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Reliable and explainable prediction of the Remaining Useful Life (RUL) of lithium-ion batteries is essential for
electric vehicles and aerospace systems. Accurate RUL estimation is often hindered by nonlinear degradation
behavior, variable operating conditions, and the limited transparency of deep learning models. To address these
challenges, a physics-consistent Graph–Liquid Neural Network (GLNN) framework is proposed for real-time
battery prognostics. In this framework, capacity degradation is represented as a dynamic graph, where inter-state
dependencies are captured through a Graph Neural Network. The nonlinear temporal evolution of degradation
is learned adaptively by a Liquid Neural Network with time-varying dynamics. A Wiener-process constraint is
incorporated to ensure physical consistency and to improve uncertainty-aware prediction. The model parameters are
optimized through joint learning of physical priors and data-driven representations. Two public lithium-ion battery
datasets are used to validate the proposed method. Experimental results demonstrate that the GLNN achieves higher
prediction accuracy, stronger robustness, and better interpretability compared with state-of-the-art approaches. The
physical degradation trend can be effectively preserved, and the prediction uncertainty can be reduced. The results
indicate that integrating physics knowledge with adaptive neural reasoning provides a reliable and explainable
solution for lithium-ion battery health management under complex and time-varying operating conditions.

Keywords: Remaining Useful Life, Graph–Liquid Neural Network, Physics-Informed Prognostics, Wiener Degrada-
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1. Introduction

In safety-critical aerospace and advanced energy

systems, lithium-ion batteries serve as core power

and energy storage units, where accurate predic-

tion of performance degradation and remaining

useful life (RUL) is essential for ensuring opera-

tional safety, mission reliability, and economic ef-

ficiency. Fundamentally, battery RUL prognostics

is a dynamic modeling and state inference prob-

lem for a complex degradation system governed

by multi-physics coupling and intrinsic stochas-

ticity. Although data-driven approaches such as

support vector machines Mehraj et al. (2025),

Gaussian process regression Li et al. (2020), and

recurrent neural networks represented by long

short-term memory (LSTM) Wang et al. (2023)

and its bidirectional variant (BiLSTM) Wang et al.

(2024) have demonstrated the ability to learn

degradation trends from historical data, they suf-

fer from inherent limitations. These models are

largely black-box in nature, heavily dependent

on large volumes of high-quality labeled data,

and incapable of explicitly incorporating known

degradation physics. As a result, their general-

ization capability and robustness degrade signif-

icantly in aerospace-relevant scenarios character-

ized by limited samples, varying operating con-

ditions, and strong measurement noise, while the

resulting predictions often lack physical inter-
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pretability Zhang et al. (2024).

To improve predictive performance under com-

plex conditions, signal decomposition and in-

telligent optimization techniques are frequently

employed as auxiliary modules. Methods such

as complete ensemble empirical mode decom-

position with adaptive noise (CEEMDAN) can

separate multi-scale degradation components and

noise Wang et al. (2025), while genetic algo-

rithms are commonly used for hyperparameter op-

timization to enhance prediction accuracy Shah-

jalal et al. (2022). However, these decomposi-

tion–optimization–prediction pipelines primarily

operate at the data processing level and do not

fundamentally address the core challenge of mod-

eling spatiotemporally coupled degradation dy-

namics with embedded physical stochasticity. In

practice, battery degradation is not merely a one-

dimensional temporal process, but a spatiotempo-

ral phenomenon driven by interactions among in-

ternal components, such as electrode particles and

electrolyte interfaces, and influenced by random

microscopic events including lithium dendrite for-

mation and stochastic rupture of solid–electrolyte

interphases Lyu et al. (2024). This complexity

calls for a unified modeling framework capa-

ble of representing spatial structural dependence,

continuous-time dynamics, and stochastic physi-

cal excitation.

Recent advances in graph neural networks

(GNNs) have provided a promising paradigm for

modeling systems with explicit or implicit topo-

logical relationships Li et al. (2025). Through

message-passing mechanisms, GNNs naturally

capture dependencies among interacting compo-

nents, offering an effective means to model degra-

dation propagation across battery units or material

structures from a spatial perspective. In parallel,

liquid neural networks (LNNs), inspired by bi-

ological neural dynamics, define neuron evolu-

tion in continuous time using ordinary differential

equations and exhibit strong capability in tem-

poral modeling and inherent robustness to noisy

inputs Hasani et al. (2021). Their continuous-

time formulation is particularly well suited for

representing smooth degradation trajectories of

battery health indicators, mitigating information

loss induced by discrete-time sampling and en-

abling more faithful modeling of degradation dy-

namics. Despite these advances, existing GNN-

and LNN-based approaches largely focus on de-

terministic settings and fail to explicitly account

for the intrinsic uncertainty of battery degradation.

In reality, battery ageing is inherently stochastic,

with microscopic defect accumulation and fluctu-

ating operating conditions introducing diffusion-

like uncertainty around the nominal degradation

trend Li et al. (2024). The Wiener process, or

Brownian motion, serves as a classical mathe-

matical foundation for describing such stochastic

degradation phenomena in continuous time Zhang

et al. (2023). Embedding Wiener-driven stochastic

dynamics into neural models represents a critical

step toward physics-informed probabilistic prog-

nostics, enabling the model to capture not only the

expected degradation trajectory but also the un-

certainty evolution, which is essential for reliable

RUL estimation.

Motivated by these considerations, a stochas-

tic physics-informed liquid graph neural network

(SPILGNN) is proposed for lithium-ion battery

RUL prediction in aerospace and energy systems.

A Wiener-driven stochastic differential equation

is embedded into a continuous-time liquid neu-

ral architecture, while graph representations are

employed to model spatial degradation depen-

dencies. This formulation jointly captures inter-

cell structural correlations, nonstationary degra-

dation dynamics, and intrinsic stochasticity, en-

abling physically interpretable and uncertainty-

aware prognostics. The main contributions of

this work are summarized as follows: Stochas-

tic physics-informed liquid graph neural frame-

work. The Wiener degradation prior is incorpo-

rated through a physics-informed stochastic reg-

ularization term that constrains the learned degra-

dation increments. Battery degradation is formu-

lated as a graph-structured spatiotemporal pro-

cess, where stochastic liquid units drive mes-

sage passing and state evolution to capture struc-

tural dependencies and nonstationary temporal

dynamics;Physics-constrained and uncertainty-

aware learning. A learning strategy combining

degradation-consistent regularization and varia-
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tional inference is established to ensure physical

plausibility and provide probabilistic RUL predic-

tion under complex operating conditions.

2. Methodology

2.1. Problem formulation and stochastic
degradation prior

Let y(t) denote the battery capacity in continuous

time, and let {yt}Tt=1 be the corresponding dis-

crete observations during cycling. The degrada-

tion increment between two adjacent observations

is defined as

Δyt = yt − yt−1, t = 2, 3, . . . , T, (1)

which is generally non-positive during battery

ageing. Given a historical window Xt =

[xt−L+1, xt−L+2, . . . , xt], the model predicts the

next degradation increment Δ̂yt+1 and recon-

structs the capacity recursively as

ŷt+1 = ŷt + Δ̂yt+1. (2)

In this way, the model learns degradation evo-

lution at the increment level rather than directly

fitting the absolute capacity trajectory.

To describe the stochastic nature of battery

degradation, the latent ageing process is modeled

by a Wiener-type stochastic differential equation

dy(t) = μ(t) dt+ σ(t) dW (t), (3)

where μ(t) and σ(t) denote the drift and diffusion

terms, respectively, and W (t) is a standard Wiener

process. Over a small interval Δt, the degradation

increment follows the local form Δyt ≈ μtΔt +

σt

√
Δtεt, where εt ∼ N (0, 1). This implies that

the expected local trend is governed by μtΔt,

while the uncertainty level is controlled by σ2
tΔt.

Since capacity fading is dominant during battery

ageing, the drift is constrained to remain non-

positive. In the proposed framework, this Wiener

prior is used to regularize the predicted degrada-

tion increments rather than directly specifying the

hidden-state transition.

2.2. Degradation graph and liquid state
evolution

For each input window, a degradation graph Gt =
(Vt, Et) is constructed. Each local node corre-

sponds to one observation step and is initialized

by

h
(0)
i = φ(xi), i = t− L+ 1, . . . , t, (4)

where φ(·) is a learnable projection function. In

addition, a global degradation node is introduced

to summarize the overall ageing condition of the

current window using statistical descriptors such

as the mean value, fluctuation level, dynamic

range, and difference information. The graph con-

tains temporal adjacency edges, cross-step depen-

dency edges, and bidirectional connections be-

tween local nodes and the global node, allowing

local evolution patterns and global degradation

context to be modeled jointly.

Based on the constructed graph, node interac-

tions are first aggregated from the neighborhood,

and the current state, local input, and neighbor-

hood message are fused to obtain a candidate

hidden state:

h̃i(t) = tanh
(
Whhi(t)+Wxxi+Wnmi(t)+b

)
,

(5)

where mi(t) denotes the aggregated neighbor-

hood message and Wh, Wx, Wn, and b are

trainable parameters.

To capture adaptive continuous-time state evo-

lution, the hidden dynamics are formulated as

dhi(t)

dt
= − 1

τi(t)
hi(t) +

1

τi(t)
h̃i(t), (6)

where τi(t) > 0 is an adaptive time constant

determined by the current node state, input, and

neighborhood message. This equation describes

a relaxation process in which the hidden state

evolves continuously toward the candidate state,

with the update speed adjusted according to the

current degradation condition. Using a forward

Euler discretization, the continuous-time evolu-

tion is written in the gated form

h
(k+1)
i =

(
1− β

(k)
i

)
h
(k)
i + β

(k)
i h̃

(k)
i , (7)

where β
(k)
i = Δt/τ

(k)
i . Therefore, the gated up-

date adopted here can be interpreted as the discrete

implementation of the continuous-time liquid dy-

namics.

After K rounds of graph evolution, the final

local and global node states are aggregated into
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a graph representation zt, from which the next

degradation increment Δ̂yt+1 is predicted by a

regression head, followed by capacity reconstruc-

tion using Eq. (2).

2.3. Training objective

To incorporate the stochastic degradation prior, a

physics-informed regularization term is imposed

on the predicted increments:

Lphys =
1

T − 1

T∑
t=2

[ (
Δ̂yt − μtΔt

)2

+ λσ

(
v̂t − σ2

tΔt
)2 ]

(8)

where v̂t denotes the empirical local variance of

predicted increments within a sliding window,

and λσ is a balancing coefficient. The first term

constrains the local degradation tendency, while

the second term aligns the fluctuation level of the

prediction with the diffusion intensity implied by

the Wiener prior.

To preserve the monotonic fading property of

battery capacity, a monotonicity penalty is further

introduced:

Lmono =
1

T − 1

T∑
t=2

max
(
Δ̂yt, 0

)
. (9)

The supervised loss is defined on the recon-

structed capacity sequence,

Lsup =
1

T − 1

T∑
t=2

(ŷt − yt)
2
, (10)

and the final objective is

L = Lsup + λphysLphys + λmonoLmono. (11)

Through joint optimization of these terms, the

model learns the observed degradation trajec-

tory while maintaining stochastic consistency and

physically plausible monotonic evolution.

3. Datasets and Degradation
Characteristics

3.1. Degradation Characteristics of the
XJU Dataset

The XJU dataset consists of 55 cylindrical

lithium-ion cells cycled at room temperature un-

der strictly identical voltage limits of 4.2 V and 2.5

V. The corresponding capacity degradation trajec-

tories are presented in Fig 1, where pronounced

cell-to-cell variability can be observed despite the

highly controlled operating conditions. A typical

Fig. 1. Capacity degradation trajectories of the XJU
dataset under fixed cycling conditions

ageing process emerges, including a short ini-

tial stabilization stage, a quasi-linear degradation

phase, and a rapid capacity decline near end-

of-life. However, both the degradation rates and

the transition points between stages vary signif-

icantly among cells. Moreover, local fluctuations

and short-term irregularities are frequently super-

imposed on the long-term fading trends, as illus-

trated in Fig 1.

Since all cells share the same operating pro-

tocol, this variability primarily reflects intrin-

sic stochasticity arising from manufacturing tol-

erances, microstructural differences, and non-

uniform SEI formation. As a result, the XJU

dataset is characterized by relatively shorter life-

times and stronger noise, making it particularly

suitable for evaluating model robustness to cell-

level uncertainty.

3.2. Degradation Characteristics of the
HUST Dataset

The HUST dataset includes 77 cells tested at

30 °C with identical charging conditions and di-

verse multi-stage discharge strategies. The re-

sulting long-term capacity evolution is shown in

Fig 2. Compared with XJU, the cells in this dataset
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exhibit substantially longer cycle lives and overall

smoother degradation trajectories. Although the

Fig. 2. Capacity degradation trajectories of the HUST
dataset with extended cycle life

discharge protocols vary across cells, the capac-

ity fading remains gradual and stable over ex-

tended operating horizons, with lifetimes ranging

from several hundred to nearly 3000 cycles, as

reflected in Fig 2. Short-term fluctuations are less

pronounced, and the degradation curves generally

preserve well-structured long-term trends.

This combination of long lifespan and smooth

degradation places stringent requirements on

long-horizon prediction stability. Prognostic mod-

els must sustain accurate and physically consis-

tent extrapolation over thousands of cycles while

adapting to protocol-dependent degradation rates,

making the HUST dataset an effective benchmark

for evaluating long-term prognostic performance.

Overall, Fig 1 and Fig 2 illustrate two comple-

mentary degradation scenarios: noise-dominated,

short-lifetime ageing under fixed conditions and

smooth, long-term degradation under protocol

variability, respectively.

4. Experimental Validation and
Performance Evaluation

4.1. Results on the Short-Life,
High-Fluctuation Dataset (XJU)

The XJU dataset is characterized by relatively

short cycle life and noticeable cycle-to-cycle ca-

pacity variability, posing a stringent test for long-

horizon prognostics under stochastic disturbances.

As shown in Fig 3, the proposed stochastic

physics-informed graph–liquid model yields pre-

dictions that closely overlap with the measured

capacity trajectories for the representative cells.

The model not only matches the early-stage quasi-

linear fading region, but also preserves the curva-

ture evolution as the degradation rate increases.

Importantly, no progressive drift is observed as

cycling proceeds, indicating that the learned dy-

namics remain stable even when local fluctua-

tions are present. This behavior is consistent with

the role of the embedded Wiener-type stochastic

prior, which regularizes the long-term evolution

and prevents the predictor from being over-driven

by short-term perturbations. The cycle-wise error
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Fig. 3. Comparison between predicted and measured
capacity trajectories for representative XJU cells (XJU3
and XJU4)

distributions in Fig 4 provide a complementary

view of reliability. Across XJU1–XJU4, the error

mass is strongly concentrated near zero, implying

that most cycles are predicted with small devia-

tions. A long-tail behavior is visible for XJU1,

suggesting the existence of sporadic outlier cycles

where prediction error increases sharply. How-

ever, the central width of the violin remains nar-

row, indicating that these larger errors are rare

rather than persistent. This is further supported by

Table 1, where all cells achieve R2 values close

to unity, demonstrating that the global degrada-

tion shape is accurately captured. Meanwhile, the
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Table 1. Prediction performance on the XJU dataset.

Cell MSE RMSE R2

XJU1 0.0000117 0.0034234 0.9987541
XJU2 0.0000041 0.0020234 0.9996153
XJU3 0.0000043 0.0020667 0.9996183
XJU4 0.0000070 0.0026445 0.9993795
Average 0.0000068 0.0025395 0.9993418

RMSE remains at the 10−3 scale for all cells, with

XJU1 showing the largest value, consistent with

its heavier-tailed error distribution. Overall, the

XJU results verify that the proposed framework

can maintain trajectory-level fidelity while being

resilient to irregular, non-stationary fluctuations.
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Fig. 4. Violin plots of cycle-wise prediction errors for
all XJU cells

4.2. Results on the Long-Life, Stable
Dataset (HUST)

The HUST dataset exhibits substantially longer

cycle life and smoother degradation trajecto-

ries, enabling evaluation of whether the proposed

model can sustain consistency over extended hori-

zons. As illustrated in Fig 5, the predicted curves

for the representative cells almost entirely overlap

with the measured capacities across thousands of

cycles. The model captures both the slow early-

stage decay and the gradual curvature change

toward later cycles, without introducing oscilla-

tions or bias accumulation. This indicates that

the continuous-time liquid dynamics provide suf-

ficient flexibility to represent long-term gradual

ageing, while the stochastic prior acts as a stability

constraint that discourages unphysical deviations

when extrapolating far into the future.

0 200 400 600 800 1000 1200 1400
0.85

0.90

0.95

1.00

1.05

1.10

1.15 True
Prediction

0 200 400 600 800 1000
0.85

0.90

0.95

1.00

1.05

1.10

1.15 True
Prediction

Cycle
C
ap
ac
ity
(m
A
·h
)

Fig. 5. Comparison between predicted and measured
capacity trajectories for representative HUST cells
(HUST3 and HUST4)

The error distributions in Fig 6 are notably

more compact than those in Fig 4, with shorter

tails and smaller spread for all cells, reflecting

the reduced volatility of this dataset. Table 2

further confirms this improvement quantitatively,

where the average RMSE decreases relative to

the short-life dataset and the average R2 in-

creases to an even higher level. The consistency

across HUST1–HUST4 suggests that the pro-

posed model is not tuned to a single degradation

profile, but generalizes across cells with similar

operating conditions and lifetime characteristics.

Together with the XJU results, these findings

demonstrate scalability across fundamentally dif-

ferent ageing regimes, from strongly fluctuating

short-life cells to long-life, smooth degradation

processes.

4.3. Comparison with Deep Sequence
Baselines

To ensure a fair comparison, all competing meth-

ods were evaluated under the same protocol.

Specifically, the same training–test split, sliding-

window setting, prediction procedure, and met-

ric definitions were used for all models on each

dataset. All results were calculated on the orig-

inal capacity scale. For multi-step forecasting,
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Fig. 6. Violin plots of cycle-wise prediction errors for
all HUST cells

Table 2. Prediction performance on the HUST dataset.

Cell MSE RMSE R2

HUST1 0.0000016 0.0012807 0.9997095
HUST2 0.0000012 0.0011094 0.9998004
HUST3 0.0000008 0.0009106 0.9998623
HUST4 0.0000031 0.0017572 0.9995192
Average 0.0000017 0.0012645 0.9997229

the same recursive prediction setting was applied

consistently across all methods. In addition, the

baseline models were implemented according to

their standard formulations, and their main hyper-

parameters were selected based on the original

references or validation performance under the

same data conditions.

Fig. 7 and Table 3 present the comparison with

representative deep sequence baselines, including

Bi-LSTM and Transformer. The proposed method

achieves the lowest RMSE on all evaluated cells

in both the XJU and HUST datasets. In the XJU

dataset, the errors of the baseline models vary sub-

stantially across cells, while the proposed method

remains consistently low. Combined with the pre-

diction curves, this result suggests that, under ab-

normal fluctuations, the baseline sequence models

are more likely to be disturbed by local outliers

and then produce overly smooth or nearly hor-

izontal long-horizon predictions, leading to pro-

nounced deviation from the true degradation tra-

jectory. By contrast, the proposed method main-

Table 3. RMSE comparison between the proposed

method and baseline models.

Cell Proposed Bi-LSTM Transformer

XJU1 0.003423 0.441970 0.372117
XJU2 0.002023 0.445234 0.202919
XJU3 0.002067 0.429428 0.068047
XJU4 0.002645 0.390955 0.068466
Average 0.002540 0.426897 0.177887

HUST1 0.001281 0.391089 0.108757
HUST2 0.001109 0.421444 0.167379
HUST3 0.000911 0.368368 0.108765
HUST4 0.001757 0.373731 0.292421
Average 0.001265 0.388658 0.169331

tains stable tracking performance across XJU1–

XJU4, which is consistent with the role of the

Wiener-based stochastic degradation constraint

and the adaptive state update in stabilizing the

long horizon evolution.
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Fig. 7. RMSE comparison between the proposed
method and deep sequence baselines on the XJU and
HUST datasets.

A similar pattern is observed for the HUST

dataset. Although the degradation trajectories in

HUST are relatively smoother, the two base-

line models still show consistently higher errors

than the proposed method across all tested cells.

This indicates that the advantage of the proposed
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framework is not limited to strongly fluctuating

cases, but is maintained under different degra-

dation characteristics. Overall, the comparison

shows that the proposed method provides more

accurate and more stable long-horizon prediction

than the two representative deep sequence base-

lines under the same evaluation setting.

5. Conclusion

A stochastic physics-informed graph–liquid neu-

ral framework is developed for lithium-ion bat-

tery RUL prediction by integrating degradation-

increment modeling and Wiener-driven stochastic

regularization. The proposed architecture captures

nonstationary ageing via joint local–global spa-

tiotemporal learning and enables robust online

prognostics under time-varying conditions.

Future studies will extend the framework

to multi-modal health indicators, operating-

dependent stochastic dynamics, and uncertainty-

aware RUL intervals, with broader applicability to

physics-informed prognostics of complex energy

systems.
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