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Abstract

The rapid growth of electric vehicles and portable electronics has acceler-
ated end-of-life lithium-ion battery generation, creating pressing environmental
and economic challenges. Although recycling is essential for material recovery
and circular economy transition, there remains a lack of data-driven tools to
jointly predict circularity, processing cost, and profitability under evolving policy
frameworks such as U.S. Recycled Content Standards (RCS). Existing studies
predominantly rely on static material flow analyses or theoretical projections,
failing to capture real-world operational heterogeneity and economic trade-offs.
To address this gap, we present an explainable multi-fidelity regression frame-
work that integrates Principal Component Analysis—Information Gain (PCA-IG)
feature selection with a novel fidelity-based Bayesian Ridge Regression (BRR)
model. The proposed architecture synergizes a computationally efficient low-
fidelity predictor with a probabilistic high-fidelity BRR component, enabling
rapid yet accurate forecasting across three curated U.S. policy scenario datasets



spanning 2020-2050: material circularity, processing cost, and profitability. Com-
prehensive benchmarking against Random Forest, Support Vector Regression,
and Particle Swarm Optimization—tuned models demonstrates superior gener-
alization, achieving R? scores of 0.99 and minimizing mean absolute error to
0.01 (circularity), 0.04 (cost), and 0.11 (profit). Local Interpretable Model-
agnostic Explanations (LIME) further disaggregate feature influences, identifying
recycling throughput, virgin material value, and direct recycling adoption as pri-
mary drivers of economic and environmental performance. These insights are
operationalized through a web-based decision-support interface to assist policy-
makers and industry stakeholders in real-time scenario planning. The proposed
framework offers a scalable, interpretable, and deployment-ready solution for
optimizing LIB recycling strategies within U.S. regulatory and sustainability
contexts.

Keywords: Lithium-Ion Battery Recycling, Explainable AI (XAI), Circular Economy,
Machine Learning, Sustainability

1 Introduction

Since the advent of lithium-ion batteries (LIBs) in the 1970s, their demand has surged
significantly due to their utilization in electric vehicles (EVs), smartphones, and energy
storage systems [1]. As EVs and portable electronics continue to surge in popularity,
the demand for LIBs is rising rapidly. Although previously considered an overly ambi-
tious and expensive endeavor, the use of LIBs is steadily increasing the acceptance of
EVs [2]. However, this rapid adoption brings a pressing question: what happens when
these batteries reach the end of their life? Discarded LIBs pose serious environmental
risks, from leaking toxic metals into the soil and water to emitting greenhouse gases
when incinerated or dumped in landfills [3, 4].

In response, policymakers and industry leaders are turning to recycling as a sustain-
able solution. Recycling not only mitigates environmental damage but also recovers
critical materials like lithium, cobalt, and nickel—key to building a circular and secure
battery supply chain [5, 6]. Encouraged by efforts to combat climate change and global
warming, the EVs market in the US achieved a valuation of USD 49.1 billion in 2022.
By 2032, it is expected to reach USD 215.7 billion, growing at a compound annual
growth rate of 15.5% [7, 8]. Regulatory initiatives such as the U.S. Recycled Content
Standards (RCS) and California’s battery recycling mandates exemplify the increas-
ing policy emphasis on diverting end-of-life batteries from landfills and promoting
systematic resource recovery [9, 10].

However, LIB recycling has significant obstacles in spite of its potential. Conven-
tional methods such as hydrometallurgy and pyrometallurgy frequently have limited
scalability, high operating costs, and poor recovery efliciency [11, 12]. However, the
industry faces challenges such as low material recovery, high costs, and limited prof-
itability. New, greener recycling methods like chemical leaching and direct recycling
are emerging as better alternatives to traditional techniques [13]. At the same time,



machine learning (ML) is transforming the sector by enabling smarter decisions,
optimizing recovery processes, and improving real-time performance predictions [14].

While previous studies have projected future material needs and recycling potential
for regions like the U.S., European Union, China, and South Korea, these often focus
only on the theoretical availability of materials without considering real-world hurdles
like costs, collection rates, and processing efficiencies [15]. Advanced ML approaches,
including those paired with digital twins and deep learning (DL), help improve battery
lifecycle management but still depend heavily on past data and struggle to predict
recycling costs or profits in real time [16, 17]. In short, there’s still no simple and quick
way to reliably predict costs, circularity, and profitability for LIB recycling in the com-
ing years. Since recycling can be expensive or sometimes unprofitable, understanding
the key factors that drive profits or reduce costs is crucial. Without this insight, it’s
challenging for companies and policymakers to make smart decisions in a market and
regulatory landscape that’s constantly evolving.

This study addresses a critical gap by utilizing three structured datasets to exam-
ine how RCS for LIBs in the U.S. may evolve under various future scenarios involving
hydrometallurgical, pyrometallurgical, and direct recycling processes. A novel fidelity-
based regression model was developed, combining a fast, coarse-grained predictor with
a slower, high-precision model. This hybrid approach enables both rapid analysis and
highly accurate predictions for key outcomes: material recovery, per-kilogram process-
ing cost, and post-recycling profitability. To uncover the driving factors behind profit
and loss, the study applies feature importance analysis and explainable AI (XAI) meth-
ods. Additionally, a web-based decision-support tool was built to help stakeholders
and policymakers identify which recycling scenarios offer the most cost-effective and
sustainable outcomes. The key contributions of this study are summarized as follows:

e This study applies Principal Component Analysis—Information Gain (PCA-IG)
based feature selection to filter out less relevant variables, helping focus on the most
impactful factors that influence circularity, cost, and profit in LIB recycling.

® The proposed fidelity regression model outperforms traditional methods across all
three datasets, delivering the highest accuracy in the LIBs field.

® The proposed model integrates XAI to identify both positively and negatively
impactful features, helping to pinpoint which factors drive higher recycling profits
or contribute to cost reduction.

® A web-based real-life interface based on our model enables stakeholders to input
values, explore future scenarios, and make informed decisions to improve LIB
recycling.

® The key feature relationships also reveal which recycling methods and transport
options are most efficient in reducing the environmental footprint of LIB recycling.

The remainder of this paper is structured as follows: Section 2 reviews the relevant
literature; Section 3 describes the data collection process and methodology; Section 4
presents the experimental results along with a real-world web implementation; Section
5 discusses the findings in detail; and Section 6 concludes the paper and outlines
directions for future research.



2 Related Works

Recycling LIBs plays a vital role in boosting profitability, promoting circular resource
use, and enhancing cost efficiency within the industry. According to researchers,
emerging second-generation recycling technologies that incorporate green chemistry
are beginning to replace traditional, high-emission pyrometallurgical methods[18]. The
author explored the development of direct recycling techniques aimed at recovering
cathode materials of battery-grade quality, which represent a major share of overall
battery costs[19]. Existing recycling practices have traditionally focused on extracting
high-value metals such as cobalt and copper. However, recent advancements in tech-
nology are enabling the recovery of a broader range of materials, thereby promoting
the principles of a circular economy[20].

According to experimental characterization, recovery efficiency rates of the
cathodic metallic oxide using relatively cheap reagents with low environmental haz-
ardous potential and sub-processes created in accordance with the principles of the
Circular Economy are higher than 90% for LCO (with 98% purity in the case of cylin-
drical LIB cells and 80% for prismatic cells) and 80% for NMC LIB cells (with 85%
purity) [21]. Multi-objective goal programming has been applied to optimize recycling
strategies, improving operational efficiency while minimizing associated costs [22].
Ongoing technological innovations are also essential for adapting recycling methods to
the evolving chemical compositions of LIBs, supporting economically viable process-
ing solutions [23]. Despite these advancements, challenges remain, such as the need
for widespread adoption of new technologies and the economic viability of recycling
processes.

ML is transforming lithium battery recycling by enhancing predictive capabili-
ties and streamlining recycling operations. Recent studies indicate that incorporating
ML methodologies into recycling systems promotes sustainability,increases process
efficiency, and improves material recovery outcomes [24]. Researchers have employed
algorithms such as AdaBoost, Gaussian Processes, and convolutional neural networks
(CNNs) to assess battery health, with CNNs demonstrating superior predictive accu-
racy [25]. These predictive models, further refined through particle swarm optimization
(PSO), have significantly enhanced the estimation of LIB state of health (SOH) [26].
Other studies underscore the role of artificial intelligence (AI)—especially ML and
DL—in automating complex recycling tasks like sorting, classification, and disassem-
bly, thereby minimizing human error and increasing operational efficiency. Moreover,
Al-enabled systems are equipped with advanced sensing technologies to ensure precise
characterization of materials [27]. Although notable progress has been made, per-
sistent challenges—including data integrity, scalability, and adherence to regulatory
standards—continue to hinder development.

Numerous regression models have been studied for their capacity to predict bat-
tery performance and recycling viability, including Random Forest, Linear Regression
(LR), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and PSO regres-
sion. While serving as a fundamental benchmark, LR is often employed for comparison;
however, its performance declines when applied to the inherently non-linear charac-
teristics of battery behavior [28]. According to other studies, SVM has been applied to



estimate the state of charge (SOC), exhibiting strong accuracy in real-time implemen-
tations, though it may be outperformed by ensemble methods like Gaussian Processes
[29]. The combination of traditional ML and DL techniques offers a workable solution
for real-time LIB health monitoring, illustrating the harmony between interpretability
and complexity [30]. Despite their promising ability to forecast battery performance
and assess recycling feasibility, regression models continue to face limitations stemming
from suboptimal data quality and elevated model complexity.

Accurately predicting the Remaining Useful Life (RUL) of LIBs is essential for
ensuring safety, enhancing reliability, and enabling cost-effective maintenance in elec-
tric power systems. The authors proposed a hybrid model that integrates the Whale
Optimization Algorithm (WOA), Variational Mode Decomposition (VMD), and Long
Short-Term Memory (LSTM) networks to tackle the challenge of capacity recovery,
which can distort RUL predictions [31]. In a similar vein, introduced an RUL prediction
framework utilizing WOA to optimize the parameters of LSTM [32]. This model, vali-
dated using the NASA battery dataset, exhibited better convergence performance than
alternative metaheuristic algorithms such as PSO and Artificial Bee Colony (ABC).
To further mitigate issues related to generalization and sensitivity to noise, developed
a model incorporating the Improved Sparrow Search Algorithm (ISSA), VMD, and
LSTNet, enhanced with attention mechanisms and skip connections [33].

The integration of ML regression techniques with XAI has become increasingly
critical in advancing the efficiency and sustainability of LIB recycling processes.
Contemporary research underscores the expanding role of AI in battery waste
management, highlighting its capacity to optimize recycling operations, minimize
environmental footprint, and promote sustainable practices through enhanced data
interpretation and automated decision-making [34]. Recent developments in RUL pre-
diction for EV LIBs have introduced ensemble-based ML models that leverage the
complementary strengths of multiple algorithms to improve predictive reliability and
robustness [35]. Moreover, Al and ML methodologies are being widely deployed in
renewable energy applications, where they bolster forecasting precision, refine energy
allocation, and enhance storage system performance through adaptive control and
predictive analytics [36].

XAI in ML is being used more and more in LIB recycling to improve opera-
tional efficiency and predictive maintenance. Methods such as Shapley values enable
the identification of influential features that determine a battery’s RUL, thereby sup-
porting more informed recycling and maintenance decisions [37]. Research further
indicates that Al-enabled recycling frameworks contribute to the circular economy by
facilitating the efficient recovery of valuable materials, reducing environmental harm
and resource depletion [38]. Additionally, SHAP-based XAI to dissect the influence
of operational features—temperature, cycle index, voltage, and current—on model
predictions, highlighting temperature as the dominant factor shaping discharge capac-
ity outcomes [39]. Addressing these technological challenges, therefore, is critical for
unlocking the full potential of Al in achieving sustainable recycling systems. Although
XAI presents valuable benefits for LIB recycling, it also introduces critical chal-
lenges—including the imperative for strong cybersecurity protocols and the delicate
balance between predictive accuracy and model transparency.



The lack of data-driven predictive modeling limits previous research, such as that
done by Dunn j. et al., [40], from shedding light on the viability of recycled con-
tent standards for cobalt, lithium, and nickel in the United States through material
flow analysis, techno-economic assessment, and life cycle assessment. Interestingly,
they don’t use XAI or ML to predict operational efficiency, performance, or economic
feasibility. The estimation of battery health, regression modeling for recycling opti-
mization, and the impact of operational variables (such as cycle index, current, and
temperature) on results are also ignored in these studies. On the other hand, our
study fills these gaps by using a fidelity-based ensemble regression model enhanced
with interpretability-enhancing X AI. Using the same dataset as Dunn j., et al.[40], our
approach offers a more granular and predictive model that strengthens profitability
forecasting, promotes transparency, and informs circular economy strategies through
robust analytics.

3 Research Methodology

This section outlines the research approach for LIB, including key study components.
The main steps involve data collection, preprocessing, feature engineering, model
selection, and hyperparameter tuning. Additionally, XAI helps interpret the model’s
predictions, and a React-based web application is used to test its performance in
real-world scenarios. Figure 1 provides a clear summary of the methodology, visually
representing the proposed approach.

3.1 Data Collection and Description

Our research utilizes a well-curated dataset from a publicly available study [40] hosted
on Dryad [41]. We use three well-organized datasets, which explored how RCS for LIBs
in the U.S. might evolve from 2020 to 2050. The first dataset, OUTPUT_MFA, tracks
how materials flow over time—Ilike how much is recycled, how much energy is retired,
and how circular the system becomes under different policy and tech scenarios. The
second, OUTPUT _Everbatt, breaks down the recycling costs ($/kg) by process type,
disassembly levels, and transport methods. The third, OUTPUT _sensitivity, shows
how profitability shifts depending on economic and transportation assumptions. These
datasets span a 30-year period and include over 800 scenario variations, specifically
designed to support policy analysis and advanced research. For easier reference and
understanding, we renamed the 'OUTPUT_MFA’, ’'OUTPUT _Everbatt’, and ’OUT-
PUT _sensitivity’ datasets to Circularity dataset, Cost dataset, and Profit dataset,
respectively. The Circularity dataset contains 14 features, while the Cost dataset and
Profit dataset each have 10 features. Tables 1, 2, and 3 present detailed overviews
of the features in the Circularity, Cost, and Profit datasets, respectively.

3.2 Data Preprocessing

For the preprocessing of the three LIB recycling datasets, we ensured that there
were no missing values and removed any unnecessary columns. Some categorical vari-
ables in each dataset were transformed into numerical values using one-hot encoding



L MFA Dataset J]E>> |

L Everbatt Dataset J

L Sensitivity Dataset ﬂ;>> |

Q=1
IE> | '@ > Feature Engineering

{ Data preprocessingJ] - J —

[ Data partition N

: : 3
[ Training Set ] [ Validation set ] [ Test Set

Data
Collection

Best performing ‘ = MAE
models with = ML M9d61 = MSE
proposed model for Selection o —| « RMSE
comparison analysis L = R2
' ’ = RMSLE
Hyper-parameter . .
L Tuning '% ‘ Evalution Matrices = MAPE

Web application to
predict real world
data scenarios

Explainable Al
P a::; € k:[ Result Analysis ]

Fig. 1: Proposed Analytical Pipeline for Predicting Circularity, Cost, and Profit in
LIB Recycling.

and label encoding techniques. Specifically, in the Circularity dataset, one-hot encod-
ing was applied to the ’recycling.process’, ’Sales.Scenario’, and ’Cathode.Scenario’
columns, while label encoding was used for the ’scenario.percent.repurposed’, ’sce-
nario.reuse.lifespan’, and 'material’ columns. In the Cost dataset, one-hot encoding
was performed on the "Type’ and 'Location of recycling’ columns, and label encoding
was applied to the ’Category’ and ’material’ columns. For the Profit dataset, one-
hot encoding was used for the 'Type’, 'Cathode Scenario’, 'Location scenario’, and
"location of recycling’ columns, while the ’scenarios’ column was label encoded. After
applying the encoding techniques, the Circularity dataset increased from 14 to 18 fea-
tures, the Cost dataset expanded from 10 to 13 features, and the Profit dataset grew
from 10 to 15 features. Next, we applied outlier detection using the Interquartile Range
(IQR) technique to enhance the analysis. The IQR is a robust method for detecting
outliers in a dataset [42]. It is calculated as the difference between the 75th percentile
(Q3) and the 25th percentile (Q1):

IQR = Q3 — @ (1)

Outliers are identified as values outside the bounds:



Table 1: Circularity Dataset Features and Descriptions with Statistics.

Feature | Data | Description Mean | Std. Min Max Range
Name Type Dev.
Year integer| Year of analysis 2035 | 8.94 2020 2050 30
Scenario | string | Repurposing -] - - - -
percent percentage sce-
repur- nario
posed
Scenario | string | Reuse Iifespan - - - - -
reuse scenario
lifespan
Material | string | Type of mate- - - - - -
rial analyzed
Recycling| string | Type of recy- - |- - - -
-process cling  process
used  (direct,
hydro, pyro)
Sales. string | Sales scenario - |- - - -
Scenario type (SDS,
STEPS)
Cathode. | string | Cathode chem- - - - - -
Scenario istry type
(LFP, NCX)
KWh. | float | Total retired | ogaort | 199008 | 2400 | LOGI48, | 1OGH0,
retired kWh for the
year and sce-
narios
. 131,402 24 192 419,52 41
kg.. float Total ret}red 34}590 ’ 30%78 2 9%5’ 3, 0%795 6 13 0%’233’
retired battery weight
(kg)
kg. float Total recovered 871’127’ 238’46004’ 0 3’012’5 73, 3’012’5 73,
recycled.- material (kg)
weight
609,583, | 487,128, | 19,444, | 1,548,418, | 1,528,973,
kWh float Total kWh 478 769 307 148 341
demand for the
year and sce-
narios
kg.demand float Total material 52?)’13465’ 96?)7622007 1%1195?’ 5’61%’8361’ 5’6%11’5?66’
demand (kg)
Circulari-| float Circularity per- 0.15 [ 0.13 0.00 1.04 1.04
ty (%) centage
Collection| float Battery collec- 0.775 | 0.11 0.60 0.95 0.35
_rate tion rate
Lower Bound = @1 — 1.5 x IQR (2)
Upper Bound = Q3 + 1.5 x IQR (3)

Data points below the lower bound or above the upper bound are considered out-
liers. After outlier removal, the Circularity dataset decreased from 187,488 to 146,803




Table 2: Cost Dataset Features and Descriptions with Statistics.

Feature Data | Description Mean | Std. | Min| Max | Range
Name Type Dev.
Category string | Defines the category of | - - - - -
output number
Output float Cost-related values (e.g., | 136.08 | 441.70 0.00 2078 2078
. . .06 .06
recycling, collection, and
disassembly costs)
Type string | Type of recycling used | - - - - -
(direct, hydro, pyro)
Material string | Material being recycled - - - - -
Year integer| Year of analysis 2035 8.94 2020 | 2050 | 30
Location of | string | Location where supply is | - - - - -
retired supply retired
Recycling integer| Recycling plant through- 1,000| 50,000 49,000
Throughput put per year (metric tons) 13,928 | 14,805
.57 .74
Cathode Sce- | integer| Cathode chemistry sce- | 1.50 0.50 1 2 1
nario nario (1 = NCX, 2 = LFP)
Location sce- | integer| Recycling and transporta- | 2.00 0.82 1 3 2
nario tion mode scenario
Location of | string | Recycling location - - - - -
recycling

datapoints, the Cost dataset from 294,252 to 166,284, and the Profit dataset from 8,586
to 6,222 datapoints. Also, 80% of the data was allocated for training, 20% for test-
ing, and 20% of the training data was further reserved for validation. Data partition
details are shown in Table 4.

3.3 Feature Engineering

After completion of data preprocessing and splitting, we proceeded with feature engi-
neering. We employed a Principal Component Analysis combined with Information
Gain (PCA-IG) for feature importance analysis. This approach accurately identifies
the most influential features by integrating PCA with Information Gain [43]. PCA
is applied to reduce dimensionality, and Information Gain is then used to evaluate
the relevance of the transformed features to the target variable. PCA-IG rankings
were derived exclusively from the training subset to ensure that feature importance
estimates remained blind to the validation and test distributions.

Given a dataset X with N samples and d features, PCA tries to develop a
transformation matrix W so that,

Xnew=X-W (4)

PCA reduces the original data matrix X (size n x d) by transforming it with W

(size d x k), where k is the number of principal components. The resulting X ey (size

nx k) captures the dataset’s variance using the most significant components. Equation
4 describes PCA, whereas Information Gain for a feature A is defined as,



Table 3: Profit Dataset Features and Descriptions with Statistics.

Feature Data Description Mean | Std. Min | Max | Range
Name Type Dev. (Max
- Min)
Type string Type of recycling used - - - - -
(Pyro, Hydro, Direct)
Year integer Year of analysis 2035 | 9 2020 2050 | 30
Location of | string Location where supply - - - - -
retired sup- is retired
ply
Recycling integer Recycling throughput - - - - -
Through- per year (metric tons)
put
Cathode string Cathode chemistry sce- - - - - -
Scenario nario (LFP, NCX)
Location string Recycling and trans- - - - - | -
scenario portation mode sce-
nario
Location of | string Location where recy- - - - - -
recycling cling occurs
Scenarios string Cost and profit scenar- - - - - -
ios
Virgin float Value of virgin mate- 6 | 2 3 13 | 10
material rials recovered from
value (8) recycling ($/kg)
Cost to | float Cost of recycling mate- 511 4 8 | 4
recycle ($) rials ($/kg)
Profit (%) float Profit or loss from 1|2 -2 8 | 10
recycling ($/kg)

Table 4: Dataset Split Sizes and Target Variables.

Dataset Target Column | Training Validation | Test Set Size
Set Size Set Size
Circularity Dataset circularity (%) 93,953 23,489 29,361
Cost Dataset Output 106,421 26,606 33,257
Profit Dataset Profit (%) 3,981 996 1,245
IG(A) = H(Y) — H (Y]4) (5)

Where H (V) is the target variable’s entropy and H (Y|A) is the target variable’s
conditional entropy given the feature A.

This hybrid approach is effective for large, complex datasets with high dimension-
ality. Figure 2 presents the feature importance analysis based on PCA-IG for the three
datasets.

In figure 2a, which shows the Circularity dataset, the importance scores highlight
the most influential features for predicting the target variable. The top features include
kg.retired (1.801464), kg.demand (1.591443), and recycling.process_hydro (1.416497).
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Fig. 2: Feature importance analysis for different datasets: (a) Circularity, (b) Cost,
and (c) Profit.

Other important features are kg.recycled.weight (1.410843), recycling.process_pyro
(0.993109), and Sales.Scenario_ STEPS (0.809103). On the other hand, features like

11



Year (0.201031) and kWh.retired (0.232636) had lower importance, showing they were
less relevant for prediction in this dataset.

In figure 2b, the feature importance scores for the Cost dataset highlight key pre-
dictors, with Recycling Throughput (6.417708), Category (6.322921), and Type_Pyro
(5.612451) being the most influential. Other significant features are Type_Direct
(2.863190), Location of recycling (China and U.S., both 2.826638), and Location sce-
nario (2.690714), while Year (1.766049), material (1.111236), and Type_All (0.970906)
have lower importance.

In figure 2c for the Profit dataset, the most important features are Type_Direct
(2.174265), Virgin material value ($1.995465), and Type_Pyro (1.937538). Other sig-
nificant features include Cost to recycle ($1.127116) and Location scenario-US-truck
(1.117374). Features such as Location of recycling_China (0.841526), Location of recy-
cling_U.S. (0.841526), Cathode Scenario NCX (0.758868), and Type_Hydro (0.431217)
show lower importance, while Location scenario_US-train (0.201644) and scenarios
(0.020522) have the least impact on the prediction task.

3.4 ML Model Selection

After data preparation, the most effective ML and DL models were chosen for analysis.
These models were implemented using popular Python libraries to assess different
aspects of the prediction task.

Random Forest Regression (RFR) is an ensemble learning method that builds mul-
tiple decision trees and averages their predictions to enhance accuracy and reduce
overfitting. Linear Regression (LR) models the relationship between a dependent vari-
able and one or more independent variables by fitting a linear equation to minimize
the error. Bayesian Ridge Regression (BRR) applies a probabilistic approach to linear
regression, incorporating a prior distribution on the coefficients to prevent overfitting
and improve generalization. Support Vector Regression (SVR) uses the principles of
Support Vector Machines to find a hyperplane that best fits the data while maintain-
ing a margin of tolerance for errors, making it robust to outliers. K-Nearest Neighbors
(KNN) regression predicts a value by averaging the target values of the k closest
data points, making it simple yet effective for non-linear relationships. The Stepwise
Regression Backpropagation Neural Network (SR-BPNN) model combines LassoCV
for feature selection with a backpropagation neural network to improve predictive
accuracy in regression tasks by fine-tuning both the features and the neural network
parameters. For each dataset, the best-performing machine learning model was further
optimized using swarm intelligence algorithms, including PSO, Artificial Bee Colony
(ABC), Grey Wolf Optimizer (GWO), and Genetic Algorithm (GA), to enhance pre-
dictive performance. Among all optimization techniques, PSO consistently achieved
the most significant performance improvement. PSO is a swarm intelligence method
where particles collaborate and learn from each other to find the best solution [44]. We
then applied our proposed fidelity-based model, customized with each dataset’s best-
performing ML model, for analysis and comparison. The following section provides a
detailed overview of our proposed model.
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3.5 Proposed Fidelity Regression Model

The Fidelity-Based Regression Model integrates high-fidelity (HF) and low-fidelity
(LF) models to optimize predictive performance. HF models, while more accurate,
incur higher computational costs, whereas LF models are computationally efficient
but less precise. By combining both models, this approach strikes a balance between
accuracy and computational efficiency, resulting in a robust and effective predictive
framework.

In this method, the LF model offers a quick initial approximation, which is
then refined by the more accurate HF model, ensuring a hierarchical structure that
optimizes both speed and precision for superior predictive performance.

3.5.1 General Regression Formulation

In a typical regression problem, the target variable y is predicted as a function of input
features X and model parameters 6:

y=[f(X,0)+¢ (6)
Where y is the target variable, X is the matrix of input features, and f(X,0) is
the model function. The term e represents the error (residuals).

3.5.2 Low-Fidelity and High-Fidelity Models

The LF Model fr(X,05F), which is computationally efficient but may sacrifice accu-
racy for speed, and the HF Model fir(X,0pF), which provides higher accuracy but
requires greater computational resources for predictions. The overall prediction ¢ is
obtained by combining the outputs of both models:

§=afer(X,00r)+ (1 =) fur(X,0ur) + ¢ (7)

Where « is the weighting factor, controlling the contribution of the LF and HF

models to the final prediction, with 0 < o < 1. frp(X,0rF) is the output of the LF
model, and fypr(X,0p5F) is the output of the HF model.

3.5.3 Loss Function and Model Optimization

To combine the model effectively, we minimize a loss function that accounts for both
the prediction error and the complexity of the models. The loss function can be defined
as:

n

LOLp,0nr) = Z( — (afLr(X,0Lp)  +(1— a)fHF(XingF)))Q .
i=1 8

+2 (6213 + 1027113

In this equation, y; represents the observed target values for the i-th data point,
and X; denotes the input feature vectors for the same data point. The term A is a reg-
ularization parameter that prevents overfitting by penalizing large model parameters
through L2 regularization. Additionally, |01 r||3 and |0y |3 are the L2 regularization
terms applied to the LF and HF model parameters, respectively.
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3.5.4 Optimization Method

The Fidelity-Based Regression Model was optimized using standard ML algorithms,
with BRR demonstrating the best overall performance. The optimization process
employed a probabilistic regularization framework combined with GridSearchCV-
based hyperparameter tuning to identify the optimal parameter configuration,
ensuring an effective balance between bias and variance for improved generaliza-
tion capability. Algorithm 1 presents the architecture of the proposed customized
fidelity-based regression framework applied to the BRR model.

Algorithm 1 Fidelity Regression with Bayesian Ridge and Grid Search Optimization

Generate feature data X over the range [0, 10]
Compute high-fidelity target: ynigh = sin(X) + cos(X)
Compute low-fidelity target: yjow = sin(X)
Split the data into training, validation, and test sets
Standardize the feature sets using StandardScaler
Initialize a BayesianRidge regression model
Define the hyperparameter grid:
1,00 € {1076, 1073, 1071}
A1, Ap € {1076,1073, 1071}
Perform GridSearchCV with 5-fold cross-validation to identify the best hyperpa-
rameters
11: Fit the model to the training data
12: Retrieve the best estimator from grid_search.best_estimator_
13: Predict the target values for the test set using the optimized model
14: Compute and output evaluation metrics (e.g., MAE, RMSE, R?)

© ® 3> gk W

-
=

3.6 Hyperparameter Tuning

Once the models were selected, the next crucial step was fine-tuning the hyperparame-
ters to boost performance. Table 5 provides an overview of the hyperparameters used
across all models. The proposed Fidelity-Based BRR utilizes alphay, alphas, lambday,
and lambdas values of [le — 6,1e — 3, 1e — 1], with hyperparameters tuned via Grid-
SearchCV. Across the three datasets, PSO-optimized and Fidelity-based BRR models
were applied based on their superior performance in each dataset scenario.

3.7 Evaluation Matrices

Each model’s performance was assessed using six key regression metrics. These include
the Mean Absolute Error (MAE), which measures the average absolute difference
between predicted and actual values; Mean Squared Error (MSE), which computes the
average squared difference; Root Mean Squared Error (RMSE), providing the square
root of MSE for interpretability; R-squared (R?), indicating the proportion of variance
explained by the model; Root Mean Squared Logarithmic Error (RMSLE), assessing
the ratio of predicted to actual values; and Mean Absolute Percentage Error (MAPE),
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Table 5: Model Hyperparameter Configuration.

Model Name Hyper-parameters Setting for All Models

RFR Nestimators = 100, maZdcpth = None, randomsgate = 42
LR fitintercept = True, normalize = False, copyx = True
BRR a; =le—6, a2 =1le—6, A\1 =le—6, Ao =1le—6
SVR kernel = rbf, C = 1.0, epsilon = 0.1

KNN Nneighbors = 9, weights = uniform

SR-BPNN Regressor

cv = 5, max.iter = 10000, randomstate = 42,
hidden_layer_sizes = (100, 50, 25), activation = relu, solver =
adam, learning_rate_init = 0.001

PSO-Based BRR

a1, a2 € {le —6,1e — 3,1e — 1} (search space for PSO)

Proposed Fidelity-Based BRR

a1, a2, A1, A2 € {le — 6,1e — 3,1e — 1} (for GridSearchCV)

representing the average percentage error between predictions and actual outcomes.
The optimal performance is characterized by lower values for MAE, MSE, RMSE, and
RMSLE, while higher values for (R?) and lower percentages for MAPE indicate better

model performance. The corres

ponding equations for these metrics are provided below.

1 n
MAE = — —r
E n;\y Uil 9)
1 — >
MSE = = i — Ui 1
S n;(y ¥i) (10)
RMSE = VMSE (11)
S (v —9i)°
RP=1-==02 2o (12)
Zi:1 (yi*yi)
1 < 9
MSLE = |- log(1 + ;) — log(1 + 1; 1
RMS n;(og( + i) — log(1 + %)) (13)
I
MAPE = = 2t T 100 14
w2l 0

Where, N represents the total number of samples, y; denotes the actual values, y;
signifies the predicted values, and g; indicates the mean of the actual values.

3.8 Explainable Artificial Intelligence (XAI)

XAI helps users understand what influences a ML model’s results. While there are
several tools like SHAP, Shapash, and LIME, we chose LIME because it gives clear and
simple explanations for each prediction [45, 46]. LIME makes complex models easier
to understand by using simpler models to explain their behavior, helping to clarify
why a particular prediction was made. The explanation model for LIME is as follows:

g (x) = argmingecL (f,9,7) + Q2 (g) (15)
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In equation 15, the explanation model §(z) is designed to locally approximate the
behavior of complex models by using a set G of simpler models, typically linear ones. It
employs a loss function L(f, g, 7.) to balance the model’s accuracy with its simplicity
and interpretability.

3.9 Web-based Evaluation Framework

To facilitate user interaction with the developed prediction models and evaluate their
usability in practical settings, a web-based evaluation framework was implemented.
The system enables real-time prediction of circularity, cost, and profitability of LIB
recycling processes under different scenarios and parameters, aligning with the research
focus on U.S. RCS. Figure 3 depicts the structured workflow stages in the web
application.

Input Parameters

(Battery category, Cathode scenario, Selects Prediction Objective Send POST Request
Recycling type ,Location) (Cost /Circularity/Profitability) to Backend
Load Corresponding
y Backend
Run Prediction 1F Model

Validates Input

J b L (Pre-trained via joblib)

Frontend Displays Result

Return JSON Response to User

Fig. 3: Sequential Stages in the Web Application Workflow.

The backend of the application was developed using Flask, a lightweight Python
web framework, which serves three pre-trained fidelity regression models—one each
for circularity, cost, and profitability. These models were serialized using the joblib
module and are loaded into memory upon server initialization for efficient response
handling. The system exposes a unified RESTful APT route (/predict/jmodel_name;)
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to receive POST requests containing user-defined feature values. The route performs
validation and invokes the appropriate model to return prediction results in JSON
format. Cross-Origin Resource Sharing (CORS) is enabled to allow communication
between the frontend and backend components.

On the frontend, a responsive user interface was developed using React.js, allow-
ing users to input relevant parameters such as battery category, cathode scenario,
recycling type (Hydro, Pyro, or Direct), and location configurations for the U.S. and
China. The interface provides toggleable options to select the desired prediction objec-
tive—Circularity, Cost, or Profitability—before invoking the backend to retrieve and
display the prediction result.

4 Experimental Results and Analysis

This section compares the prediction performance of various ML models across the Cir-
cularity, Cost, and Profit datasets. Training, validation, and test performance graphs
are analyzed to evaluate the proposed model, along with correlation strategies to iden-
tify key feature relationships. Additionally, LIME explanations provide an in-depth
analysis of feature importance. The novelty of the proposed fidelity regression model is
assessed across different domain datasets, and a web application is developed for real-
world analysis of LIB recycling, including circularity, cost, and profit evaluation. The
results highlight the superior performance of the proposed model, as detailed below.

4.1 Experimental Setup

In this study, we used Google Colab as our main platform for building, training, and
testing ML models. The free version of Colab gave us access to a high-performance
environment, including an NVIDIA Tesla T4 GPU, 12 GB of RAM, and a virtual
CPU—all without the need for expensive local hardware. We wrote all our code in
Python 3.8, and relied on Scikit-learn (v1.0.2) for key ML tasks like feature selection,
regression, and performance evaluation[47, 48].

Model selection and hyperparameter tuning were conducted using 5-fold cross-
validation on the training set only. The held-out test set was used solely for final
evaluation and was never accessed during model development or optimizer selection.
We’ve documented our package versions and hardware details to make our experiments
easy to reproduce.

4.2 Performance of ML Models without Feature Selection

The prediction results for the regression analysis of LIB recycling, focusing on circu-
larity, cost, and profit predictions, as shown in Tables 6, 7, and 8. These results are
based on the test data.

Table 6 presents the performance of various ML models tested on the circularity
dataset without feature selection. The BRR performed well with MAE 0.0123 and
R2 0.9853. LR and RFR showed weaker performance, both with MAE 0.0540 and
R2 around 0.65. SVR improved slightly with RMSE 0.0681 and R2? 0.7131. KNN
performed better with MAE 0.0128 and R2 0.9672 but had higher MAPE. SR-BPNN
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gave strong results with low error and R2 0.98. PSO-based BRR reduced MAPE to
5.22. The best outcome came from the proposed Fidelity-based BRR with the highest
R2 of 0.99 and low overall errors.

Table 6: Circularity Dataset Test Results Without Feature Selection.

Model MAE | MSE | RMSE | R? RMSLE MAPE (%)
BRR 0.0123 | 0.0002 0.0154 0.9853 | 0.0127 31.19

LR 0.0540 | 0.0056 0.0751 0.6508 | 0.0629 179.79

RFR 0.0540 | 0.0057 0.0752 0.6498 | 0.0629 180.25

SVR 0.0551 | 0.0046 0.0681 0.7131 | 0.0560 166.63

KNN 0.0128 | 0.0005 0.0230 0.9672 | 0.0194 39.26
SR-BPNN Regression 0.0100 | 0.0000 0.0100 0.9800 | 0.0100 17.39
PSO-based BRR 0.0100 | 0.0000 0.0200 0.9800 | 0.0100 5.22
Proposed Fidelity - 0.0100 0.0000 0.0100 0.9900 | 0.0100 25.90
based BRR

Table 7 highlights how different ML models performed on the cost dataset without
feature selection. The BRR delivered strong results with MAE 0.11 and R2 0.98. In
contrast, LR and RFR performed poorly, with high MAEs of 0.67 and low R? scores of
0.10. SVR struggled even more, with negative R? and a MAPE over 1000%. KNN and
SR-BPNN showed moderate results, with better error rates but still high MAPE. PSO-
based BRR improved accuracy further, but the best results came from the proposed
Fidelity-based BRR, which had the lowest errors and the best overall consistency,
including a MAPE of 135.22 and R? of 0.98.

Table 7: Cost Dataset Test Results without Feature Selection.

Model MAE | MSE | RMSE | R? RMSLE | MAPE (%)
BRR 0.11 0.02 0.14 0.98 0.08 497.82

LR 0.67 0.85 0.92 0.10 0.45 4876.80
RFR 0.67 0.85 0.92 0.10 0.45 4876.63
SVR 0.55 1.13 1.06 -0.20 | 0.49 1150.50
KNN 0.26 0.24 0.49 0.74 0.22 746.35
SR-BPNN Regression 0.25 0.27 0.52 0.71 0.20 178.69
PSO-based BRR 0.12 0.07 0.11 0.98 0.09 152.45
Proposed Fidelity- | 0.08 0.05 0.05 0.98 0.06 135.22
based BRR

Table 8 shows that most models performed reasonably well on the profit dataset.
BRR stood out with solid accuracy (MAE 0.1631, R? 0.9677), while SVR and KNN
showed higher error rates and less consistency. SR-BPNN and RFR gave balanced
results, but PSO-based BRR brought notable improvements (MAE 0.15, MAPE
56.08%). The best overall performance came from the Proposed Fidelity-based BRR,
with the lowest error (MAE 0.13) and highest R? of 0.98.
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Table 8: Profit Dataset Test Results without Feature Selection.

Model MAE | MSE RMSE | R? RMSLE MAPE (%)
RFR 0.26 0.10 0.32 0.92 0.13 68.37

LR 0.2095 | 0.0780 | 0.2792 0.9376| 0.1151 65.57

BRR 0.1631 | 0.0403 | 0.2009 0.9677| 0.0826 59.13

SVR 0.2407 | 0.0945 | 0.3074 0.9244| 0.1283 85.28

KNN 0.2999 | 0.1460 | 0.3820 0.8832| 0.1594 102.29
SR-BPNN Regression 0.2314 | 0.0988 | 0.3143 0.9210| 0.1237 74.86
PSO-based BRR 0.15 0.04 0.20 0.97 0.08 56.08
Proposed Fidelity- | 0.13 0.03 0.17 0.98 0.08 54.79

based BRR

4.3 Performance of ML Models with Feature Selection

After applying feature selection, the regression analysis results for LIB recycling show
improved performance in circularity, cost, and profit predictions across all datasets,
as reflected in Tables 9,10, and11.

Table 9 presents the circularity dataset results after feature selection. The BRR
improved with lower MAE 0.0079 and high R? 0.9895. LR and RFR remained limited,
both showing MAE 0.0439 and R2 0.6516. SVR performed slightly better than LR and
RFR, with MAE 0.0422 and R2 0.7159. KNN showed a strong improvement, reaching
MAE 0.0049 and R2 0.9662. SR-BPNN continued to perform well with low MAE 0.01
and R2 0.98. PSO-based BRR further enhanced accuracy with MAE 0.01 and MAPE
5.90%. The best overall result came from the Proposed Fidelity-based BRR, which
achieved the lowest MAPE of 4.15% and the highest R2 of 0.99.

Table 9: Circularity Dataset Test Results with Feature Selection.

Model MAE | MSE RMSE | R? RMSLE MAPE (%)
BRR 0.0079 | 0.0001 | 0.0100 0.9895| 0.0084 20.39

LR 0.0439 | 0.0033 | 0.0577 0.6516 | 0.0494 135.17

RFR 0.0439 | 0.0033 | 0.0577 0.6516 | 0.0494 135.18

SVR 0.0422 | 0.0027 | 0.0521 0.7159| 0.0438 109.43

KNN 0.0049 | 0.0003 | 0.0180 0.9662 | 0.0160 20.22
SR-BPNN Regression 0.01 0.00 0.01 0.98 0.01 15.02
PSO-based BRR 0.01 0.00 0.01 0.99 0.01 5.90
Proposed Fidelity- | 0.01 0.00 0.01 0.99 0.01 4.15

based BRR

Table 10 shows that after feature selection, the proposed Fidelity-based BRR gave
the best results with the lowest MAE of 0.04, RMSE of 0.05, and MAPE of 15.85%,
along with a strong R? of 0.99. BRR and PSO-based BRR also performed very well.
In contrast, LR, RFR, and SVR showed poor accuracy with high error and extremely
large MAPE values. KNN and SR-BPNN showed moderate improvements but still
trailed behind the top-performing models.
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Table 10: Cost Dataset Test Results with Feature Selection.

Model MAE | MSE RMSE | R? RMSLE MAPE (%)
BRR 0.05 0.01 0.07 0.99 0.06 15.85

LR 0.6705 | 0.8511 | 0.9225 0.10 0.4469 1846.39
RFR 0.6704 | 0.8511 | 0.9226 0.10 0.4469 1846.34
SVR 0.53 1.09 1.12 -0.18 0.41 1048.80
KNN 0.2565 0.2441 0.4940 0.7411| 0.2243 444.04
SR-BPNN Regression 0.22 0.24 0.49 0.69 0.21 157.26
PSO-based BRR 0.05 0.00 0.07 0.99 0.06 15.85
Proposed Fidelity- | 0.04 0.00 0.05 0.99 0.03 15.85

based BRR

Table 11 summarizes the profit prediction results after feature selection. The pro-
posed Fidelity-based BRR outperformed all models with the lowest MAE of 0.11,
RMSE of 0.12, RMSLE of 0.05, and the highest R? of 0.99, along with the low-
est MAPE of 48.53%. PSO-based BRR also performed well with MAE 0.14 and
R? 0.98. BRR and SVR showed solid performance (MAE 0.1472 and 0.1540, R?
0.9732 and 0.9697, respectively), while LR, RFR, KNN, and SR-BPNN lagged slightly
behind, with higher MAEs and MAPEs. Overall, preprocessing significantly boosted
the accuracy of the top-performing models, especially the proposed one.

Table 11: Profit Dataset Test Results with Feature Selection.

Model MAE | MSE RMSE | R? RMSLE MAPE (%)
RFR 0.22 0.08 0.29 0.93 0.12 65.71

LR 0.1871 | 0.0537 | 0.2318 0.9570| 0.1073 81.92

BRR 0.1472 | 0.0335 | 0.1831 0.9732| 0.0766 62.06

SVR 0.1540 | 0.0379 | 0.1946 0.9697 | 0.0811 72.08

KNN 0.2121 0.0716 0.2676 0.9427| 0.1190 79.49
SR-BPNN Regression 0.1941 | 0.0562 | 0.2371 0.9550| 0.1112 98.43
PSO-based BRR 0.14 0.03 0.17 0.98 0.08 56.90
Proposed Fidelity- | 0.11 0.01 0.12 0.99 0.05 48.53

based BRR

Figure 4 illustrates how accurately our proposed model predicts outcomes by com-
paring actual vs. predicted values across the training, testing, and validation sets for
all three preprocessed datasets. Figure 4a (Circularity dataset) compares actual and
predicted circularity (%) values, with color-coded lines for different data splits. The
strong alignment across subsets demonstrates the model’s high predictive accuracy
and generalization ability. Figure 4b (Cost dataset) illustrates the predictive perfor-
mance of the Fidelity based BRR model for cost efficiency across train, validation,
and test sets. The close alignment between actual and predicted values, especially in
validation and test sets, demonstrates the model’s ability to capture cost efficiency
trends while maintaining generalization. Notable variance in peaks reflects complex
cost fluctuations, which the model tracks effectively, showcasing its robustness and
adaptability. Figure 4c (Profit dataset) illustrates the Fidelity based BRR model’s
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accurate profit predictions across train, validation, and test sets, showcasing strong
generalization and robustness in capturing financial variations.

4.4 Using LIME to Interpret Proposed Model’s Predictions

In this section, we are diving into feature analysis with XAI techniques. LIME does
a great job of highlighting both positive and negative feature impacts. Figures 5a, 5b
& 5c¢ shows how LIME’s tabular explainer highlights key features for predictions
across three datasets, with prediction probabilities on the left, feature weights in the
middle, and feature values table on the right. In Figure 5a, the LIME explainer
for the Circcularity dataset shows that the Model predicts a value of 0.06 on a
scale from 0.00 to 0.45. The plot highlights the key features influencing this pre-
diction, with both positive (orange) and negative (blue) contributions. The top
positive features are "recycling.process_pyro” with 1.39, ”"material” with 1.43, and
”scenario.reuse.lifespan” with 1.22, which drive the prediction upward. On the negative
side, ”scenario.percent.repurposed” with -1.18, "recycling.process_direct” with -0.70,
and "recycling.process_hydro” with -0.70 significantly reduce the predicted value.

In Figure 5b, the LIME plot for the Cost dataset highlights the ML model’s pre-
diction of 0.00 on a scale from 0.00 to 3.33. Positive factors like ”Cathode Scenario”
(1.00) and " Type_Hydro” (1.62) push the prediction higher. Meanwhile, negative fac-
tors like ”Location scenario” (-1.22), " Type_Direct” (-0.57), and ”Category” (-0.48)
pull the prediction down. Smaller influences come from ”Recycling Throughput” and
”Location of recycling_China,” which slightly lower the result.

In Figure b5c, for the Profit Dataset, the ML model predicts a target value of
1.90, within a range of -2.55 to 4.84. Key features influencing the prediction include
"Virgin material value ($)” (1.80), ”Cost to recycle ($)” (1.34), and ”Location sce-
nario_China-truck & tanker” (1.17), with higher values boosting the prediction. In
contrast, ” Type_Hydro” (-0.85), ”Location scenario_US-train” (-0.64), and ”Location
of recycling U.S.” (-1.17) negatively affect the prediction.

Figure 6 shows the LIME feature importance plot for predictions across three
datasets using the proposed Model. Green indicates positive, while red shows negative
impactful features. In Figure 6a, the LIME plot for the Circularity dataset shows
that 'kg.recycled.weight’, 'material’, and ’recycling.process_direct’ are the key positive
features that boost the prediction. Specifically, when "kg.recycled.weight’ ranges from
-0.46 to 0.15, 'material’ is above 0.90, and ’'recycling.process_direct’ is -0.70 or lower,
the prediction increases significantly. On the other hand, ’Year’, ’kWh.retired’, and
'kg.demand’ are the top negative features. When "Year’ falls between -0.80 and -0.07,
and ’kWh.retired’ ranges from -0.73 to -0.42, the prediction slightly decreases as these
values increase. Additionally, other features have a minor influence on the prediction
but with very limited impact.

In Figure 6b, the Cost dataset shows the feature importance with the x-axis rang-
ing from -0.4 to 0.2. The most negative features are 'material’ (-0.4) and '"Type_Direct’
(-0.2), which significantly lower the prediction when 'material’ is between 0.37 and
0.85, and "Type_Direct’ is -0.57 or lower. On the positive side, 'Type_Pyro’ (0.14), 'Cat-
egory’ (0.11), and "Type_All’ (0.5) are the top contributors. The prediction increases
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Fig. 4: Actual vs. Predicted Performance of the Proposed Fidelity-Based BRR Model.

notably when 'Type Pyro’ is -0.61 or lower and ’Category’ is -0.48 or lower, while
other features have minimal impact.
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Fig. 5: LIME Tabular Explanations for Circularity, Cost, and Profit Datasets.

In Figure 6c, the Profit dataset highlights that "Virgin material value ($)’ has the
strongest positive impact (2.5), while "Cost to recycle ($)’ has the highest negative
impact (-0.6). The prediction increases significantly when "Virgin material value ($)’
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is below 0.35, while it drops when ’Cost to recycle ($) is below 0.65. Other features
also play a role, but their impact is relatively minor.

LIME Feature Importance for Fidelity-Aware Random Forest
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Fig. 6: LIME Feature Importance Analysis for Circularity, Cost, and Profit Datasets.
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4.5 Key Feature Relationships and Insights

In the Key Feature Relations and Insights Outcomes section, we explored how top
features from the three LIB recycling datasets relate to our target variables. Figures
7, 8, and 9 reveal new insights into the recycling process. Figure 7 shows the rela-
tionship between retired energy (kWh), recycled material (kg), and circularity (%)
across SDS and STEPS sales scenarios in the Circularity Battery Recycling Dataset.
The interactive bubble scatter plot, created with Plotly Express, uses log scales to
reveal patterns, with clusters around values like 106 kWh and 107 kg. Bubble size
represents circularity, and color indicates the recycling process (blue for direct, red
for hydro, green for pyro). The SDS scenario shows better overall material recovery,
higher retired energy levels, and improved circularity, as reflected by larger bubble
sizes, compared to the STEPS scenario, which has lower recovery and smaller circular-
ity percentages. In both scenarios, hydro and pyro recycling are the leading methods,
with pyro recycling taking a slightly bigger role in SDS, suggesting it scales better
with sustainability-focused policies. Direct recycling remains limited in both cases,
indicating it’s not yet widely adopted or scalable. Overall, SDS stands out as the more
effective approach for enhancing battery recycling efficiency.

Multi-Dimensional Analysis of Battery Recycling Efficiency
Energy Retirement vs. Material Recovery Across Diverse Scenarios

]
sTEPS Recycling Process|
@ diect
@ hydro
@ pyo

Recycled Material (kg, log scale)
Recycled Material (kg, log scale)

oM 5 100M 2 5 18 2 L 10M 2 100M 2 $ 1B
Retired Energy (kWh, log scale) Retired Energy (kWh, log scale)

Fig. 7: Retired Energy vs. Recycled Material.

Figure 8 highlights key insights from the Cost Dataset with two graphs. In Figure
8a, a bar chart shows how much material is recovered through Direct, Hydro, and
Pyro recycling methods. The y-axis represents either the recovered value ($/kg) or
the material quantity, while the x-axis categorizes the recycling methods. Different
colors indicate recovered materials like Graphite, Copper, Aluminum, NMC types, and
metal ions (Co?+4, Mn?+, Ni?+, etc.). The graph shows that Graphite ($0.196/kg)
and Copper ($0.162/kg) are the most valuable recovered materials, best preserved
by Direct and Hydro recycling. Pyro recycling is less effective, recovering Copper,
Co?+, and Ni?+ but losing Graphite and other materials. Hydro recycling stands
out as the most versatile, recovering metal ions (Co?+, Mn?+, Ni?+), while Direct
recycling excels at preserving high-value materials like Graphite, Copper, and NCA
($0.159/kg) but is less effective for metal ions. Due to its high-temperature processing,
Pyro recycling has lower material recovery efficiency and should only be considered
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when other methods are not feasible. For the best balance of value and sustainability,
combining Direct and Hydro recycling is recommended.

Figure 8b presents a bar chart comparing the cost breakdown of different battery
recycling methods (All, Direct, Hydro, and Pyro) in $/kg, with each cost component
represented by a different color in the legend. The cost analysis shows that Direct
recycling is the most expensive ($12.41/kg), mainly due to high material processing
costs ($7.95/kg). Hydro recycling is the most cost-effective ($8.38/kg) with lower pro-
cess costs ($2.77/kg), making it the cheapest option. Pyro recycling falls in between
($9.38/kg), with higher costs than Hydro but lower than Direct. The ” All” method,
which averages costs across all methods, is the least expensive ( $5.00/kg) since it only
includes collection and disassembly. Overall, Hydro is the most cost-effective, while
Direct offers higher material recovery at a higher cost, and Pyro strikes a balance
between cost and efficiency.

Figure 9a & 9b shows insights from the Profit Dataset. In Figure 9a, it illustrates
the profit trends for three transportation scenarios: US-truck, US-train, and China-
truck & tanker, from 2020 to 2050. The China-truck & tanker scenario starts with the
highest profit at $2.0, gradually declining but staying above the average profit line of
$0.69. Meanwhile, US-truck and US-train profits begin at $0.5 and $0.9, respectively,
but steadily decrease, falling below the average profit line after 2030 and turning nega-
tive by 2050. The widening confidence intervals show increasing uncertainty, likely due
to factors like rising costs and market shifts. This analysis highlights China’s advan-
tage in transportation efficiency, while the US faces growing challenges in maintaining
profitability, underlining the need for strategic innovation and policy changes.

Figure 9b presents a graph showing the relationship between profit and carbon
footprint in lithium-ion battery recycling. The carbon footprint values for three recy-
cling methods—Pyro, Hydro, and Direct—are calculated by combining base emissions
with transportation emissions. Base emissions are based on literature values for carbon
footprints per kWh: 5.11 kg COz-eq/kWh for Pyro, 2.68 kg COs-eq/kWh for Hydro,
and 1.0 kg COz-eq/kWh for Direct[49-51]. These values are then converted to per kg
of battery using an energy density of 0.25 kWh/kg and a cathode mass fraction of
0.45[52, 53]. This results in carbon footprints of 2.84 kg CO4-eq/kg for Pyro, 1.49 kg
CO3-eq/kg for Hydro, and 0.56 kg COq-eq/kg for Direct.

Transportation emissions depend on location and mode: US-truck (0.15 kg COs-
eq/kg, from 150 g COy/ton-km over 1000 km), US-train (0.03 kg COs-eq/kg, from
30 g COy/ton-km over 1000 km), and China-truck & tanker (0.225 kg COsz-eq/kg,
from combined truck and sea factors over 6000 km)[54-56]. Total carbon footprint is
the sum of base and transportation emissions for each scenario. Profit data is sourced
directly from the dataset’s ‘Profit ($)’ column.

In Figure 9b, the scatter plot shows that Direct recycling in the China-truck
& tanker scenario stands out with the highest profit of 2.41 and a relatively low
carbon footprint of 0.785 kg COq-eq/kg. Hydro shows moderate profits, with China-
truck & tanker still being the most profitable (1.44), but with a much higher carbon
footprint (1.715 kg COs-eq/kg). Pyro recycling, on the other hand, has the lowest
profits across all scenarios, especially in the US-train (-0.03) and US-truck (-0.28), and
its carbon footprint is the highest, reaching 3.065 kg COs-eq/kg in the China-truck
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Recovered Material Yields by Recycling Method
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Fig. 8: Comparative Analysis of Recycling Methods: Material Yields and Cost Break-
down.

& tanker scenario. Overall, Direct recycling provides the best balance of profit and
environmental impact, while Pyro is the least profitable and most carbon-intensive
option.

4.6 Predictive Web Interface for LIB Recycling

The web interface enables users to perform simulations and generate predictions across
various input scenarios, as demonstrated in Figure 10. It consists of three distinct
modules—Circularity, Cost, and Profitability—each with its own set of input fields.
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Temporal Trends in Profit Across Location Scenarios
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Fig. 9: Evaluating LIB Recycling Profitability Over Time and Environmental Impact.

Users can toggle between these modules, enter scenario-specific data, and retrieve a
prediction result based on their inputs.

Figure 10a displays the Circularity analysis mode of the LIB Recycling Prediction
tool. With the year set to 2025, inputs include 38% repurposed batteries, a 72-year
reuse lifespan, and Material 620. Retired battery values are 223 kWh and 41 kg,
with 87 kg marked as recycled, and a low 20% collection rate. Recycling scores favor
cleaner methods: Direct (89), Hydro (83), and Pyro (3). Sales values are SDS (3),
STEPS (599), and cathode scores LFP (48), NCK (43). The tool outputs a low Cir-
cularity Score of 0.0309, reflecting limited material recovery due to low collection and
unrealistic reuse assumptions.
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Figure 10b presents the Cost analysis mode of the LIB Recycling Prediction tool.
Set to the year 2025, inputs include Material type 4, a value of 73, Recycling Through-
put of 30, Cathode Scenario 22, and Location Scenario 3. Recycling process scores are
Direct (3), Hydro (69), and Pyro (41), while location scores are China (71) and the
U.S. (62). The predicted cost result is 0.8808, indicating a high recycling cost under
these conditions. This suggests a need for optimizing throughput, material selection,
or process types to improve cost efficiency.

Figure 10c shows the Profitability prediction interface for LIB recycling. Key
inputs include virgin material value and recycling cost both at $67, recycling method
scores—Direct (67), Hydro (64), Pyro (31), and cathode scenarios LFP and NCK (62
each). Transportation and location factors cover China (truck & tanker: 58, recycling:
69) and the U.S. (train: 42, truck: 55, recycling: 45). The tool calculates an extremely
low profitability of 1.58 x 1072, indicating recycling is not economically viable under
these conditions, emphasizing the need for improvements in cost, recovery, or logistics.

4.7 Benchmarking Model Effectiveness

Several studies have applied ML to battery prediction, showing varied results. Ouyang
et al. [31] and Zhu et al. [32] used WOA-LSTM on NASA data, achieving good accuracy
but limited generalization. Wang et al. [33] and Li et al. [26] explored hybrid models but
lacked real-world factors or broader comparisons. Singaram et al. [25] and Huang et al.
[35] applied ensemble and DL methods, requiring complex setups and further feature
tuning. Our study outperforms all with PCA-IG and Fidelity Regression, reaching R?2
of 0.99 and low MAE across all recycling tasks. Table 12 presents a comparison of
leading models used for LIB prediction, highlighting their methods, performance, and
key limitations.

5 Discussion

The experimental results confirm that the proposed fidelity-based BRR framework
delivers highly accurate and consistent predictions across LIB recycling objectives,
including circularity, cost efficiency, and profitability. Following PCA-IG feature selec-
tion, the model achieved an R? of 0.99 across all datasets, with low MAE values of
0.01, 0.04, and 0.11 for Circularity, Cost, and Profit, respectively, substantially out-
performing conventional models. In contrast, LR and RFR showed limited predictive
capability, while SVR failed to generalize effectively, highlighting the complex non-
linear and heteroscedastic nature of LIB recycling policy and economic data. The
observed performance improvements are architectural rather than incremental. The
proposed fidelity-based framework separates global material-flow trends through a low-
fidelity component while refining complex local non-linearities using a high-fidelity
BRR model with probabilistic regularization. Through optimized a-weighting and L2
regularization, the framework effectively reduces overfitting and improves generaliza-
tion across 30 years of large-scale LIB supply-chain and policy scenarios, outperforming
conventional single-fidelity and laboratory-focused approaches [31, 32, 40].

The proposed fidelity-based architecture improves the accuracy—computational effi-
ciency trade-off, a key requirement for real-time industrial decision systems. Unlike
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Table 12: Comparison of State-of-the-Art Models for LIB Prediction.

Reference | Dataset Method Accuracy (%) Limitation
(31] NASA WOA, RMSE =0.69 The model was only tested on NASA
PCoE Data | VMD, and | MAPE=0.43 18650 lithium-ion batteries, which may
LSTM limit its applicability to other bat-
tery types with different degradation
behaviors.

(32] NASA bat- | WOA RMSE=0.23 The study compares WOA-LSTM only
teries Data | ,LSTM MAE=0.02 with PSO and ABC optimizers. It does

not benchmark against other advanced
hybrid models.

(33] Two ISSA MAE= 1.5, This study does not account for real-
Lithium- ,VMD and | RMSE= 2 world battery health factors such as
ion Battery | LSTNet and r=92.9 current, voltage, and temperature,
Data which can significantly influence RUL

predictions.

[26] NASA SOH, RMSE = 0.94, Few models were explored, and more
PCoE Lab- | SVM, CNN | MAPE = 45.82, suitable algorithms or model fusion
oratory LSTM and R2 = 0.9298 techniques could improve prediction
Data accuracy.

[25] Monitoring | AdaBoost, Accuracy= 0.94 Complex  battery data requires
Data CNNs Precision=0.96 advanced deep learning for effective

Gaussian Recall =0.92 modeling.
Processes and F1 score= 0.94
(35] Sensor ANN,KNN | R2 =0.92 MAE | More domain-specific feature engineer-
Data ,GBDT, =74.52 RMSE = | ing is required.
RF 110.07
Our Study | LIBs Recy- | PCA-IG, Circularity: R2= | More domain-specific feature engineer-
cle Data Fidelity 0.99, MAE= | ing is required.
Regression, | 0.01; Cost: R2=
LIME 0.99, MAE= 0.04;
Profit: R2= 0.99,
MAE= 0.09

GPU-intensive DL surrogates requiring temporal backpropagation [16, 17], the LF
HF cascade uses lightweight algebraic inference, enabling rapid “what-if” analysis at
the low-fidelity stage (e.g., circularity under policy shifts), while the high-fidelity BRR
is selectively activated for high-stakes, precision-critical decisions. The hierarchical
design is crucial for the web-based evaluation system. The Flask backend deploys three
pre-trained fidelity models via joblib, enabling sub-second JSON inference, which is
difficult to achieve with ensemble LSTM or CNN pipelines. The fidelity-based BRR
model uses a compact hyperparameter grid for a and A (107¢,1073,1071), optimized
via b-fold cross-validation on the training data only. This controlled search strategy
reduces computational cost and carbon footprint compared to PSO-driven DL mod-
els [26, 31], while improving deployment feasibility for small and medium recycling
enterprises.

The integration of LIME transforms the fidelity-based BRR framework into an
interpretable decision-support system for LIB circular economy analysis. Across cir-
cularity, cost, and profitability datasets, LIME consistently identifies key drivers
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such as recycled material volume and material type (positive impact on circular-
ity), recycling throughput and process category (cost sensitivity, with pyro increasing
and direct recycling reducing costs), and virgin material value alongside direct recy-
cling (profit enhancement), while logistics and recycling cost act as major negative
factors. These explanations convert high R? predictions into actionable policy and
operational insights, enabling transparent model auditing and supporting data-driven
interventions in sustainable battery recycling systems.

The multi-dimensional scenario analysis (Figs. 7, 8, 9) highlights clear implications
for U.S. Recycled Content Standards (RCS) [9, 40]. The Sustainable Development
Scenario (SDS) consistently improves circularity and material recovery compared to
STEPS, confirming that stricter policy targets enhance system efficiency. Cost anal-
ysis shows hydrometallurgical recycling as the most economical pathway ($8.38/kg),
while direct recycling, though costlier ($12.41/kg), provides higher material value for
advanced applications. The profit—carbon trade-off reveals direct recycling as the most
favorable option, achieving the highest profit ($2.41/kg) with moderate emissions,
whereas pyrometallurgical routes are both economically and environmentally ineffi-
cient under U.S. logistics conditions. The results underscore the proposed fidelity-based
framework as a robust decision-support tool for assessing economic—environmental
trade-offs and long-term competitiveness under RCS policy evolution.

Despite strong predictive performance, the proposed fidelity-based framework has
several limitations. It is trained on 2020-2050 scenario projections, which limits its
applicability to dynamic market and operational variations, positioning it primarily
as a strategic foresight tool. The current configuration is also tailored to existing
LIB chemistries (LFP, NCA, NMC), requiring retraining or domain adaptation for
emerging technologies. However, the web-based decision-support system is still a proof-
of-concept and would require robust cybersecurity, user authentication, and scalable
API infrastructure for industrial deployment.

6 Conclusion and Future Work

This study applies advanced ML techniques, including fidelity regression, to enhance
the accuracy and efficiency of LIB recycling predictions. The models achieve strong
performance, with high R2 scores and low MAE across three datasets, identifying key
factors such as recycling throughput and material recovery rates as primary drivers
of cost and profitability. By leveraging a comprehensive public dataset and addressing
real-world challenges like diverse battery chemistries and evolving market conditions,
the research demonstrates the potential of Al-driven approaches to improve both the
sustainability and economic viability of LIB recycling. The findings offer a scalable
solution to tackle battery waste and support the advancement of a circular economy
in energy storage.

Future research should aim to integrate real-time IoT and sensor-based monitoring
to enable dynamic, online predictions. Expanding the model to include more battery
chemistries, emerging recycling technologies—Ilike direct lithium recovery and green
leaching—and optimizing for both environmental and economic outcomes will further
strengthen its impact. Additionally, real-world validation through pilot testing with
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industry and policy stakeholders will help refine the web-based tool for practical use.
Implementing digital twins on large datasets and establishing industry benchmarks will
be key steps in making these Al-driven solutions truly effective. These advancements
are crucial for turning scalable analytics into actionable strategies that drive a fully
circular LIB economy.
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