildiz, J.S. Pan, Optimized Multiple Regression Prediction 
Strategies with Applications, Symmetry 17 (7) (2025).

[21] S. Talatahari, F. Chen, A.H. Gandomi, Developing a robust machine learning 
framework for predicting the behavior of large-scale structure, J. Build. Eng. 105 
(2025) 112204.

[22] V. Vijayaraghavan, A. Garg, L. Gao, Predicting the remaining useful life of nickel- 
manganese-cobalt batteries using ensemble gradient boosting with probabilistic 
estimation, J. Energy Storage 135 (2025) 118374.

[23] V. Lee, Q. Zhong, C.M.M. Chin, L. Gao, A. Garg, Enhancing Battery Cooling 
Efficiency: Topology Optimization and Coolant-Material Synergy in Double-Outlet 
Cold Plates, J. Electrochem. Energy Convers. Storage 23 (1) (2026).

[24] T.E. Litvinova, V.O. Golubev, N.V. Tuleshov, PINN-PBE Model for Describing 
Gibbsite Crystallization Dynamics, Metals 16 (8) (2026) 903.

[25] M. Israr, A. Hussain Shah, A. Ayub, A.U. Rehman, M. Asif, Physics-informed neural 
network modeling of antipyrine reaction kinetics in chemical synthesis pathways 
with applications in reaction mechanism analysis and process modeling, Chem. 
Eng. Sci. 338 (2027).

[26] H. Wang, S. Li, N. Zhang, An AIPC-based controller for chemical process 
operations: Development and validation on a rigorous dynamic model, Comput. 
Chem. Eng. 216 (2027).

[27] M. Amiri, Physics-informed deep learning for molecular solubility prediction: 
integrating thermodynamic constraints with neural network architectures, Sci. 
Rep. 16 (1) (2026).

[28] H.H. Liu, T.Y. Yen, M.S. Li, Y.T. Pan, T.E. Huang, Y.C. Chang, S.T. Li, K.Y. Lo, 
Physics-Informed Neural Network for adsorption-species analysis using acoustic- 
wave-based metal oxide gas sensors, Sens. Actuators A Phys. 410 (P1) (2026).

[29] T. Nshizirungu, M. Rana, Y.T. Jo, E. Uwiragiye, J. Kim, J.H. Park, Ultrasound- 
assisted sustainable recycling of valuable metals from spent Li-ion batteries via 
optimisation using response surface methodology, J. Environ. Chem. Eng. 12 (2) 
(2024).

[30] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, 
M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, 
D. Cournapeau, M. Brucher, M. Perrot, É. Duchesnay, Scikit-learn: Machine 
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