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HIGHLIGHTS GRAPHICAL ABSTRACT

e The dynamic strategies of EV battery
pack recycling are recommended by the
application  scenarios of echelon
utilizations.

e Graph attention mechanism determines
the parameter analysis of EV battery
pack evaluations.

e Rule-based reasoning model obtains
different evaluation results with perfor-
mance parameters.

e The EOL battery characteristics involve
the relational mining based on the
standard of GB/T_34015.3-2021.
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ARTICLE INFO ABSTRACT
Keywords: Electric vehicle (EV) batteries inevitably degradation with long-term use that hierarchically reuse EV battery
Electric vehicle battery packs after meeting their related recycling standards to maximize its potential values by application environ-

Echelon re-utilization
Relation reasoning
Characteristics analysis
Recycling scenarios

ments, battery characteristics, product types, etc. However, these factor uncertainties pose a major challenge to
effective evaluation from inconsistent performance, widely varied remaining capacities, and potential safety
concerns. Therefore, it is imperative to achieve a more accurate evaluation for echelon re-utilization to provide a
sounder rationale for decisions regarding the recycling of EV battery modules or cells. In this paper, a reasonable
and efficient intelligent evaluation system has been provided to solve these challenges caused by the un-
certainties of EV battery packs that hierarchically consider the possible applications of echelon re-utilization and
recycling. The unique contribution of this system lies in its novel integration of knowledge reasoning with
relation mining, which surpasses traditional evaluation methodologies by systematically analyzing the complex
and intrinsic dependencies among various battery characteristics, moving beyond simple parameter-based as-
sessments. Moreover, big data calculation and relation analysis of EV battery pack characteristics with GB/
T_34015.3-2021 standard can be used to recommend the possible scenarios of echelon re-utilization and
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recycling. Finally, a case study was conducted using 18650 lithium iron phosphate (LFP), Nickel-Cobalt-
Manganese (NCM), and Nickel-Cobalt-Aluminum (NCA) batteries to validate the proposed methodology by
evaluating the echelon re-utilization and the selection of application scenarios based on complex data analysis

and relation mining.

1. Introduction

With the ongoing degradation of climate and environment, contin-
uous energy consumption has become a growing concern for Electrical
Vehicle (EV) battery recycling. However, U.S. has begun to advocate the
echelon re-utilization of EV battery packs, which can be repurposed for
various applications such as standalone power supply, wind energy
integration, and residential energy storage. EU countries have also
placed greater emphasis on the EV battery recycling, involving many
companies (e.g., Bosch in Germany, BMW Group, etc.) to develop large-
scale echelon re-use solutions for EV battery disposals. China is also
actively advancing policies related to carbon peaking and neutraliza-
tion, which drive the sustainable development of green, low-carbon
transformation and green economy, especially for EV product recy-
cling (Yin et al., 2023). As one of the world’s largest energy consumers,
China is promoting the development of EV technology, alongside the
restructuring of its industrial sector and the electrification of its power
system (Xiao et al., 2023). According to national statistics, the number of
EV in China had reached 31.4 million by the end of 2024. In the same
year, a total of 12.86 million new energy vehicles were sold in the
country. The recycling volume of EV batteries in China has reached 654,
000 tons in 2024 corresponding to the first batch of EV batteries (Guan
etal., 2025). Currently, EV battery recycling may not have reached their
full potential through multiple echelon application scenarios so that it is
essential to reuse EV battery packs for the sustainable development of
circular economy.

As shown in Fig. 1, the EV battery loading volume demonstrates a
sustained growth trend from 2022 to 2024, which is closely related to
the expanding market demand and the active promotion of national
industrial policies (Guo et al., 2024). However, the rapid growth of new
energy vehicle market has made efficient EV battery recycling a signif-
icant challenge, posing a barrier to further development. Compared to
high-emission fuel vehicles, EV battery cars have too many benefits with
minimal pollution, lower driving noise, relatively simple structure, and
easier maintenance (Xiao et al., 2022). New energy vehicles, however,
inevitably come with certain drawbacks, such as higher power costs and
shorter driving ranges compared to gasoline-powered vehicles. As the
battery’s maximum capacity gradually deteriorates due to its chemical
characteristics, it experiences permanent capacity loss, eventually fall-
ing below the threshold to support vehicle performance (Butylskii et al.,
2024). The recycling of EV battery packs will be a potential research
direction, enabling the echelon re-utilization of EV battery in different

P 70

2~ 60

@® <

g = 50

@ 2 40

S g

SE N .y

6 —

g< 1

Jan. Feb Mar. Apr. May.

m2022 16.2 137 215 104 182
m2023 16.1 219 278 251 282
2024 321 264 358 36 407

Fig.

application scenarios, such as large-scale energy storage, household
energy, etc. (H. Chen et al., 2022).

With the continued development of waste battery market, it is
necessary to establish the systematic evaluation and prediction of waste
EV battery within the recycling sector. To enhance energy utilization
efficiency in large-scale EV battery recycling, the research into the sec-
ondary use of waste EV batteries has become increasingly valuable,
aiming to optimize battery performance throughout its entire lifecycle
(Xiao et al., 2021). The waste EV battery can be repurposed as a medium
or small-scale energy storage solutions for applications such as house-
hold energy storage, which can be separated into the modules or cells to
reuse them with respects to their performance and potential values. This
process, known as echelon re-utilization, enables the classification of EV
battery packs into various application scenarios, including
grid-connected energy storage systems, residential energy storage de-
vices, mobile electric storage devices, and personal charging devices.
However, the direct recycling of EV battery packs would result in the
significant waste of resource and the contamination of environment.
Therefore, it is essential to implement echelon re-utilization to evaluate
their economic feasibility and extend their lifespan before the directed
disposals (Gao et al., 2025). Currently, the echelon re-utilization of EV
battery packs from various business applications lacks standardized
guidelines, making it difficult to effectively assess the possible echelon
applications into downstream industrial production and commercial
reuses. Moreover, since EV battery packs are produced by different
manufacturers without a unified production standard, their structural
diversity presents a major challenge. In addition, the uncertain opera-
tional histories and environmental conditions of EV battery packs result
in significant variations in the characteristics of each retired EV battery.
The current echelon utilization evaluation methods, however, often
oversimplify the reality by typically assessing battery parameters as
isolated, independent values, under the assumption that no intrinsic
connections or dependencies exist between them. The parameters are
intrinsically linked, and it is the complex dependencies (e.g. the dy-
namic interplay between internal resistance, capacity, and state of
health) that makes an accurate evaluation for echelon re-utilization
exceedingly complex (Zhang et al., 2025). As a result, several research
questions must be addressed to analyze this uncertainty and to unlock
the potential commercial value of retired EV battery pack recycling.

@ There is currently no standardized approach to evaluate the hierar-
chical applications of EV battery packs according to its specific

Jun.  Jul.  Aug. Sept. Oct. Nov. Dec.
27 242 278 316 305 343 439
329 322 349 364 39.2 449 479
43 472 488 50.2 53.6 57.3 597

1. The volume of monthly EV battery loading (GWh) from 2022 to 2024.
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health status and possible application scenarios. Therefore, it is
essential to develop an efficient and intelligent evaluation analysis
for the possible echelon utilization applications.

@ Due to the inherent performance uncertainty of retired EV battery
packs during the echelon reutilization and recycling, it is difficult to
find out an optimal echelon evaluation approach for retired EV
battery packs with uncertainty. Clearly, it is essential to explore the
relationship between the characteristic parameters in the retired EV
battery echelon recycling.

In response to the research questions associated with retired EV
battery recycling, the paper proposes a novel dynamic echelon analysis
method for battery characteristics and the intricate dependencies among
them by integrating graph attention mechanism with comprehensive
data and relation evaluations. The objective is to effectively address the
discrepancies between battery characteristics caused by the inherent
uncertainty of EV batteries. This is achieved through a ’dynamic’
approach, which involves a targeted evaluation of each battery state and
a tailored analysis of its echelon utilization scenarios based on its unique
characteristics. Ultimately, the effectiveness of this evaluation method is
validated and demonstrated using multiple datasets from actual 18650
lithium iron phosphate (LFP), Nickel-Cobalt-Manganese (NCM), and
Nickel-Cobalt-Aluminum (NCA) batteries. The rest of this paper is
organized as follows. Section 2 outlines the key challenges of echelon re-
utilization and explores the application scenarios to optimize specific
recycling strategies. Section 3 details the proposed methodology
combining graph attention mechanism with complex data and relation
evaluation to analyze the possible echelon scenarios. Section 4 demon-
strates the application of evaluation analysis model through sample
testing based on various characteristics of EV battery packs. Section 5
and Section 6 discusses the potential research directions and
conclusions.

2. Literature review

Grounded in the EU waste hierarchy (Rossi et al., 2015) and the Ellen
MacArthur Foundation’s circular economy framework (Provin et al.,
2024), end-of-life strategies are prioritized by retaining products and
materials at their highest functional value before material recovery. In
this study, we adopt the following working definitions tailored to EV
batteries. Reuse (second-use) refers to using a pack or module again with
the same function after basic safety and performance checks. Repurpose
denotes second-life use with a different function, for example converting
traction applications to stationary storage, potentially with reconfigu-
ration. Refurbish/remanufacture refers to restoring performance to
acceptable standards through repair or component replacement. Recy-
cling denotes the recovery of materials, such as metals, at end-of-life.

Against this backdrop, the optimal recycling of retired EV battery
packs is gradually maturing, with increasing focus on the feasibility of
echelon re-utilization. Lih et al. (2012) proposed a recovery approach
for EV batteries based on a practical project from an economic
perspective, demonstrating significant economic value in energy storage
applications. The retired EV battery packs are typically categorized into
four gradient levels for echelon re-utilization based on their remaining
capacity and characteristics: electric propulsion system, energy storage
device, low-end user, material recycling. As shown in Fig. 2, the growing
demand for retired EV battery packs highlights the substantial market
potentials at each stage, with estimated market capacities observed in
2024 (Yang et al., 2024).

2.1. EV battery pack echelon utilization

The echelon re-utilization of EV battery packs has been extensively
studied by many scholars as shown in Table 1. A review of the literature
reveals that numerous scholars have explored various aspects of EV
battery echelon re-utilization. Neubauer et al. (Neubauer and Pesaran,

Journal of Cleaner Production 535 (2025) 147120

100 200
Tlectric
90 propulsion system 1180
TR
80 ] R Y 4160
148.5GWh \\‘ Energy storage

3 7 e fevices
S 70 devices {140
g =
s 60 ™ Low-end 120 =
g =
% . scrs £
5 50 41100 §
& T o

4 ] put
g 40 , L1803
O \ I
2 30 58GWh ‘Y 60 =

K
20 «" 40
10 {20
5 9GWh™ 2
6.4GWh 12.9GWh "
0 N

Recyceling
scenario 11

Recycling
scenario 1

Recycling

Scenario 111 er

Fig. 2. The general market demands of retired battery packs through echelon
re-utilization and recycling.

2011) proposed an economic model to evaluate the feasibility of reusing
EV batteries in the re-manufacturing process. Deshpande et al. (2012)
developed an EV battery aging mechanism model to accurately forecast
battery lifespan across a wide temperature range based on mechanical
stress and chemical deterioration. Gorrachategu et al.
(Sanz-Gorrachategui et al., 2021) proposed a battery life modeling
approach to anticipate the EV batteries life for grid peak shaving ap-
plications. The accurate prediction of battery performance and other key
parameters is crucial for assessing the potential of EV batteries for
echelon reuse. Li et al. (Li and Cao, 2017) proposed an efficient pre-
diction model that incorporates temperature, charge status, and
discharge depth to forecast EV battery capacity, revealing the impact of
temperature on battery degradation. Podias et al. (2018) examined
battery capacity attenuation that found it to be a non-linear process to
progress steadily over time. Rajaeifar et al. (2022) proposed a prediction
model to evaluate the EV batteries to recommend their recycling stra-
tegies. These studies collectively highlight the importance of evaluating
the potential for echelon re-utilization of EV batteries using optimiza-
tion techniques and predictive evaluation methods by comparing
various recycling index of retried EV battery packs.

Despite its potentials, the echelon utilization of EV battery packs
faces several challenges that hinder the efficiency of recycling processes.
According to Song et al. (2019), excessively high costs associated with
wind energy integration and battery renewal significantly limit the
feasibility of reuse applications. Simultaneously, numerous academic
studies have explored the possible battery recycling roadmaps from
various perspectives and developed the assessment or prediction
models, which contribute to more effective and efficient optimization of
echelon utilization scenarios. Madlener et al. (Madlener and Kirmas,
2017) proposed an economic model to explore the economic feasibility
of secondary-use batteries for electric vehicles in various application
scenarios. Similarly, the evaluation methods for retired EV batteries can
assess the economic benefit for their real echelon applications, Jiao et al.
(Jiao and Evans, 2016) proposed a cluster analysis method to screen the
EV batteries based on the key characteristics and parameters, which
provided the possibility of improving the performance of EV battery
echelon utilization. Narang et al. (2024) investigated the impact of
carbon trading prices, reward-penalty intensity, company-related costs,
and competition coefficients on retired power batteries by using actual
market data and Stackelberg game theory, aiming to select the most
suitable recycling model for the batteries. Zhao et al. (2018) developed
an evaluation method for EV batteries to drastically reduce working
hours, which successfully screened EV batteries to predict the capacity
of retired EV battery packs. The optimal echelon utilization of EV



J. Xiao et al. Journal of Cleaner Production 535 (2025) 147120
Table 1
The related works of echelon utilization for EV battery recycling.
Contents of echelon utilization for EV battery Ref. Economic benefit & Aging Lifecycle Parameter
recycling costs mechanism forecasting characteristics
Recycling process optimization Wu et al. (Wu et al., 2022) v v
Reis et al. (Reis and Jiang, 2022) v v
Han et al. (Han et al., 2018) v v
Chen et al. (Chen et al., 2020) v v
Ghosh et al. (Ghosh et al., 2021) v
Application scenario decision-makings Baumann et al. (Baumann et al., v v
2018)
Oda et al. (Oda et al., 2022) v
Rohr et al. (Rohr et al., 2017) v
Zhao et al. (Zhao et al., 2022) v v
Lai et al. (Lai et al., 2021a) v v v

batteries can be achieved by evaluating key characteristics such as
battery residual capacity, internal resistance, low-temperature
discharge capacity, charge discharge temperature increase, and high
magnification discharge capacity. To effectively assess their feasibility
of possible echelon application scenarios, it is essential to acquire the
optimal influencing factors for these parameters. These data can guide
the selection of appropriate evaluation analysis in accordance with
recycling procedures and relevant industry standards tailored to the
characteristics of EV batteries.

2.2. Echelon utilization evaluations

Typical evaluation methods for echelon utilization include Analytic
Hierarchy Process (AHP), Projection Pursuit Evaluation (PPE), Entropy
Weight (EW) and Fuzzy Comprehensive Evaluation (FCE). The AHP
method is designed to handle multi-level decision-making by assigning
the weights of different performance factors, effectively capturing the
complexity of the problem. However, it is often criticized for its high
degree of subjectivity and reliance on a heavily hierarchical structure,
which may not be ideal for evaluating complex and uncertain perfor-
mances of retired EV batteries (Kumar and Pant, 2023). The PPE method
can be used to transform high-dimensional data into low-dimensional
representations for visualization and analysis, which has high re-
quirements for data before data pre-processing. Based on the charac-
teristics of the original data, EW method adaptively determines the
weight of each factor by measuring the degree of variation, thereby
minimizing the influence of correlations among multiple factors (Dubois
and Prade, 2015). The FCE method can handle the fuzziness and un-
certainty between multiple evaluation indexes, which makes the result
more comprehensive and accurate by incorporating membership de-
grees and rule and logic variables (X. Chen et al., 2022). Li et al. (2011)
proposed the entropy weight method by simple and convenient analysis
for the practical recycling application. Bai et al. (Bai and Asgarpoor,
2004) proposed a comprehensive evaluation method to determine the
possibility distribution of characteristic factors by analyzing its feasi-
bility. Lin et al. (2007) discussed a comprehensive evaluation method to
demonstrate the possible evaluation model. Kaya et al. (2019) proposed
a multi-objective decision-making method to address energy
decision-making problems and achieve effective data processing. Chen
et al. (2015) discussed the uncertainties inherent in rule-based evalua-
tion methods, enhancing the accuracy of complex evaluations.

The parameters of retired EV battery packs play a crucial role in
determining the evaluation levels of EV battery echelon utilization,
which needs to have a quantified parameter for the final evaluation
result before the evaluation analysis. Due to the uncertainty of EV bat-
tery structures and their quality, it is necessary to develop standardized
parameters for echelon analysis methods. Furthermore, quantifying the
evaluation parameters of EV battery parameters is challenging when
assessing the battery echelon utilization due to the high complexity and
uncertainty. Traditional evaluation methods are known to exhibit a
certain subjective tendency for complex evaluation analysis, as they

often rely heavily on expert knowledge to pre-define rules or assign fixed
weights to various parameters. This reliance not only introduces
subjectivity but also struggles to capture the full spectrum of complex,
non-linear interactions inherent in battery systems. To overcome this
limitation, a paradigm that can objectively and automatically learn
these intricate relationships directly from data is required. Graph Neural
Networks (GNNs), operating on graph-structured data, have emerged as
a powerful framework to address this specific challenge. The rationale
behind using a graph-based methodology lies in its fundamental
mechanism to mitigate subjectivity, which represents battery charac-
teristics as nodes and models their potential interdependencies as edges
in a graph. Crucially, instead of relying on manual pre-sets, a GNN
automatically learns and quantifies the importance of these edges
through end-to-end training based on the data. This data-driven process
effectively replaces the subjective, experience-based process of expert
weighting. By doing so, the graph mechanism fundamentally reduces
the reliance on a priori expert knowledge and subjective judgment, of-
fering a more objective and precise solution for complex evaluation
analysis. Graph attention network (GAT) incorporates an attention
mechanism to quantify the correlation between node data with the
evaluation parameters, thereby effectively capturing the complex re-
lationships among various parameters (Velickovi¢ et al., 2018). The
proposed method offers a novel perspective and solution for quantifying
the related parameters of EV battery. Graph attention mechanism has
more advantages over traditional entropy weight and hierarchical
analysis for the evaluation methods. Graph attention mechanism can
automatically learn the relationship between various nodes through the
graph-structured data without manually setting parameters, thereby
reducing the subjectivity to improve the efficiency of evaluation anal-
ysis. Similarly, graph attention mechanism can capture more complex
relationships through information transfer between various nodes, while
traditional methods may not perform well when handling complex
evaluation scenarios.

As shown in Table 2, a comparative analysis between graph attention
mechanism and traditional evaluation methods is presented to highlight
their respective advantages across various characteristics, including
method complexity, processing requirements, compatibility, relation-
ship analysis, and reasonability. Although graph attention mechanism
may involve greater complexity in model construction compared to
traditional methods, this complexity offers increased flexibility and
adaptability in handling diverse and dynamic evaluation scenarios. The
graph attention mechanism has high requirements for data processing
relying on high-quality graph structure and node data. It employs a data-
driven approach to parameter allocation and decision-making, which
reduces the interference of subjective judgment to improve the ratio-
nality and reliability of the evaluation results. Compared with tradi-
tional methods, the graph attention mechanism not only provides more
objective evaluation results but also, more importantly, captures the
mutual influence among battery parameters. This dual advantage leads
to more efficient and reliable decision-making. In conclusion, combining
the graph attention mechanism with comprehensive evaluation methods
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Table 2
The comparisons of various characteristics and parameter calculations.
Evaluation analysis methods Computing Data processing Compatibility with various Internal relationship Result
complexity requirements models analysis reasonability
Entropy weight method(Li et al., 2022) Low No Strong No Weakness
Graph attention mechanism(Moradi et al., High Yes Strong Yes Strong
2025)
Analytic Hierarchy Process(Saenz-Royo and Low Yes Strong Yes Weakness
Chiclana, 2025)
Fuzzy comprehensive evaluation with rules( High Yes Weakness Yes Strong
Sheng et al., 2025)
Knowledge reasoning evaluations with rules(Liu ~ Higher Yes Strong Yes Stronger

et al., 2025)

is essential for effectively assessing the application scenarios of EV
battery echelon recycling. Based on the reviewed research, it is essential
to implement the echelon utilization of EV batteries to achieve energy
conservation and environmental protection. Due to the uncertainty and
variability of retired EV battery characteristics, there is currently no
standardized evaluation system tailored to the specific EV battery
characteristics, which greatly affects the efficiency and results of the
evaluations. This paper proposes a highly efficient evaluation method
that incorporates multi-parameter characteristics, combining the graph
attention mechanism and comprehensive data and relation evaluation to
enhance the feasibility and viability of the evaluation system.

3. Knowledge reasoning and relation evaluation method

As known, it is essential to propose an evaluation model based on
graph attention mechanism and comprehensive data and relation eval-
uation method to determine the analytical way to the possible echelon
utilization scenario for retired EV batteries (Li et al., 2009). Further-
more, the evaluation of characteristic factors and their respective pa-
rameters can be determined by considering a data set for each indicator.
Using the relationship matrix and the membership function, the data set
of each index is derived based on the contribution of each index for the
evaluation objects. Through the comprehensive knowledge reasoning
algorithm, all indices can be synthetically considered to acquire the
optimal evaluation results (Xu et al., 2023). In traditional evaluation
analysis, the parameters distribution of evaluation indicators often relies
on the subjective expert knowledge, which might lead to the bias and
inconsistency in the evaluation results. Specifically, there are complex
intrinsic connections and mutual influences between the status param-
eters of EV battery recycling, such as battery capacity decay, battery
cycle life, and battery residual value. However, traditional methods fail
to capture the dynamic relationship between these parameters limiting
the accuracy and reliability of the evaluation results. To overcome this
limitation, Graph Attention Networks (GATs) offer a novel solution by
constructing a knowledge graph that connects the various feature factor
relationships based on the original data. In the graph structure, each
node represents a feature factor, while the edges denote the interactions
between these characteristic factors. The graph attention mechanism
dynamically calculates the weight of each feature factor, reflecting both
the individual parameter data of each factor and the mutual influences
among them. The dynamic calculation refers to the ability of the pro-
posed model to address the uncertainty and heterogeneity of EV batte-
ries. Specifically, the graph attention mechanism captures the unique
parametric characteristics of each battery, re-computing a tailored set of
parameter weights each time it evaluates a new battery pack. The core
advantage of GAT algorithm lies in its ability to reflect the complex
relationship between feature factors of EV battery packs or modules. In
contrast to traditional evaluation methods, it more accurately simulates
the multi-dimensional influencing factors in the recycling of EV batte-
ries, providing more detailed evaluation results. Additionally, GAT en-
hances the interpretability of graph structure to intuitively understand
the different factors, thereby providing a more scientific evaluation

analysis for retired EV battery recycling.

However, the characteristic parameters of EV batteries exhibit
complex interdependencies. For instance, as the battery degrades, the
increase in internal resistance directly influences the degree of tem-
perature rise during its operation. Such intrinsic physical and logical
relationships cannot be fully captured by the GAT’s analysis at the level
of battery parameter data alone. To enhance the reliability and accuracy
of the evaluation, the results from the GAT are then subjected to rule-
based reasoning through the Fuzzy Petri Net (FPN). The FPN operates
as a complementary step, applying predefined rules based on domain
knowledge and physical constraints to optimize and refine the evalua-
tion outcomes. This step ensures that the evaluation is consistent with
known theoretical and practical limits, providing a more robust and
validated result. In summary, the GAT is not a standalone classifier but
rather an essential tool for uncovering hidden relationships in the data,
while the FPN ensures that these findings are validated and aligned with
expert knowledge. Together, they form a comprehensive evaluation
framework that balances data-driven learning with rule-based
optimization.

Therefore, a characteristics evaluation analysis of retired EV batte-
ries has been proposed by considering a GAT-based evaluation model as
shown in Fig. 3. EV battery pack can be analyzed by the battery testing
tools to obtain the original battery status parameters, which serve as key
input data for the evaluation process. Once the data is collected, it can be
further analyzed and verified through the relation reasoning process to
ensure the feasibility of the GAT-based evaluation process. The relation
reasoning process also helps to enhance the interpretability of the graph
structure relationships, which is crucial for understanding the model
decision-making that can be used to improve the accuracy of the eval-
uation results. Based on practical experience and existing literature, the
characteristic factor set and evaluation set of retired EV battery historic
data can be constructed to define the key factors as corresponding
evaluation criteria within the evaluation process. By considering the
graph attention-based evaluation methods, the data and relations of
each characteristic factor in the echelon utilization performance evalu-
ation can be calculated to reflect the significance of each factor in the
evaluation of EV batteries and their mutual influences. Subsequently,
the proposed model employs various relationships based on membership
allocation functions to perform characteristics evaluation of retired EV
battery packs or modules, which maps the battery status parameters to
the evaluation set, thereby providing a quantitative description of the
battery status. Finally, by analyzing the computing results, the model
not only enables assessment of overall battery performance but also
supports rational selection of different echelon re-utilization scenarios
for retired EV batteries.

As shown in Fig. 4, it shows the procedure of the data calculation
based on the GATs to determine the performance analysis of EV battery
parameters for the echelon utilization scenario. Fig. 4 (a) constructs a
knowledge graph that includes battery-related parameters and evalua-
tion levels, highlighting the interrelationships between battery param-
eters in the context of the echelon utilization evaluation of retired EV
battery packs or modules. The relationships marked with red lines
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represent the influencing factors of battery parameters for the evalua-
tion results. The relationships are concretized and quantified numeri-
cally through the GAT-based process reasoning. Furthermore, Fig. 4 (b)
describes the procedure of calculating the influencing factors between
nodes by the graph-based process reasoning. Therefore, for any target
node, the influencing factors of its adjacent nodes are calculated using
the multiple attention mechanism. In the i-th iteration, it can be
described as the feature of the target node h;, the feature of its adjacent
nodes h;, and the similarity coefficients e; between the adjacent nodes
and the target node.

Where W is the weight matrix related to the node features of the input
and output results. || represents the bonding of tensors; a is the training
attention kernel related to the node that can be used to optimized
through iterative training. After the similarity coefficients of all adjacent
nodes and the target node can be obtained, the influencing weight a;; can
be calculated by normalizing them.

exp (e;)
> exp(ex)

keN

(2)

ay =soft max(e;) =

The graph-based attention evaluation method will fully consider the
intrinsic relationship between nodes through iterative learning to obtain
the relatively accurate influencing factors. The obtained weights of
adjacent nodes are aggregated to generate new features of the target
node h;. The new target node features can be analyzed and compared
with the original node features to further optimize the feature matrix W
and attention kernel a of the next iteration. After multiple iterations, a
relatively stable target influencing weight can be described as.

K=o (Zav Wh]> 3)
JjeN

Based on the architecture, it is necessary to design the pseudocode
implementation of the parameter training algorithm. By using the
graph-based evaluation framework as shown in Fig. 4, the weight matrix
W and attention coefficients « are initialized firstly. During the forward
propagation phase, node feature can be represented to compute by using
the GAT-based data and relation evaluation method, and the iteratively
updated node features are compared with the ground truth data Y,
which represent the actual characteristics of the EV batteries (e.g., their
real-world performance data). These reference data serve as a bench-
mark to evaluate the model’s performance, not as manually labeled data
for supervised learning. Subsequently, in the backpropagation phase,
the weight matrix W is optimized via gradient descent. The training
process terminates when the error between the updated node features
and the real-world data falls below a predefined convergence threshold,
indicating model convergence. Finally, the weight matrix W for retired
EV battery parameters is output as the result.

Algorithm 1.
evaluation

Graph attention network for EV battery parameter

nm) - Ground

Input: Battery parameter graph H € R™*? | Adjacency matrix A € {0, l}(
truth Y € R™, Learning rate ; , Epochs T
Output: Trained weight matrix W, Attention parameters a
1: Initialize W € R¥*¢ with He normal//Feature transformation
2: Initialize « € R with Xavier//Attention mechanism
3: ELU-@ activation parameters//Nonlinear function
4: fort=1to T do
5:// Forward Propagation 6: H = H x W//Linear transformation
7: Compute E = [e;] via Eq. (1): ¢ = a” (Wh;|| Wh)
8: a = softmax(E)//Normalized attention (Eq. (2))
9 H =0 (ZjeNaij Whj) —H'//Aggregation (Eq. (3))
10: Y = FC(H")//Final prediction layer
11:// Backward Propagation —————12: Compute L = MSE(Y',Y)//Loss

(continued on next column)
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(continued)

function
oL . .
13: %QVW‘ Va,V6O//Gradient computation
14: Update parameters with Adam:
W— gVW-W,
a—nVa—a,
15: end for 16: return (W, a)//Trained model parameters

The GAT-based evaluation analysis has been thoroughly explained in
accordance with the specific practical engineering requirements.
Therefore, it is imperative to analyze the effective echelon utilization of
retired EV batteries using a case study involving multiple battery packs
with the GAT method. However, assessing the potential echelon recy-
cling strategy is a dynamic process that relies on multi-source data
collection and relation mining. The graph-based evaluation analysis
relies on analyzing specific battery data sets to assess the state of EV
battery echelon re-utilization and recycling. Different battery data sets
may contain varying characteristics and patterns of EV battery recy-
cling, which will yield different parameter results when processing these
data. These parameters reflect the importance and relationships of each
factor within a specific data set, which can explore the universality of
the GAT-based echelon utilization evaluation process. This implies that
although the GAT-based evaluation method can effectively identify
implicit relationships among parameters within a dataset, relying solely
on a data-driven model for such a complex system as battery disas-
sembly often overlooks the intricate mechanistic and physical con-
straints inherent to the battery. Consequently, this may lead to an
incomplete and less accurate understanding of the deeper relationships
among parameters. Therefore, it is essential to examine the inherent
logics and rules of the characteristic relationships between the data
nodes. This will enable more accurate and rigorous evaluation results,
which requires incorporating knowledge-based evaluation methods and
Petri networks to analyze the relevant characteristic factors through
rule-based logic reasoning.

Although establishing rule-based logic reasoning requires certain a
priori knowledge, to ensure this step does not reintroduce subjectivity,
the foundational rules are not derived from arbitrary expert opinions but
are strictly grounded in publicly available standards and a body of
objective knowledge. This provides a transparent and objective basis for
the knowledge reasoning framework. Furthermore, the GAT is not a
traditional supervised learning classifier, it does not rely on any manu-
ally pre-set labels, but instead autonomously learns the weight param-
eters of battery characteristics directly from the graph-structured data.
The obtained parameters can be used into the petri network relationship
model, which can be calculated by the actual relationship between each
characteristic factor. By comparing the acquired data with the original
data, if the deviation from the original value falls within an acceptable
range (less than 5 % is selected in this paper), the parameters can be
reasonably verified. As shown in Fig. 5, it illustrates the integrated
framework used for the reasoning and validation of battery evaluation
parameters, which begins with the collection and preprocessing
(including cleaning, transformation, integration, and reduction) of raw
battery data to construct a high-quality feature dataset. This dataset is
then input into the deep learning algorithm (GAT), which autonomously
learns intrinsic data correlations to generate a set of initial dynamic
weights (referred to as the processing data in the figure). Concurrently, a
rule base, strictly grounded in industrial standards and objective phys-
icochemical knowledge, provides logical constraints for the system. Both
the processing data and the rule base are fed into the reasoning and
decision making, which is embodied by the FPN. This core module
validates the GAT’s output against the predefined rules and optimizes it
into a set of optimal parameters.

Evaluation analysis is a form of uncertain reasoning that can be used
to infer uncertain results based on data calculation and relation mining.
Multiple knowledge bases support the process reasoning to achieve
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Fig. 5. The procedure of graph-based data and relation reasoning process.

optimal evaluation results, which are essential for ensuring the accuracy
and reliability of knowledge reasoning. Therefore, it is necessary to
propose a comprehensive and reliable knowledge-driven evaluation
model with well-defined reasoning rules. The classic IF-THEN rule is
proposed to construct the knowledge base (Zhou et al., 2019). For
example, it is obvious to define that IF d,,, THEN F,. Where d, is a
known judgement which serves as a starting point for reasoning (i.e.: as
a pre-condition). F, is the result of the judgement from the
pre-conditions (i.e.: as a conclusion). A rule-based reasoning process can
provide logical inferences, whether its precondition or conclusion in-
cludes multiple preconditions or multiple conclusions as shown in Fig. 6.
Specifically, Fig. 6 (a) demonstrates a scenario where multiple condi-
tions must be met simultaneously to derive a single result. In contrast,
Fig. 6 (b) shows a reasoning process where a single condition leads to all
possible conclusions. Fig. 6 (c) portrays a situation where any condition

(Gl .
| |
'TF | do d2 [+ o] dm |i
:L_______atld ______ and________ | and_| THEN
::a(:d ~ F

Example 1: The reasoning type AND(d1, d2, d3, ..)=>F:

/* Determine the performance of cycle life for EV battery pack ([Regarding the result F)

- Depth of Discharge (DoD): A battery cycled at 80% DoD may last 2,000 cycles, but at 100% DoD,
only 500-1,000 cycles (d1)

- Charging Rate (C-rate): It recommends various Levels (AC) charging for daily use over frequent
DC fast charging (d2)

- State of Charge (SoC) During Storage: EVs left at 100% charge for weeks lose capacity faster
than those stored at 40-60% (d3)

€r---——--"-"""-"-"“"°""“"-"""-"-"-"----"- |
I |
VIF | di d2 |e e o] dm []
= —_— T = o ool
— o)l o o THEN
—and P

Example 3: The reasoning type OR(d1, d2, d3, ...)=>F:
/* Determine the Safety & Durability of an EV hattery pack (Regarding the result F)
- Battery Chemistry & Material Stability: NMC batteries usually have lower resistance than LFP,
enabling better fast-charging performance (d1)
- Thermal Management System (TMS): Prevents overheating and maintains optimal temperature
Air Cooling , Liquid Cooling, Phase-Change Materials (d2)

Operating Conditions & Usage Patterns: Harsh conditions accelerate wear and safety risks, Fast
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| charging (high C-rate), Deep discharges (high DoD), Extreme temperatures (d3)
.

being met results in a single conclusion. Lastly, Fig. 6 (d) shows a case
where a single condition leads to any of multiple conclusions. These
variations represent different logical configurations for rule-based
decision-making, where preconditions and conclusions may vary in
complexity and interdependencies.

However, the rule base can be constructed according to the objective
relations and related physical mechanism as shown in Fig. 7. A rule-
based reasoning method not only require the use of all rule informa-
tion to obtain the optimal evaluation results, but also selects the
appropriate rules to determine the optimal reasoning outcomes based on
the specific requirements of the recycling process. Based on the
description and the image in Fig. 7, the diagram illustrates the rule-
based reasoning process for assessing various characteristics of an EOL
battery. Each step of the battery’s lifecycle from its initial use to its
module and pack-level analysis feeds into a system that evaluates

Example 2: The reasoning type d1-> AND(F1, F2, F3, ...):

/* Determine the internal resistance of an EV battery pack (Regarding the result F1, F2, ...)

- Battery Chemistry & Cell Design: NMC batteries usually have lower resistance than LFP,
enabling better fast-charging performance (F1)

- State of Charge (SoC): Internal resistance is lowest at mid-5oC (~50-70%); High SoC (near 100%)
and low SoC (<20%) increase resistance (F2)

- Age & Degradation (State of Health, SoH): A new NMC battery may have 10-20 mQ resistance,
but after 1,000 cycles, it could double (F3)

(d)
di

Example 4: The reasoning type d1- OR(F1, F2, F3, ...):
/* Determine the State of Charge (SoC) of an EV battery pack (Regarding the result F1, F2,...)
- Overcharging (SoC > 100%): Excessive voltage causes overheating, electrolyte breakdown, and
potential fire/explosion and it can produce flammable gases (e.g., oxygen from cathodes) (F1)
- Inaccurate SoC Estimation (BMS Errors): If the BMS misreads SoC, the vehicle may lose power
abruptly and A falsely high SoC reading can drain the battery beyond safe limits (F2)

Voltage Imbalance Between Cells: If some cells are at 100% SoC while others are at 90%, the
pack’s performance suffers (F3)

Fig. 6. Various reasoning types for composite rules-based knowledge evaluations.
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Fig. 7. The partially IF-THEN rules for EV battery characteristic relation reasoning.

different factors such as remaining capacity, internal resistance, charge-
discharge rate, cycle number, and the working environment in which the
battery is used. Each factor is governed by a set of rules, which outline
the relationships between changes in one characteristic and its impact
on others.

For example, an increase in internal resistance leads to higher tem-
peratures, reduced remaining capacity, and worsened performance. The
performance and degradation of retired EV battery packs are determined
by the complex interplay between remaining capacity, internal resis-
tance, charge-discharge rate, cycle number, and working environment.
Similarly, the capacity fades and resistance increases with cycling,
accelerated by high C-rates and extreme temperatures. The elevated
charge-discharge currents generate excessive heat that accelerates
electrode degradation, while environmental factors like temperature
extremes and humidity further exacerbate aging. However, the retired
EV battery packs can still find effective second-life applications when
operated within moderate temperature ranges (20-30 °C), using con-
servative charge-discharge rates (below 0.5C), maintaining partial state-
of-charge cycling (30-70 % SoC), and with continuous monitoring of
rising internal resistance as a key health indicator, allowing for extended
usability in less demanding applications like stationary energy storage
systems.

Once the rule-based reasoning relationships are acquired based on
the analysis requirements, they can be incorporated into FPN to achieve
the optimal reasoning results. The FPN can be described as: FPN = (P, T,
D,p,a.f) (Jiang et al., 2022), where P = {p1,p2,- - -,Pm} is a finite set of
places; T = {t1,t2,- -, ti} is a finite set of transitions, The transition ¢
connects two places, and the value of the transition w; indicates the
likelihood to transfer from the former into the latter. D = {d;,dz, - - -, dm }
is a finite set of preconditions, which is used to convert the rules into
petri net; g is an associative function, f(p;) =d; means that p;

corresponds to d; , (In the evaluation of EV battery echelon utilization, d;
is the battery characteristic indicator, and p; is the value of the charac-
teristic indicator for a specific EV battery number); a is an associative
function, a(p;) = y;,yi € [0,1], it indicates that the confidence degree of
the p; is y; and a(t;) = w; indicates that value of the transition ¢; is w;. f is
a calculation function in the logic operation, it is used to calculate truth
degree of the p;. In this paper, a Gaussian function f,(x) = e 151" jg
used for specific calculations. The calculation of p; varies according to its
position in the petri net. If p; is at the beginning of the relationship
network, a(p;) =y;,yi € [0,1], the value of y; is the specific membership
degree of p; for the relevant evaluation level (i.e. f(p;) = pu(p;) =yi). Ifp:i
is at the terminal position or intermediate transition position, a(p;_1) =

P5(d5) Tl Pi(dl)
— ® Represents the current
calculation position of fuzzy
reasoning

P3(d3)

Represents a place, color
P2(d2) is used to distinguish
(a)

Represents the transfer

ps@s) I PldD il
_ direction

P3(d3)

Represents a transition
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®)

Fig. 8. The rule-based reasoning model based on FPN.
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Yi-1,Yi-1 € [071], (Z(ti) =W, w; € [071], thenf(pi) :fa (}'i—l 'Wi).

As shown in Fig. 8, it is important to explain the knowledge rules
based on FPN in the context of logic reasoning. The petri net as shown in
Fig. 8 (a) is transformed by the rule: {IF ds THEN d, } (related to rule 7 in
the knowledge base) and {IF d; and d» THEN ds} (related to the com-
bination of rule 2 and rule 5). According to the above rules it can be
converted into a FPN by D = {d;,d>,ds,ds} and T = {T1,Ts}. The ds, da,
ds, and ds respectively correspond to the remaining capacity, internal
resistance rate, low-temperature capacity, and charge-discharge rate.
The specific places represent the standardized values of the four char-
acteristics factors of EV battery (The values are f(p1) = di,a(p1) = yi;
P(p2) = d2,a(p2) =y2; f(ps) = ds,a(ps) =ys3; f(ps) = ds,a(ps) = ¥s).
Transitions T; and T5 represent the actions of ds changing to d;, and the
combination of d; and d, changing to ds, respectively. At the starting
position of p;, the confidence degree y; is the membership degree of p; in
the relevant evaluation level (Saenz-Royo and Chiclana, 2025). In
addition, p; corresponds to the standardized value of the characteristic
factors for EV battery packs, and its range is between 0 and 1.
Furthermore, the value of p; can be quantized to make subsequent cal-
culations more efficient as shown in Table 3.

The transition represents the likelihood of moving from one place to
another, and it depends on the relationships between the places. How-
ever, the weight g; of each characteristic factor based on graph attention
mechanism can determine the transition value. To verify the rationality
of graph attention mechanism method, equation (4) can be used to
convert the weight value in the logic reasoning process.

as

B
> a
I=A

4

Wy =

As shown in Fig. 8, the confidence degree of the starting place ps and
p» are respectively 0.9 and 0.9. For example, a(ps) =ys = 0.9, a(p1) =
y1 = 0.9), then we can get: a(p1) = fu(¥5 x w1) =£.(0.9 x 0.5572) =
0.6888; a(ps) = fu(y1 x y2 x wz) = f,(0.9 x 0.6888 x 0.4428) =
0.4540. The calculation value 0.454 is the confidence degree of place p3
about a specific evaluation in the evaluation level set. To calculate the
confidence results of ps for all evaluation levels through the above
method, it is necessary to compare their evaluation values. The evalu-
ation levels with the highest evaluation value represent the reasoning
result obtained through logic reasoning. If the accuracy of the compar-
ison result for a set of EV battery pack data exceeds 95 %, it indicates
that the logic reasoning has been successfully completed.

4. Case study

The rule-based evaluation model can be used to analyze the actual
echelon utilization applications for EV battery packs. The parameters of
an individual battery from a set of EV battery packs can be evaluated
using the above proposed model. The overall framework of the model
can be demonstrated as shown in Fig. 9. The evaluated EV battery pack
instances are tested by combining experimental instruments and factory
data to obtain the relevant characteristic parameters. Appropriate pa-
rameters can be selected to establish the corresponding evaluation factor
set and evaluation level set. The extracted characteristic parameters can
be used to get the corresponding parameters through the graph attention
mechanism and knowledge reasoning. Finally, the comprehensive
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evaluation method can be applied to select an appropriate membership
function to construct the membership matrix, which is then calculated
with the relevant parameters to derive the final evaluation result.

To verify the applicability of the evaluation model in assessing
different types of EV batteries, this study selects three common EV
battery types for experimental evaluation and analysis: 18650 lithium
iron phosphate battery (LFP), nickel-cobalt-manganese ternary battery
(NCM), and nickel-cobalt-aluminum ternary battery (NCA). The original
parameters of these three battery types from various manufacturers are
shown in Table 4, each exhibiting distinct characteristics and advan-
tages. Firstly, LFP batteries are renowned for their excellent safety and
long cycle life, with moderate specific energy and low self-discharge
rates, making them suitable for applications with high safety re-
quirements. NCM batteries, on the other hand, demonstrate superior
overall performance, particularly excelling in specific energy, which
makes them the preferred choice for electric vehicles. The NCA batteries,
despite their high power density, exhibit certain limitations in cycle life
and safety, necessitating cautious use in specific applications. To ensure
the scientific validity, regulatory compliance, and industry compara-
bility of our evaluation process, this study strictly adheres to the Chinese
national standard, GB/T 34015.3-2021, titled by Recycling of traction
battery used in electric vehicles — Echelon utilization — Part 3: Echelon
utilization requirements. This standard serves as the authoritative
technical document guiding the inspection and classification of retired
EV batteries prior to echelon re-utilization in China. It provides detailed
specifications for key technical indicators, testing methods, and judg-
ment criteria regarding aspects such as appearance inspection, voltage
and internal resistance consistency, and charge/discharge performance.
In this study, the standard is specifically integrated into our methodol-
ogy as follows.

@ Establishment of the evaluation factor set: We leveraged the key
performance parameters emphasized in the standard to select and
define the characteristic factors for our evaluation model.

@ Definition of the evaluation level set: The standard’s classification of
different performance levels provided a direct basis for setting the
evaluation grades for various echelon utilization scenarios.

@ Constraints for data generation: When generating simulated sample
data, the parameter ranges specified in the standard were used as
core constraints to ensure the realism and validity of the data.

To support the case analysis in this study, we have constructed a EOL
battery dataset that is both realistic and representative. The construction
of this dataset began with a high-quality basic dataset, which consists of
two main components: (1) real-world historical data of retired batteries
covering mainstream chemical systems such as LFP, NCM, and NCA,
provided by industrial partners. This data includes factory specifications
and BMS records; (2) standardized performance calibration tests con-
ducted on physical battery packs, obtained from our partners, after
passing safety checks such as corrosion, leakage, and deformation. These
tests were carried out under standard laboratory conditions to acquire
precise performance data. The basic dataset offers statistical distribution
patterns of key performance parameters (e.g., capacity, internal resis-
tance) for batteries at the end of life in the real world. In this analysis
process, it is obvious to collect 20 samples for each of three types of EV
battery packs based on computer random data according to the related

Table 3

The membership degree of the quantized value for each evaluation level.
Various standard status 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Excellent 0 0 0 0 0 0.33 0.66 1 1 1
Good 0 0 0 0 0.33 0.66 1 1 1 0.66 0.33
Normal 0 0 0.33 0.66 1 1 0.66 0.33 0 0
Attenuation 0.33 0.66 1 1 0.66 0.33 0 0 0 0
Abnormal 1 1 1 0.66 0.33 0 0 0 0 0 0
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Energy density 90-120Wh/kg 150-220Wh/kg 200-260Wh/kg ciency and more robustness. Various EV batteries might have various
nominal capacity 50-200Ah 50-250Ah 50-220Ah performance, such as battery capacity, internal resistance, charge-
Rated voltage 2.5-3.65V 3.0-4.2v 3.0-4.2v discharge voltage, rate discharge performance, high and low tempera-
Charging rate 1C 0.7-1C 0.7C t it f ifi h disch
Discharging rate 1c 1c 1c ure capacity ) per orman'ce, mass’ speciiic energy, C grge- 1scharge
Discharge cycle 10002000 1000-2000 500 temperature rise and their cycle life. However, the testing of param-

constraints and standards. By considering the testing samples, all
generated EV battery packs underwent rigorous inspection, including
disassembly and examination for issues such as corrosion, leakage, or
deformation. Under strict safety protocols, it is significant to generated
key parameter data of EV batteries through simulated testing and actual
data provided by manufacturers, laying a solid foundation for subse-
quent evaluation and analysis.

Unlike traditional machine learning models where training, valida-
tion, and test sets are used for model training and evaluation, our
approach is not designed to validate new battery characteristics or
predict specific parameter values. Instead, it focuses on determining the
influence weights of various battery characteristics, identifying how
different factors contribute to the overall battery performance. As such,
the concept of dataset partitioning into training, validation, and test sets
does not apply in this context, as there are no specific outputs to validate
or predict in the traditional sense. Instead, the data is used to model the
relationships and dependencies between the battery parameters. The
primary goal is to extract the relative importance of each feature (such
as internal resistance, capacity, etc.) in influencing the overall battery
performance and aging process. Therefore, all data in the dataset is
utilized to derive these weights, without the need for separate training,
validation, or testing phases.

4.1. Specific EV battery case analysis

It is necessary to define the evaluation factor set U = {u,up, - - - , U}
and evaluation level set V = {v1,v3, -+, v} for the EV battery. EV bat-
teries may retire for various reasons (e.g., cycle aging, storage aging,
overcharging/over-discharging). Distinguishing between different
retirement scenarios would significantly increase the cost of screening

11

eter performance requires time, economic costs, and safety consider-
ations. In the industrial-scale recycling of retired EV battery packs, it is
essential to ensure economic efficiency and personnel safety. Therefore,
to scientifically and comprehensively select core evaluation indicators
that best characterize the residual value and safety risks of EV batteries,
and to provide a solid basis for the subsequent definitions of evaluation
levels, this study adheres to the following selection principles:

@ Critical Performance Characterization Capability: The selected in-
dicators must directly and centrally reflect the battery current State
of Health (SoH), potential Remaining Useful Life (RUL), and suit-
ability for echelon re-utilization application scenarios. For instance,
remaining capacity directly determines its value in energy storage
and other echelon utilization scenarios, while internal resistance
pertains to its power output capability, energy efficiency, and heat
generation risk.

@ Correlation with Aging Mechanisms and Failure Modes: The in-
dicators should be closely related to the primary electrochemical
aging mechanisms (i.e.: loss of active material, layer growth, lithium
plating) and common failure modes of batteries, thereby enabling
effective differentiation between batteries of varying health
conditions.

Feasibility and Cost-Effectiveness of Industrial Application: Consid-

ering the practical demands of large-scale screening, priority is given

to parameters with mature testing methods, relatively short testing
times, manageable equipment costs, and operational safety.

@ Literature Support and Industry Consensus: The selection is informed
by existing research in battery health assessment and echelon re-
utilization, as well as by Key Performance Indicators (KPIs) widely
recognized within the industry, ensuring the scientific validity and
representativeness of the chosen indicators.
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Based on these comprehensive considerations, combined with the
contribution of each parameter to the overall battery performance and
its discriminative power in practical echelon re-utilization screening,
this paper ultimately identifies the following five characteristic factors
as evaluation indices: battery remaining capacity, internal resistance,
low-temperature capacity performance, battery charge-discharge rate
capability, and charge-discharge temperature rise. The selection of the
indicators aims to lay the foundation for constructing an accurate and
reliable evaluation level system, thereby effectively guiding decisions on
the echelon re-utilization and recycling of EV battery packs (Lai et al.,
2021b).

@ Battery remaining capacity is an incredibly significant characteristic
in the echelon utilization evaluation of EV batteries, which can be
used to demonstrate the normal usage, as well as the overall health
status. In this paper, the rate of the current remaining capacity to the
rated remaining capacity is defined as u;. The evaluation criteria for
the remaining capacity of retired EV battery packs are established
based on a comprehensive analysis of relevant literature, industry
standards, and practical engineering experience. By discussing and
analyzing the capacity degradation curve of EV batteries, noting that
the curve exhibits inflection points at the 80 % and 60 % nodes,
corresponding to two critical failure mechanisms: electrolyte deple-
tion (80 %) and active material phase transformation (60 %) (Atalay
et al., 2020). Additionally, industry practices and field data indicate
that batteries with capacities between 70 % and 80 % can still
operate effectively in secondary applications. Integrating this related
knowledge of the battery remaining capacity u;, their evaluation
levels can be defined as: 100 %> u; >80 % is recorded as excellent,
80 %>u; >70 % as good, 70 %>u; >60 % as normal, 60 %>u; >40
% as attenuation, and u; <40 % as abnormal.

@ In addition, the internal resistance has a significant influence on the

performance of EV battery and more energy loss if the internal

resistance is high. The internal resistance of the battery will increase
when the battery is gradually becoming aging. In terms of charging
and discharging rate, a battery with a high internal resistance can
suffer from a larger temperature rise, which might lead to safety is-
sues. Considering the different internal resistance of each battery
production, the specific value might vary at different temperature

(Koc et al., 2022). In this study, the measurement of the internal

resistance ratio strictly adheres to the ISO 12405-4:2018 standard.

The measurements were conducted at a SoC of 50 % + 5 % (within

the stable open-circuit voltage region) to minimize polarization ef-

fects. A constant temperature chamber set at 25 °C (£+0.5 °C accu-
racy) was used to eliminate environmental interference. To facilitate
unification and calculation, the rate of the current internal resistance
value to the resistance value of the new battery is marked as uy, the
smaller the internal resistance value, the better the health status of
the battery. Based on the actual production data and theoretical
references, which can be defined 1> u, >1.5 as excellent, 2>uy >1.5

as good, 2.5>uy >2 as normal, 3.5>u; >2.5 as attenuation, and u,

>3.5 as abnormal (Sun et al., 2020).

Low temperatures have a bigger influence on battery discharge than

room temperature or higher temperatures, which will result in a

considerable reduction in battery capacity (Na et al., 2021). Ac-

cording to the Low-temperature performance test standard in ISO

12405-4:2018, the batteries in this experiment were discharged at a

constant current of 0.3C to the cutoff voltage in a —20 °C environ-

ment, and the ratio of the remaining capacity was recorded. The ratio
of the battery capacity at low temperature to the rated capacity can
be marked as u3. Based on the actual production data and theoretical
support, it is obvious to define the evaluation criteria for
low-temperature remaining capacity as follows: 100 %> u3 >80 % as

excellent, 80 %>u3 >70 % as good, 70 %>us >60 % as normal, 60

%>us3 >50 % as attenuation, and uz <50 % as abnormal (Liu et al.,

2022).
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@ Furthermore, high temperatures have a significant risk of causing
permanent degeneration of EV batteries, as well as deformation or
rupture (Hamisi et al., 2022). Excessive temperature rise will result
in excessive consumption and performance reduction for EV battery
capacity, which was conducted in accordance with the ISO
12405-4:2018 and IEC 62660-2:2018 standards. Under the condi-
tions of 25 °C + 1 °C and an initial battery SoC of 50 % + 5 %,
temperature sampling was performed at the center of the cell surface
during 1C constant current charge-discharge cycles. The temperature
rise value of the battery at the 30-min mark of the discharge process
was recorded as uy4. Based on the actual production data and theo-
retical support, it is obvious to define the evaluation criteria for
temperature rise value as follows: The evaluation intervals of u, are:
uy <4 °Cis recorded as excellent, 6 °C> u4 >4 °C as good, 8 °C> uy
>6 °C as normal, 10 °C> u4 >8 °C as attenuation, and us >10 °C as
abnormal (Li et al., 2024).

@ The charge-discharge rate represents the speed of EV battery
charging and discharging as well as the performance of its charge-
discharge. The charge-discharge rate represents the ratio of the EV
battery’s charge-discharge capacity within a unit time to its rated
capacity. The faster the charge-discharge speed, the greater the rate.
In this study, the charge-discharge rate test was conducted in
accordance with the ISO 12405-4:2018 standard. A constant current
source (1C rate) was used to charge the battery to its rated voltage,
followed by discharging it at the same rate to the cutoff voltage (e.g.,
2.5 V) (Abavi-Torghabeh et al., 2023). The discharge time and ca-
pacity were recorded, and the ratio of the actual capacity to the rated
capacity was calculated and defined as us.Based on the actual pro-
duction data and theoretical support, we can define the related
parameter values as follows: The rate of us :100 %> us >98.5 % is
recorded as excellent, 98.5 %>us >96 % is recorded as good, 96
%>us >92 % is recorded as normal, 92 %>us >85 % is recorded as
attenuation, and us <85 % is recorded as abnormal.

In short, the characteristic indicators can be defined as U = {u;, uz,
us,us,Us }, including the battery remaining capacity, internal resistance,
low temperature capacity, charge-discharge temperature rise, and
charge-discharge rate, respectively. Similarly, it is necessary to assess
their performance by various evaluation levels, such as excellent, good,
normal, attenuation, and abnormal, V = {v1,v3,V3,v4,Vs} as shown in
Table 5.

After determining the aforementioned indicators U and evaluation
levels V, the experiments can be conducted based on 20 samples of EV
batteries from three different types. The measurement methods for the
battery performance parameters, as described earlier, are based on in-
ternational standards and the Battery Test Manual for Plug-In Hybrid
Electric Vehicles (Belt, 2010). The specific parameter data for these
three types of EV batteries are described as shown in Fig. 10. Since
directly analyzing the original data of EV battery characteristic param-
eters is challenging, the data values must be normalized. In the actual
evaluation process, the evaluation factors (i.e., remaining capacity,
low-temperature capacity, charge and discharge rate, internal resis-
tance, and temperature rise) can be standardized through the complex
reasoning and calculation so that the related data can be consistently
dealt with. The obtained standardized data can be transferred to the
proposed knowledge graph for evaluating echelon utilization factors.
After the multiple iterations of graph attention mechanism, the simi-
larity between the characteristic factors and the results can be acquired
by the evaluation analysis. Consequently, leveraging the dynamic
computation of the graph attention mechanism, the three different EV
batteries yield distinct sets of parameter weights that reflect their unique
parametric characteristics, as shown in Table 6.

Furthermore, it is necessary to acquire the weight coefficient of the
characteristic factors by examining the specific process of comprehen-
sive evaluation analysis. Different distribution functions (i.e.: trape-
zoidal distribution, k-order (k=2,3) parabolic distribution, and Gaussian
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Table 5
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Various evaluation levels for EV battery characteristics.

Evaluation levels

Remaining capacity Internal resistance Low temperature capacity Temperature rise

Charge- discharge rate

Excellent 80 %-100 % 1-1.5 80 %-100 % 0-4°C 98.5 %-100 %
Good 70 %-80 % 1.5-2 70 %-80 % 4-6 °C 96 %-98.5 %
Normal 60 %-70 % 2-2.5 60 %-70 % 6-8 °C 92 %-96 %
Attenuation 40 %-60 % 2.5-3.5 50 %-60 % 8-10°C 85 %-92 %
Abnormal 0 %-40 % >3.5 0 %-50 % >10°C 0 %-85 %
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Distribution, etc. (Azadegan et al., 2011)) can be used to fit the mem-
bership degrees of individual battery characteristic factors, which can be
selected for further calculations by comparing the differences between

#1O#2 #3  #4 #5 H6  #T  #8  H9 #10 #11 #12 #13 #14 #15 #16 #17 #18 #19 #20
EV battery sample

Fig. 10. The performance sample data of three different types of EV batteries for echelon utilization.
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these different distributions. The properties of different distribution
functions can meet the characteristic requirements of various EV battery
packs. For instance, LFP batteries exhibit strong cycle stability and linear
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Table 6
The weight of the characteristics for retired EV battery packs.
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Battery types Remaining capacity Internal resistance

Low temperature capacity

Temperature rise Charge- discharge rate

LFP 0.223 0.289
NCM 0.302 0.200
NCA 0.126 0.302

0.177 0.172 0.139
0.102 0.148 0.249
0.061 0.198 0.313

capacity degradation, making the trapezoidal distribution function more
suitable for comprehensive evaluation. In contrast, NCM batteries show
nonlinear capacity degradation and may experience the capacity “jump”
phenomena, thus the 2-order distribution function is more appropriate
for evaluating their remaining capacity. As for the internal resistance
ratio, due to its typically high consistency, the Gaussian distribution
function better reflects its characteristics.

The EV battery evaluation levels can be defined as Echelon I, Echelon
11, Echelon III, Echelon IV, and Echelon V, which can be assigned to the
five remarks: Excellent, Good, Normal, Attenuation, Abnormal. The
membership degree of the specific characteristic value is from 0 to 1,
which is different according to the selected distribution function. For
example, when the battery remaining capacity u; is 62 %, the mem-
bership degree of Echelon III (Normal, 60 %-70 %) can be defined as 1
that the membership degree associated with Echelon IV (Attenuation,
40 %-60 %) can be defined as the specific distribution function. For the
further Echelon V (Abnormal, 0-40 %), the membership degree can be
defined as 0. Furthermore, the No.17 battery can be considered as an
example that different evaluation functions can be used to acquire the
corresponding evaluation matrix R. The results can be analyzed to select
suitable distribution function. The remaining capacity u; of the No.17
battery is 75.44 %, its internal resistance rate uy is 2.14, its low-
temperature capacity rate us is 74.44 %, its charge-discharge tempera-
ture rise uy is 6.43 °C, and its charge-discharge capacity us is 95.35 %.

After the data of the characteristic factors are normalized, they are
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substituted into the trapezoidal distribution comprehensive evaluation
method with a value of 1. A; represents the membership degree of the
parameter to the Echelon levels. For the No.17 battery, the remaining
capacity uy; =75.44%, A1 (1) = g 2%, As(U1) = gogamsubstituting
into the equation, A; (u3) = 0.5440, A2(u1) =1, As(u;) = 0.4560 can be
acquired. For internal resistance rate uy; = 2.14, substituting into the
equation, Az(uz) = 0.7200, As(uz) = 1, A4(uz2) = 0.2800 can be ac-
quired. For low temperature capacity us = 74.44%, Substituting into the
equation, A;(us) = 0.4440, Az(us3) = 1, As(uz) = 0.5560 can be ob-
tained. For the charge-discharge temperature rise us =6.43°C, A3(u4)
0.7850, As(us) = 1, A4(uz) = 0.2150. For charge-discharge rate us
95.35%, Az(lls) = 0.8375, A3(ll5) = 1, A4(u5) = 0.1625. The mem-
bership function of the trapezoidal distribution for residual capacity can
be described as shown in Fig. 11(a).

The membership degree of the remaining characteristic factors can
also be determined using the same method, allowing the construction of
the logic relation matrix R; by using trapezoidal membership function.
The matrix R; represents the degree of membership of various factors to
different evaluation levels, with the values of the membership degrees
regarding Excellent, Good, Normal, Attenuation, and Abnormal from
left to right. Each row in the matrix represents the membership degree of
the characteristic factors for different evaluation levels, corresponding
to capacity, internal resistance rate, low temperature capacity, tem-
perature rise, and charge-discharge rate from top to bottom. When the
membership of the 2-order parabolic distribution function (k=2) is used,
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Fig. 11. The membership of four functions distribution of residual capacity. (a) Trapezoidal Distribution Function; (b) 2-order Distribution Function; (c) 3-order

Distribution Function; (d) Gaussian Distribution Function.
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the specific value is still substituted into the logic evaluation method
through normalization to obtain the corresponding membership matrix
R;. The membership distribution of the second-order parabolic distri-
bution function with respect to residual capacity can be described as
shown in Fig. 11(b). When the 3-order parabolic distribution function
(k=3) is used, the specific value are still normalized and then substituted
into the evaluation method through normalization to obtain the corre-
sponding membership matrix R3. The membership distribution of 3-
order parabolic distribution function with respect to residual capacity
is shown in Fig. 11(c).The Gaussian distribution function can be used to
deal with the relevant data of No. 17 batteries and then input them into
the comprehensive evaluation method to determine the remaining ca-

2 2
—(“;853%) —(—”315%)
pacity Ai(u) = e , Ax(w) = e , As(w) =

2
)
e ° /. The related values A;(u;) = 0.1200, As(1) = 0.9922,

As(u;) = 0.0128 can be acquired. The characteristic factors of the EV
battery packs have a relevant membership degree for each evaluation
level. Similarly, the membership degree of each characteristic factor
across different evaluation levels can be calculated to acquire R4. For
example, the residual capacity membership based on the Gaussian dis-
tribution can be described as shown in Fig. 11(d).

However, the weight A = {aj,a2,as,a4,as} = {0.2231,0.2893,
0.1772,0.1717,0.1387} and matrices Ry, Ry, R3, R4 can be calculated by
calculating the related characteristic factors to perform the normaliza-
tion as the results B;. The value B; can be acquired by the comprehensive
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evaluation to assess the corresponding evaluation level. The trapezoidal,
k-order (k = 2 and 3) parabola distribution function can be classified the
battery No. 17 as an Echelon II (Good), and the Gaussian distribution
function can be classified it as an Echelon III battery (Normal). Through
the calculation demonstration of the comprehensive evaluation analysis
for the aforementioned No. 17 LFP battery, we employed the same
method to calculate all the battery data, obtaining their comprehensive
evaluation results as shown in Fig. 12. The EV battery evaluation results
need to be tested in practical application scenarios to verify the accuracy
of the evaluation method and ensure the economic benefits and safety of

Table 7
Adaptability test parameters for echelon utilization scenarios.

Evaluation Echelon Cycle count Test Recycling

level utilization qualification parameters standards
scenarios threshold (charge and

discharge)

Echelon I Low-Speed >800 cycles 1C,25 °C GB/T 34015-
Electric 2017
Vehicle

Echelon II Commercial >1500 cycles 2C,35 °C UL 1974-
energy 2018
storage

Echelon III Grid energy >3000 cycles 0.2C,25 °C 1EC 62620-
storage 2014

Echelon IV Household >500 cycles 0.5C,25 °C JISC
energy 8715-2:2019
storage
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Fig. 12. Evaluation results of four distribution functions of each EV battery.
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battery echelon utilization. To simulate this practical effect, we selected
appropriate charge-discharge test parameters based on the echelon
utilization scenarios corresponding to each evaluation level as shown in
Table 7. Subsequently, the experimental batteries were subjected to
charge-discharge cycle tests under the corresponding evaluation sce-
narios according to the test parameters. The actual number of charge-
discharge cycles was recorded and compared with the theoretical
qualified cycle count, thereby calculating the accuracy of the evaluation
results and the safety of the batteries.

The evaluation accuracy was calculated through the following pro-
cedure: Firstly, the actual charge-discharge cycle counts of experimental
batteries in corresponding evaluation-grade scenarios were recorded
and divided by the pre-determined cycle count threshold to obtain in-
dividual battery evaluation accuracy. For the EV batteries of the same
type, the comprehensive evaluation accuracy under specific allocation
functions was ultimately determined by summing the accuracy values of
all individual batteries and dividing by the total number of EV batteries.
As shown in Table 8, comparative results are presented showing the
evaluation accuracy of three battery types under different comprehen-
sive evaluation allocation functions.

The accuracy of calculation method not only quantifies the perfor-
mance of individual EOL battery under specific evaluation scenarios but
also allows verification of its applicability through comparative analysis
of different battery product types. In this study, three distinct types of
EOL batteries exhibited consistent and reasonable accuracy distributions
under various comprehensive evaluation allocation functions, further
demonstrating the method effectiveness and reliability in multi-type
battery evaluations. The experimental results indicate that the selec-
tion of comprehensive evaluation allocation functions exhibits signifi-
cant dependence on different battery chemistries. Specifically, LFP
batteries demonstrate optimal evaluation performance under the trap-
ezoidal allocation function, achieving a grade accuracy of 93.56 %. This
is attributed to the highly stable aging characteristics of LFP batteries,
where their capacity degradation curves follow a nearly linear trend,
aligning well with the linear decay assumption of the trapezoidal
function. In contrast, NCM and NCA batteries achieve accuracies of
94.62 % and 92.57 %, respectively, under the third-order allocation
function. This advantage stems from the nonlinear degradation features
observed in these ternary material batteries during aging. Although
NCM/NCA systems exhibit excellent initial performance, they are prone
to sudden failure mechanisms such as layer rupture and particle
cracking in the later stages of cycling. The non-stationary degradation
behavior is physically consistent with the multi-stage decay model of the
third-order function. This mechanistic difference highlights that the
selection of an appropriate distribution function should be based on
their aging characteristics for improving the accuracy of echelon utili-
zation evaluations.

4.2. Evaluation analysis based on rule-based reasoning

The rule-based evaluation analysis combined with the graph atten-
tion mechanism can be used to obtain the optimal parameters that can
only be applicable to the data analysis of EV battery packs. This feasi-
bility analysis of the proposed method can be used to verify the cor-
rectness of the parameters through logic reasoning. When performing
rule reasoning between characteristic factors of retired EV battery packs,

Table 8
The accuracy of evaluation results for LFP, NCM, and NCA batteries under
different distribution functions.

Distribution function LFP NCM NCA

Trapezoidal Distribution Function 93.56 % 89.67 % 87.29 %
2-order Distribution Function 90.11 % 92.36 % 91.44 %
3-order Distribution Function 89.83 % 94.62 % 92.57 %
Gaussian Distribution Function 82.91 % 73.64 % 84.94 %
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a single rule only represents the relationship between two characteristic
factors. However, this simple relationship cannot adequately capture the
parameter analysis, as it overlooks the complex coupling between all the
related characteristic factors. Therefore, the relationship between the
five characteristic factors can be constructed according to the knowl-
edge base as shown in Fig. 13(a), where X3, X», X3, X4, X5, and X
represent the remaining capacity, internal resistance rate, low-
temperature residual capacity, temperature rise, charge-discharge rate,
and charge-discharge times. The solid-line connection represents posi-
tive feedback, and the dotted-line connection indicates negative feed-
back. This distinction is particularly important for subsequent rule
propositions and membership calculations. As shown in Fig. 13(a), it
provides a visual representation of the knowledge base, making it easier
and more intuitive to recognize the interrelationships between various
characteristic factors of the specific EV battery packs. By combining with
Figs. 7 and 13(a), all the related rules (i.e.: Rule #3, Rule #4, Rule #7
and Rule #8) can be selected to build the logic relations, such as {IF ds,

THEN d, }, {If d;, THEN dy} and{ IF d; and d, THEN d4}. Thus, the FPN
can be obtained as shown in Fig. 13(b). di, d, d4 and ds are the pre-
conditions of specific logic reasoning, and pi, p2, ps, and ps are the
values of the corresponding characteristic factors of specific EV
batteries.

By considering No. 1 battery as an example, the standardized values
after quantification are p; = 0.1; po = 0.5; p4 = 1; ps = 1. Since the
logic reasoning result of the temperature rise (X4) needs to be deter-
mined at the end, and X4 belongs to the excellent evaluation level, the
proposition can be specified as follows: (1) If ds (the charge-discharge
rate is small), then d; (the remaining capacity will keep a better sta-
tus); (2) If dsw (the charge-discharge rate is higher), then d; (the internal
resistance rate is smaller); (3) If d; and dy, then d, (the temperature rise
is small). The reason for condition ds and ds~ seems to be a paradoxical
event that the charge-discharge rate needs to balance the roles between
the remaining capacity and the internal resistance rate. By considering
the data set of related membership degrees for the original data derived
from EV battery characteristics, as shown in Table 3, a more accurate
and comprehensive evaluation of battery status can be achieved. The
truth degree of the related conditions can be acquired: f(ps) = ds,
a(ps) =ys =0,8(ps") =ds ,a(ps’) =ys" = 1. By calculating equation
(4) can obtain the weight results w; = m = 0.2711, wy, =
0.3516, w4 =0.2087, ws = 0.1686. Then, it can obtain the truth degree
of the logic reasoning result based on FPN: a(p1) =fo(ys x w1) =f2(0 x
0.2711) = 0.2231; a(p2) = fu(ys" x w2) = fu(1 x 0.3516) = 0.5322;
a(ps) =fa(y1 X y2 X ws) = f5(0.2231 x 0.5322 x 0.2087) = 0.2401.

The final evaluation levels (i.e.: Good, Normal, Attenuation, and
Abnormal) can be obtained as 0.233, 0.230, 0.232, 0.237. Battery No. 1
yields the inference results based on the FPN, demonstrating that the
battery temperature rise corresponds to the Excellent level, thereby
confirming its reliability. The original temperature rise data of No. 1 EV
battery can be selected as the Excellent level, which means that the
inference results based on rule reasoning are in line with the original
data. By calculating the logic reasoning results for the temperature rise
of each EV battery and comparing them with the original data, it is found
that the logic inference results are fully consistent with the original data,
achieving an accuracy of 100 %. It shows that the graph attention
mechanism and logic reasoning model are still feasible and accurate.
Therefore, it can be concluded that the parameters derived from the
analysis of a specific data set using the graph attention mechanism can
be effectively used to evaluate the echelon utilization of the corre-
sponding EV battery.

4.3. Comparative analysis

To demonstrate the influence of GAT and FPN on the evaluation
methodology, two comparative configurations are introduced: a GAT-
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Fig. 13. The relationship of EV battery characteristic factors (a) and FPN with initial state (b) and reasoning results (c).

only method, in which the rule-based FPN stage is removed and the final
assessment is obtained by directly aggregating membership scores with
the data-driven weights learned by GAT; and an FPN-only method, in
which the GAT-derived weights are replaced by entropy-based weights
while the FPN reasoning is retained. By evaluating these configurations
against the complete framework, the marginal and joint contributions of
the two components can be quantified. Using the GAT-only and FPN-
only methods, the corresponding characteristic weights are computed
separately for the three retired EV battery types, and the results can be
presented as shown in Table 9. The obtained weights are subsequently
applied in the comprehensive evaluation. To control variables across the
comparative experiments, the distribution function can be fixed to the
third-order formulation for all methods. The corresponding evaluation
results are presented in Fig. 14. The evaluation results are assessed using
the same procedure described in Section 4.1 to measure the accuracy
under the practical application scenarios, while the outcomes can be
demonstrated as shown in Table 10.

Across the three battery types, the complete framework GAT-FPN
attains the highest accuracy (LFP = 89.83 %, NCM = 94.62 %, NCA
= 92.57 %), while removing either component degrades perform-
ance—moderately for the GAT-only (83.51 %, 87.93 %, 84.90 %) and
more markedly for the FPN-only (72.43 %, 74.84 %, 70.69 %). These
results are consistent with the roles of the two methods: GAT is data-
driven and captures the contribution of each battery characteristic
under different chemistries, while FPN emphasizes physics- and rule-
based consistency, constraining the evaluation to follow known mono-
tonicities and safety relationships. Without GAT, the system loses the
ability to analyze weights dynamically and becomes less discriminative
across chemistries; without FPN, the evaluation may deviate from
physical plausibility. The observed accuracy declines quantify their
complementarity and confirm that both GAT and FPN are necessary for
battery evaluation.

4.4. Battery echelon utilization scenarios

According to the GB/T 34015.3-2021 standard, the application

Table 9
Characteristic weights for retired EV battery packs under comparative analysis.

scenario for battery echelon utilization will be analyzed to evaluate the
specific characteristics of EV battery packs. These evaluations can then
be applied to corresponding application scenarios as shown in Fig. 14.
By calculating the evaluation characteristic factors, it is essential to
determine the appropriate echelon utilization scenarios corresponding
to the five evaluation levels. When the logic comprehensive evaluation
level recommends the application scenario of Echelon I, and the mem-
bership degree of the five characteristic factors of the EV battery fall
under the Echelon I (i.e. Excellent), it indicates that the battery exhibits
outstanding overall performance. Such EV battery packs are suitable for
scenarios requiring exceptionally high battery performance, such as
backup power supply for communication base stations.

As shown in Fig. 15, the comprehensive evaluation level of EV bat-
teries recommends Echelon I. However, the membership degrees of the
five characteristic factors are not all in Echelon I. However, it is neces-
sary to evaluate the battery characteristics to determine their suitability
for use in low-speed EV batteries or in applications with higher
comprehensive performance requirements. When the comprehensive
evaluation level recommends Echelon II, the EV batteries can be
considered to have good performance, still meeting the requirements of
certain high-performance application scenarios, such as grid peak
shaving services or commercial energy storage and emergency power
supply. When the comprehensive evaluation level recommends Echelon
111, the EV battery can be used in various scenarios, such as grid energy
storage service or electric vehicle charging stations, where the perfor-
mance requirements are relatively low. When the comprehensive eval-
uation level recommends Echelon 1V, it indicates that the EV battery
performance has deteriorated to the point where it is no longer suitable
for commercial or industrial use.

However, it can still be repurposed as a residential energy storage
device. Household energy storage has a modest demand on the battery
overall performance, which might be supplied by employing the Echelon
IV for EV battery. Finally, when the battery comprehensive evaluation
level falls under Echelon V, it signifies that one or more aspects of the
battery’s health status are abnormal. The battery is unsuitable for gen-
eral echelon utilization from an economic or a safety standpoint. It

Application analysis approaches Battery types Remaining capacity Internal resistance Low temperature capacity Temperature rise Charge- discharge rate
GAT-only LFP 0.251 0.259 0.181 0.151 0.158
GAT-only NCM 0.331 0.179 0.101 0.121 0.268
GAT-only NCA 0.111 0.301 0.061 0.169 0.358
FPN-only LFP 0.219 0.321 0.141 0.221 0.098
FPN-only NCM 0.178 0.281 0.101 0.259 0.181
FPN-only NCA 0.121 0.338 0.076 0.281 0.184
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Fig. 14. The evaluation results for each EV battery pack under comparative methods.
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Table 10

The accuracy of evaluation results for LFP, NCM, and NCA batteries under

comparative methods.

Distribution function LFP NCM NCA

GAT-FPN 89.83 % 94.62 % 92.57 %
GAT-only 83.51 % 87.93 % 84.90 %
FPN-only 72.43 % 74.84 % 70.69 %

should provide the material recycling rather than the battery echelon
utilization. It is inevitable that some special worn EV battery packs may
show up during a comprehensive evaluation, which is closely related to
their operating environment and usage patterns. For example, while
most of the characteristic factors of retired EV batteries may reach
Echelon I, a few factors could fall under Echelon III or lower. In such
cases, special attention needs to be given to the lower-performing factors
of EV batteries when considering practical echelon utilization
applications.

In addition to general echelon utilization scenarios, there are often
specific scenarios in practical applications where certain battery pa-
rameters are given more attention due to environmental factors or

environments, the thermal characteristics of the battery (such as the rate
of temperature rise and thermal stability) become critical consider-
ations. In high-power demand scenarios, the power output capability
and internal resistance characteristics of the battery are particularly
important. Moreover, involving frequent charge-discharge cycles, the
cycle life and capacity degradation characteristics of the battery receive
significant attention. Therefore, in specific scenarios, certain battery
parameters are emphasized, which necessitates a comprehensive
consideration of the complex coupling relationships between these
specific factors during logic reasoning and parameter analysis. Addi-
tionally, the weights of performance parameters should be reasonably
assigned based on the requirements of specific scenarios to ensure the
accuracy and adaptability of the evaluation analysis.

5. Discussion

Considering the challenges associated with the evaluation and se-
lection of application scenarios for EV batteries in echelon utilization,
the authors present a dynamic hybrid graph attention mechanism
combined with an evaluation approach in the paper. The proposed
method offers the following advantages.

operational habits. For instance, in high or low-temperature
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Fig. 15. Various application scenarios for echelon utilization of EV battery packs.
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@ Firstly, as to the solution to the needs of EV battery health evaluation

for the specific echelon utilization scenarios, the proposed evaluation
approach offers designers with a framework to determine the basic
architecture of EOL battery based on the evaluation system. When
dealing with the uncertainty of EOL batteries, a unified evaluation
criterion can be employed to select and assess the relevant charac-
teristics of the batteries. Moreover, the framework offers designers
an effective method for selecting and determining battery charac-
teristic factors in the evaluation system, significantly improving the
efficiency of establishing the battery evaluation system for the po-
tential echelon utilization for EOL battery in the future recycling
application. Our proposed framework, by contrast, directly addresses
this limitation that provides designers with a clear and efficient
method for selecting and defining key battery characteristic factors
through a more formalized procedure, and for applying unified
evaluation criteria accordingly. The ultimate effect is a significant
reduction in the complexity and subjectivity associated with building
an evaluation system from scratch for different echelon utilization
scenarios, thereby substantially enhancing the overall efficiency of
deploying new assessment systems in future recycling applications.

@ Secondly, the authors propose the evaluation approach in which the

echelon utilization scenarios of EV batteries can be directly derived
from data input to the final evaluation results. In this rule-based
evaluation method, a combination of graph attention mechanisms
and comprehensive assessments is used to analyze the feasibility of
various echelon re-utilization applications. This method not only
eliminates the subjectivity of the evaluation method but also
consider the more internal relationship between the relevant char-
acteristic factors of EOL battery packs. This method can generate a
set of parameters specifically for each battery group based on the
uncertainties of the retried EV battery characteristics and structure.
It allows for verification through logic reasoning, achieving a dy-
namic evaluation of EOL battery packs. When dealing with different
EV batteries, the proposed evaluation method can capture their
distinct characteristics, enabling better selection of echelon utiliza-
tion scenarios. In the case study with LFP batteries, the graph
attention mechanism captures the weak correlation between the
remaining capacity and the internal resistance, accurately deter-
mining that although the battery is no longer suitable for high-power
driving scenarios, it still holds significant value in lower-capacity
storage systems or backup power sources due to its high safety. For
high-energy-density NCM/NCA batteries, the method identifies the
strong correlation between the internal resistance and the charge-
discharge rate, which allows the model to recommend more con-
servative echelon utilization scenarios with lower discharge rates.
The fine-tuned evaluation capability of the method enables precise
matching of appropriate batteries to scenarios that maximize their
residual value, avoiding resource misallocation and waste caused by
incorrect assessments. This has profound implications for the entire
battery recycling market.

However, although the authors’ research team has applied the pro-
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evaluation model, for instance, by exploring the use of distributed
computing frameworks to parallelize computationally intensive
tasks such as data preprocessing and feature extraction, thereby
greatly optimizing the efficiency of model training and inference.

@ Echelon utilization of the EV battery is a promising industrial

application due to its significant potential for generating both eco-
nomic and environmental value. In this study, based on national
standards and industry practices, we propose a five-level hierarchical
framework for echelon utilization evaluation. This hierarchical
structure provides a clear and standardized exploratory framework
for complex echelon utilization evaluations. However, such a rela-
tively fixed classification also raises a more critical decision-making
issue in practical commercial applications. For example, when a
battery serving in a low-speed vehicle (Echelon I) no longer meets
the performance requirements of that scenario due to degradation, a
key question arises: should it be directly retired for recycling, or
should it be transferred to a less demanding application, such as grid
energy storage (Echelon III), based on its remaining state of health?
The echelon utilization of batteries is a complicated process that
requires the considerations of the criteria, policies, regulations,
markets, costs, and values to effectively balance the specific appli-
cation scenarios. It is crucial to consider practical factors, such as
economic benefits and safety, during the battery echelon utilization
process. The proposed evaluation approach analyzes the influence of
the internal characteristics of EV battery under idealized conditions.
However, the specific application of echelon utilization scenarios
must take into account various practical aspects such as economic
feasibility and security. Therefore, the future work should focus on
constructing a multi-objective optimization method for EV batteries
that integrates both economic viability and safety, thereby enabling
a comprehensive evaluation for echelon re-utilization that accounts
for all influencing factors.

@ Although a full life cycle assessment (LCA) is outside the scope of this

work, it is important to situate the proposed evaluation within an
environmental context. In general, reuse and repurpose strategies
retain product function and embedded value, thereby avoiding im-
pacts linked to primary material extraction, cathode/anode
manufacturing, and cell production. By contrast, recycling primarily
delivers material recovery benefits and may involve energy-intensive
processing; its net advantage depends on the recovered yield and the
displaced primary materials. The environmental outcome of a spe-
cific echelon choice is context-dependent, influenced by remaining
capacity and efficiency, internal resistance and thermal behavior,
expected duty cycles, and the carbon intensity of the electricity mix
in the target application. In future work, the evaluation framework
could be coupled with life-cycle-based decision support, for example
by associating each recommended echelon level with indicative
impact factors and by propagating uncertainty ranges. Such inte-
gration would enable multi-criteria decisions that jointly consider
technical feasibility, safety, economic performance, and environ-
mental benefits.

The proposed evaluation framework can serve as a practical

posed evaluation approach successfully to the echelon utilization sce-
nario of EV battery, several perspectives for future research based on this
approach are still recommended.

decision-support layer for emerging regulatory schemes governing
second-life batteries. By combining data-driven weighting with rule-
based reasoning, the tool translates technical measurements into
traceable, standards-aligned judgments that are compatible with

@ With the rapid development of EVs and the continuous expansion of existing guidance for echelon utilization (e.g., classification and

the market scale, the need for recycling EV batteries is growing,
leading to a surge in demand for EV battery evaluation [41]. In this
new and challenging context, improving the efficiency and accuracy
of evaluation is a critical development requirement. The determined
the parameters, however, are only applicable to this specific set of
data. The weight data of a new group of EV batteries needs to be re-
determined when faced with a large number of battery packs, which
will inevitably lead to a significant increase in repetitive workload.
Future research could therefore focus on the scalability of the
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testing logic consistent with GB/T 34015.3-2021) and repurposing/
stationary deployment practices (e.g., UL, 1974; IEC 62620). In
practice, the outputs, including weights, membership matrices, and
rule-consistent evaluation levels, can be archived as audit-ready
evidence to support conformity assessments, safety documentation,
and due-diligence checks across reuse/repurpose pathways.
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6. Conclusion

This study successfully developed and validated a dynamic hybrid
graph attention mechanism to address the core challenges of complexity
and subjectivity in evaluating EV batteries for echelon re-utilization. The
research achieved its primary objectives through two main contribu-
tions. Firstly, we established an efficient and systematic evaluation
framework that replaces the cumbersome and subjective factor-
screening process of traditional methods like AHP with a formalized
procedure, significantly enhancing objectivity and efficiency. Secondly,
our proposed knowledge reasoning with relation mining method enables
a dynamic evaluation of EV battery state. By adaptively computing
unique parameter weights tailored to the distinct degradation charac-
teristics of different battery chemistries (LFP, NCM, NCA), the method
precisely matches each battery to the application scenario that best le-
verages its residual value, overcoming the limitations of traditional
evaluation models. Building upon these contributions, future research
should pursue two critical directions. The first is to enhance model
scalability by exploring technologies such as distributed computing to
efficiently handle large-scale industrial evaluation tasks. The second is
to construct a multi-objective optimization model. This model would
integrate our technical assessment with critical dimensions of economic
viability and safety, providing quantitative decision support for complex
techno-economic trade-offs. Such work will pave the way for maxi-
mizing the full lifecycle value of EV batteries and advancing the echelon
utilization industry toward a more intelligent and profitable future.

Appendix A

The main terminology and definition list.
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EV Electrical vehicle

EV End of life

LFP 18650 lithium iron phosphate battery

NCM Nickel-Cobalt-Manganese battery

NCA Nickel-Cobalt-Aluminum battery

AHP Analytic hierarchy process

PPE Projection pursuit evaluation

EW Entropy weight

FCE Fuzzy comprehensive evaluation

GAT Graph attention network

ejj The similarity coefficient between the adjacent node j and the target node i.
a Training attention kernel

w Weight matrix

ajj The influencing weight

h; The feature of the target node i

h; The feature of adjacent node j

dm A known judgement which serves as a starting point for reasoning
En, The result of the judgement from the pre-conditions

FPN Fuzzy petri net

P ={p1.p2, - *.Pm}
T ={t1,tz, -, tm}
ti A transition

A finite set of places
A finite set of transitions

w; The value of the transition

D = {dy,dy, -+ dn}

A finite set of preconditions

B An associative function
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