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Abstract

With the rapid development of new energy vehicles and energy storage systems, accurate predic-
tion of the remaining useful life (RUL) of lithium-ion batteries is of great importance for predictive
maintenance and operational safety. However, battery degradation during cycling usually exhibits
multi-scale characteristics, including long-term degradation trends, stage-wise drifts, and stochastic
disturbances, which makes existing methods still face significant challenges in multi-step forecast-
ing and cross-domain generalization. To address this issue, this paper proposes a time–frequency
fusion model for multi-step RUL prediction, termed TF-RULNet (Time-Frequency RUL Network).
The model takes cycle-level feature sequences as input and consists of three components: a multi-
scale temporal convolution encoder (MSTC) for parallel extraction of degradation cues at different
temporal scales; a multi-head spectral interaction module (MHSI), which performs 1D-FFT along
the temporal dimension for each head and further applies adaptive band-wise mask refinement to
capture local spectral structures and hierarchical band patterns with a computational complexity of
O(L log L); and a cross-gated fusion module (CGF), which generates gating signals from the summary
of one domain to modulate the features of the other domain, thereby enabling dynamic balancing
and complementary enhancement of time–frequency information. Experiments are conducted on the
NASA dataset (B005/B007) for in-domain evaluation, and further cross-dataset tests from NASA to
the Maryland dataset (CS-35/CS-37) are carried out to verify the robustness of the proposed model
under distribution shifts. The results show that, compared with the strongest baseline PatchTST,
TF-RULNet reduces RMSE and MAE by more than 38.23% and 50.51%, respectively, in cross-dataset
generalization, while achieving an additional RMSE reduction of about 24% in in-domain prediction.
In summary, TF-RULNet can effectively characterize the multi-scale time–frequency degradation
patterns of batteries and improve cross-domain generalization, providing a high-accuracy and scalable
modeling solution for practical battery health management and life prognostics.

Keywords: lithium-ion battery; remaining useful life; multi-step prediction; time–frequency fusion;
spectral interaction; cross-gating

1. Introduction
With the rapid growth of new energy vehicles and grid-scale energy storage systems, lithium-ion

batteries have become a critical energy unit whose operational safety and reliability are central to
system design and maintenance [1–3]. Remaining useful life (RUL) describes the number of cycles or
the remaining time from the current operating state until a predefined failure threshold is reached,
and it serves as a key basis for predictive maintenance, operational optimization, and safety warning
in battery health management systems [4,5]. However, battery degradation is jointly influenced by
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charge/discharge conditions, environmental factors, and the evolution of internal electrochemical
mechanisms [6]. As a result, degradation trajectories often exhibit strong nonlinearity and a complex
mixture of stage-wise evolution and random fluctuations. Beyond the long-term trends of capacity fade
and internal resistance increase, batteries may undergo regime shifts caused by changes in temperature,
C-rate, and charging protocols, and may even exhibit short-term recovery (i.e., capacity regeneration)
due to reversible processes such as relaxation and polarization decay [7]. Such a coupled multi-scale
pattern of “trend–stage–disturbance” requires RUL prediction models to simultaneously capture
long-range dependencies, remain sensitive to phase transitions, and be robust to noise, thereby posing
higher demands on accuracy and generalization [8,9].

Existing RUL prediction approaches can be broadly categorized into model-driven methods
and data-driven methods [8–10]. Model-driven approaches typically build electrochemical models,
equivalent circuit models, or statistical degradation processes, offering interpretability advantages [10].
For example, Peng et al. combined an observer with an improved EKF to enhance SOC estimation
under diverse operating conditions [11], while Zhang et al. introduced physics-informed constraints
into degradation modeling to describe complex evolutionary behaviors [12]. Nevertheless, model-
driven methods often rely on accurate parameters and strong prior assumptions, and their flexibility
and generalization under highly variable operating conditions remain limited [13]. In contrast, data-
driven methods learn degradation patterns from historical operating data [14], such as LSTM-based
RUL prediction with feature selection [15], interpretable autoencoders for health indicator construction
with similarity-based RUL inference [16], and federated learning frameworks for distributed scenarios
[17]. However, many data-driven methods still emphasize local temporal relationships or learning
within a single representation space, which can lead to instability and degraded generalization for
long-window prediction and cross-condition transfer [18].

Recently, attention-based deep models—particularly Transformer architectures—have gained
popularity for battery RUL prediction due to their capability of modeling global dependencies [19–23].
For instance, Wang et al. incorporated self-attention into an LSTM to strengthen the modeling of salient
degradation information [20]; Rengarajan et al. proposed hybrid architectures combining Transformers
with recurrent networks for RUL prediction [21]; and Aizpurua et al. introduced probabilistic forecast-
ing into a Transformer framework for uncertainty-aware RUL estimation [22]. Despite these advances,
several key issues remain in complex degradation scenarios: (i) insufficient multi-scale awareness—most
models operate on a single temporal scale and struggle to capture coexisting long-term trends and
short-term fluctuations [24]; (ii) under-exploitation of frequency-domain information—degradation signals
carry informative spectral structures (low-frequency trends, mid-frequency regime shifts, and high-
frequency disturbances), yet most methods remain predominantly time-domain [25]; (iii) lack of dynamic
time–frequency fusion—time- and frequency-domain features are often fused via concatenation or static
weighting, without adaptive adjustment across degradation stages [26]; and (iv) high computational
cost for long windows—the quadratic complexity of self-attention, O(L2), limits online deployment and
resource-constrained applications.

To address these limitations, recent studies have explored multi-scale modeling, time–frequency
representations, and dynamic fusion strategies. Li et al. proposed MC-CNN-TimesNet to enhance
multi-scale dependency modeling [6]. Related multi-scale learning ideas have also been developed in
other forecasting tasks, such as EnergyFormer [27], dual-branch multi-scale Transformers [28], and
multi-scale spatiotemporal/ensemble frameworks [29,30]. For time–frequency modeling, Qian et
al. integrated EMD decomposition and 2D signal representations into Transformers [31]; Duan et al.
proposed a cross-domain time–frequency Mamba model [32]; Hao et al. enhanced frequency-domain
representations via joint decomposition [33]; and Fan et al. and Wu et al. improved frequency-aware
learning via loss-level constraints and hybrid time–frequency architectures, respectively [34,35]. For
adaptive fusion, attention mechanisms and dynamic relational modeling have been used to mitigate
the limitations of static fusion [36–38], and similar dynamic fusion designs have been validated in
spatiotemporal prediction settings [39,40]. Nevertheless, for battery RUL prediction, there is still a
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lack of a unified framework that simultaneously achieves (a) lightweight yet effective spectral modeling
for long windows and (b) cross-domain dynamic modulation between time- and frequency-domain
representations, thereby balancing accuracy, robustness, and deployment efficiency.

To this end, we propose a lightweight time–frequency fusion model, TF-RULNet (Time-Frequency
Cross-Gated Network), for battery RUL prediction. TF-RULNet consists of a multi-scale time-domain
convolutional encoder (MSTC), a multi-head spectral interaction module (MHSI), and a cross-gated
fusion module (CGF). Specifically, MSTC extracts degradation cues at multiple temporal scales in par-
allel. MHSI performs 1D FFT only along the temporal dimension to capture global spectral structures
with linear-logarithmic complexity, and employs learnable band-wise masks to obtain hierarchical
representations for trend/stage/disturbance components. Finally, CGF adaptively modulates the
contribution of time- and frequency-domain features via cross-gating, enabling stage-aware time–
frequency collaboration.

The main contributions of this work are summarized as follows:

• A lightweight time–frequency RUL prediction framework. We develop TF-RULNet, a unified
pipeline of multi-scale time-domain convolution (MSTC), spectral interaction (MHSI), and cross-
gated fusion (CGF) to characterize multi-scale and non-stationary battery degradation.

• Efficient multi-head spectral interaction with band-wise refinement. Without incurring the
O(L2) cost of self-attention, MHSI leverages temporal 1D FFT to capture global spectral struc-
tures and employs learnable band masks to refine low-/mid-/high-frequency components in a
hierarchical manner, achieving a favorable trade-off between efficiency and representation power.

• Cross-domain, stage-adaptive time–frequency fusion. CGF enables dynamic reweighting and
modulation between time- and frequency-domain representations across degradation stages,
improving robustness and cross-condition generalization beyond static concatenation or fixed-
weight fusion.

2. Materials and Methods
2.1. RUL Definition and Dataset Description
2.1.1. Definition of Remaining Useful Life (RUL)

Remaining Useful Life (RUL) quantifies the number of remaining charge–discharge cycles (or the
remaining time) that a battery can continue to operate while meeting performance requirements. In
this study, the end-of-life (EOL) criterion is defined by a capacity-fade threshold: a battery reaches
EOL when its measured capacity drops to 80% of the nominal capacity, i.e., 0.8 Cnominal. :contentRefer-
ence[oaicite:1]index=1 Let C(n) denote the capacity measured at cycle n, and let ncurrent be the current
cycle index. We define the EOL cycle as

nEOL = min
{

n
∣∣C(n) ≤ θ Cnominal

}
, θ = 0.8, (1)

and the ground-truth RUL (in cycles) at cycle ncurrent as

RUL(ncurrent) = max(0, nEOL − ncurrent). (2)

Therefore, RUL is determined by the capacity degradation trajectory and is essentially a forward-
looking estimate of “how many cycles remain until EOL”.

2.1.2. Dataset Description

To validate the applicability of the proposed model under different battery chemistries and
operating conditions, this study selects two publicly available lithium-ion battery degradation datasets,
namely the NASA dataset [41] and the CALCE dataset [42] from the University of Maryland. These
two datasets differ in terms of cell type, material system, experimental protocol, and end-of-life (EOL)
criterion, thereby providing strong support for evaluating both in-domain prediction and cross-domain
generalization.
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Table 1. Basic information of the selected battery datasets.

Dataset Selected Batteries Cell Type Rated Capacity Chemistry

NASA B0005, B0006,
B0007, B0018 Cylindrical 2 Ah NCA/Graphite

CALCE CS2-35, CS2-36,
CS2-37, CS2-38 Prismatic 1.1 Ah LCO/Graphite

The NASA dataset uses LG Chem 18650 cylindrical cells with a rated capacity of 2 Ah and an
NCA/graphite chemistry. In this study, four cells, namely B0005, B0006, B0007, and B0018, are selected
for investigation. The experiments were conducted at room temperature. During charging, a constant-
current (CC) mode of 1.5 A was first applied until the terminal voltage reached 4.2 V, followed by a
constant-voltage (CV) stage until the current dropped below 20 mA. During discharging, a constant
current of 2 A was applied, and the cutoff voltage was set to 2.7 V, 2.5 V, or 2.2 V depending on the
specific battery. The EOL criterion for this dataset is defined as the capacity fading to 70% of the rated
capacity.

The CALCE dataset consists of 1.1 Ah prismatic lithium-ion cells with an LCO/graphite chemistry.
In this study, four cells, namely CS2-35, CS2-36, CS2-37, and CS2-38, are selected as the research objects.
The experiments were also carried out at room temperature. The charging protocol uses a 0.5C
constant-current process up to 4.2 V, followed by a constant-voltage stage until the current decreases
to 0.02 A. The discharge process is performed under a constant current of 2 A down to 2.7 V. The EOL
criterion for this dataset is defined as the capacity fading to 80% of the rated capacity.

Overall, the NASA and CALCE datasets exhibit clear differences in cell form factor, capacity level,
cathode chemistry, and EOL criterion. Based on these characteristics, this study conducts in-domain
prediction experiments on the NASA dataset and further constructs a NASA→CALCE cross-dataset
testing scenario to evaluate the robustness and cross-domain generalization ability of the proposed
model under distribution shifts.

2.1.3. Construction and Selection of Health Indicators

To ensure that the input features can effectively characterize battery degradation states, the raw
charge/discharge signals are first preprocessed, and cycle-level health indicators (HIs) are then con-
structed. The overall procedure consists of three steps: raw signal analysis, candidate HI construction,
and correlation-based screening.

First, the variation patterns of the charge/discharge curves under different cycles are analyzed.
The typical voltage–current curves of representative cells during the constant-current/constant-voltage
(CC–CV) charging process and the discharge process are shown in Figure 1. As the cycle number
increases, the duration of the constant-current stage changes gradually, the discharge voltage plateau
shifts downward, and the current decay process in the constant-voltage stage also changes noticeably.
These phenomena indicate typical aging characteristics, including capacity fading, aggravated polar-
ization, and increased internal resistance. Furthermore, by examining the voltage–time curves under
different cycles, it can be observed that, as aging progresses, the charging curves shift upward, the
discharge curves shift downward, and the discharge plateau gradually shortens. These observations
suggest that the raw charge/discharge signals contain rich degradation-related information and can
therefore serve as an important basis for subsequent HI construction.
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Figure 1. Typical voltage–current profiles of representative cells during the CC and CV phases.

Based on the above analysis, a set of cycle-level candidate HIs is extracted from the charge/discharge
process to reflect degradation evolution. These features mainly include the constant-current charge
time (CCCT), CC time percentage, CC area, discharge-stage duration (disCC Time), as well as other
statistics that describe the temporal characteristics and stage-wise variations of the charge/discharge
process. Compared with directly using raw curves, such cycle-level HIs have the advantages of lower
dimensionality, reduced noise sensitivity, and clearer physical interpretability, making them more
suitable for subsequent sliding-window modeling and multi-step RUL prediction.

To quantitatively evaluate the association between each candidate HI and the degradation state,
the Spearman rank correlation coefficient (SCC) is adopted for correlation analysis. Unlike the Pearson
correlation coefficient, which mainly characterizes linear relationships, the Spearman coefficient
measures monotonic relationships and is therefore more suitable for the nonlinear degradation patterns
commonly observed in battery aging. Let the candidate feature sequence be X = {x1, x2, . . . , xn} and
the target degradation sequence be Y = {y1, y2, . . . , yn}. The Spearman rank correlation coefficient is
defined as

ρs = 1 −
6 ∑n

i=1 d2
i

n(n2 − 1)
, (3)

where di denotes the rank difference between the two sequences for the i-th sample, and n is the
number of samples. The coefficient satisfies ρs ∈ [−1, 1]. The closer |ρs| is to 1, the stronger the
monotonic correlation between the feature and the degradation state.

According to the Spearman correlation analysis, the HIs that exhibit stronger correlations with
the target degradation variable are preferentially retained as model inputs. The correlation results for
NASA B005 are illustrated in Figure 2. It can be observed that temporal features, such as CCCT, CC
time percentage, and disCC Time, generally show strong monotonic correlations with the degradation
state, while area-related features (e.g., CC area), which reflect cumulative changes during the charging
stage, can also effectively characterize the lifetime evolution trend. Therefore, the final input features
of this study consist of cycle-level HIs with high correlation and clear physical meaning, providing a
reliable data basis for the subsequent multi-scale temporal modeling, spectral interaction learning, and
cross-gated fusion in TF-RULNet.
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Figure 2. Spearman correlation heatmap of candidate health indicators for NASA B005.

2.2. Methodology

To capture the multi-scale degradation dynamics of lithium-ion batteries during cycling and to
fuse complementary information across multiple signals (e.g., voltage, current, temperature, internal
resistance, and capacity-related features), we propose a lightweight time–frequency RUL prediction
model, TF-RULNet (Time-Frequency Cross-Gated Network). As illustrated in Figure 3, TF-RULNet
consists of three components: (i) a multi-scale time-domain convolutional encoder (Multi-Scale Tempo-
ral Convolution, MSTC), (ii) a frequency-domain multi-head spectral interaction module (Multi-Head
Spectral Interaction, MHSI), and (iii) a cross-gated time–frequency fusion module (Cross-Gated Fusion,
CGF). The core idea is to first extract degradation cues at multiple temporal scales in the time domain,
then capture global spectral structures and band-wise patterns with linear-logarithmic complexity in
the frequency domain, and finally adaptively fuse both domains via cross-gating to obtain an optimal
representation for RUL prediction.
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Figure 3. Overall architecture of the proposed TF-RULNet (Time-Frequency RUL Network). The model consists
of a multi-scale time-domain convolution encoder (MSTC), a multi-head spectral interaction module (MHSI) with
adaptive band refinement, a cross-gated fusion (CGF) module for dynamic time–frequency weighting, and a
regression head for multi-step RUL prediction.

2.2.1. Task Definition and Notation

Consider the cycle-level feature sequence extracted from battery i during cycling:

x(i)n ∈ RD, n = 1, 2, . . . , Ni, (4)

where n is the cycle index and D is the feature dimension per cycle. In this study, each cycle-level
feature vector includes the following process-aware statistics:

x(i)n =
[
t(i)cc,n, p(i)cc,n, a(i)cc,n, t(i)discc,n, . . .

]⊤
∈ RD, (5)

where tcc is the constant-current (CC) charging time (s), pcc is the CC time percentage (%), acc is the
CC charge area (A·s, i.e., charge throughput during CC), and tdiscc is the discharge CC time (s). The
ellipsis “. . .” indicates that additional degradation-relevant features (e.g., capacity, internal resistance,
temperature statistics, or IC/DV peak features) can be appended when available.

Using a sliding window of length L (set to L = 10 in this work), we construct the model input
sample as

X(i)
n =

[
x(i)n−L+1, . . . , x(i)n

]
∈ RL×D, n ≥ L. (6)

Under mini-batch training, the input tensor is

X ∈ RB×L×D, (7)

where B is the batch size (number of window samples), L = 10 is the window length (number of
historical cycles), and D = 4 if only the four features in Eq. (5) are used.
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Alignment principle.

The window end corresponds to the current cycle n, and the model predicts the RUL label y(i)n at
that cycle. Namely, TF-RULNet uses the most recent L cycles to estimate the remaining cycles from the
current cycle until EOL.

Let C(i)(n) denote the capacity trajectory of battery i and Cnom its nominal capacity. With the EOL
criterion defined by capacity reaching θCnom (typically θ = 0.8), the EOL cycle is

n(i)
EOL = min

{
n
∣∣C(i)(n) ≤ θ Cnom

}
, θ ∈ (0, 1). (8)

Then the ground-truth RUL (in cycles) at cycle n is

y(i)n = max
(

0, n(i)
EOL − n

)
. (9)

Single-step vs. multi-horizon prediction.

By default, TF-RULNet performs single-step scalar regression:

ŷ(i)n = fΘ

(
X(i)

n

)
, ŷ ∈ RB×1. (10)

If multi-horizon outputs are required (here we set the horizon to H = 4), we predict the RUL sequence
of the next H cycles:

ŷ(i)
n =

[
ŷ(i)n , ŷ(i)n+1, . . . , ŷ(i)n+H−1

]
= fΘ

(
X(i)

n

)
, ŷ ∈ RB×H . (11)

2.2.2. Multi-Scale Time-Domain Degradation Modeling (MSTC)

The implementation of multi-scale time-domain degradation modeling (MSTC) is illustrated in
Figure 4. Battery degradation exhibits pronounced multi-scale characteristics. At a long-term scale,
capacity gradually fades while internal resistance increases, reflecting irreversible aging. At a medium-
term scale, degradation rates may drift across operating regimes (e.g., changes in temperature, C-rate,
or charging strategy), and short-term recovery phenomena (capacity regeneration) may occur due to
reversible processes such as relaxation and polarization decay. At a short-term scale, measurement
noise and transient fluctuations induce local perturbations.
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Figure 4. Overall architecture of the MSTC.

Given the input tensor X ∈ RB×L×D in Eq. (7), to apply 1D convolution along the cycle axis
(length L), we first permute dimensions:

X′ ∈ RB×D×L. (12)

MSTC employs K parallel convolution branches, where branch k uses a kernel size sk and dilation dk

to cover different receptive fields:

F(k) = ϕ
(

Conv1D
(

X′; W(k), sk, dk

)
+ b(k)

)
, k = 1, . . . , K, (13)

where ϕ(·) is a nonlinear activation function. The branch outputs are concatenated along the channel
dimension:

F = Concat
(

F(1), . . . , F(K)
)

. (14)

To suppress channel expansion and enable cross-scale interaction, we apply a 1 × 1 convolution
(channel-wise linear projection) to compress channels back to D:

Zt = Conv1×1(F) ∈ RB×D×L. (15)

This operation mixes channels within the same cycle without mixing information across cycles, thereby
preserving temporal degradation structures while re-organizing multi-scale features.

2.2.3. Multi-Head Spectral Interaction and Band-Wise Refinement (MHSI)

Battery degradation signals also carry interpretable spectral structures: low-frequency com-
ponents often reflect long-term trends, mid-frequency components reflect regime shifts, and high-
frequency components capture short-term disturbances and noise. Standard self-attention models
global dependencies but incurs O(L2) complexity, which is costly for long windows. Moreover,
homogeneous modeling may lead to band mixing and weaken hierarchical structure representation.
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To address these issues, we propose the MHSI module (see Figure 5), which projects the en-
coded time-domain features into the frequency domain under a multi-head scheme, enables spectral
interaction with a global receptive field via FFT, and performs adaptive band-wise refinement with
linear-logarithmic complexity.

Figure 5. Overall architecture of the MHSI.

The time-domain output Zt ∈ RB×D×L is first permuted to Z̃t ∈ RB×L×D and linearly projected:

U = Z̃t Wp ∈ RB×L×D. (16)

We then split U into H heads along the feature dimension:

U =
{

U(1), . . . , U(H)
}

, U(h) ∈ RB×L×dh , dh = D/H. (17)

For each head, we perform a 1D FFT only along the temporal dimension (length L) for each channel:

S(h) =
∣∣∣FL

(
U(h)

)∣∣∣, (18)

where FL(·) denotes the 1D FFT along the length-L axis and | · | denotes magnitude spectrum (ampli-
tude), which is used for subsequent band-wise refinement.

Using two frequency thresholds ω1 and ω2 (normalized w.r.t. the Nyquist frequency), the spectrum
is partitioned into three bands:

S(h) =
{

S(h)
L , S(h)

M , S(h)
H

}
. (19)

For each band b ∈ {L, M, H}, we introduce a learnable mask M(h)
b and apply a sigmoid gate to enable

soft selection:
S̃(h)

b = S(h)
b ⊙ σ

(
M(h)

b

)
, b ∈ {L, M, H}, (20)

where ⊙ denotes the Hadamard product. This mechanism allows the model to adaptively adjust band
contributions across batteries and degradation stages (e.g., emphasizing trend-related low-frequency
components during accelerated aging while suppressing noise-related high-frequency components).

We then concatenate the refined bands to recover the full spectrum per head and fuse all heads:

S̃(h) = Concat
(

S̃(h)
L , S̃(h)

M , S̃(h)
H

)
, (21)

S̃ = Concat
(

S̃(1), . . . , S̃(H)
)

. (22)
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We map back to the time domain via inverse FFT:

Z f = F−1
L (S̃), (23)

and apply a residual connection with layer normalization:

Z f = LN
(

Z f + Zt

)
. (24)

2.2.4. Cross-Gated Time–Frequency Fusion and RUL Regression (CGF)

After MSTC and MHSI, we obtain two complementary representations: Zt emphasizes multi-scale
time-domain patterns and local degradation trajectories, whereas Z f highlights global spectral struc-
tures and band-wise hierarchy information. Due to the non-stationary nature of battery degradation,
their relative importance varies across stages and operating conditions; thus, naive summation or con-
catenation is insufficient for adaptive balancing. We design the CGF module to generate gating signals
from one domain’s global summary to modulate the other domain, enabling dynamic complementary
enhancement.

We first apply global average pooling (GAP) over the temporal dimension to obtain channel-wise
summaries:

g f = GAP(Z f ) ∈ RB×D, gt = GAP(Zt) ∈ RB×D. (25)

The gating coefficients are generated via sigmoid-activated linear projections:

mt = σ(g f W f + b f ) ∈ RB×D, m f = σ(gtWt + bt) ∈ RB×D. (26)

With broadcasting along the temporal axis, the fused representation is

Z = mt ⊙ Zt + m f ⊙ Z f ∈ RB×D×L. (27)

Larger gate values indicate higher contribution from the corresponding domain, enabling the model to
adaptively select more reliable information across batteries and degradation stages, which improves
generalization and enhances the representation of critical phases near EOL.

Finally, we feed Z into a regression head to output the RUL prediction. We first aggregate along
the temporal axis (e.g., last-step selection, average pooling, or attention pooling):

h = Pool(Z) ∈ RB×D, (28)

then apply an MLP regressor:

ŷ = MLP(h) ∈ RB×1 (or RB×H for multi-horizon). (29)

Here, ŷ denotes the predicted RUL (in cycles), which is consistent with the supervised labels defined
in Eq. (9).

2.3. TF-RULNet (Time-Frequency RUL Network) Architecture

To comprehensively characterize the multi-scale temporal degradation patterns and the inter-
pretable spectral structures of lithium-ion batteries during cycling aging, we propose TF-RULNet
(Time-Frequency RUL Network). TF-RULNet takes a sequence of cycle-level features as input and
learns a mapping from a historical health-indicator window to future RUL through a cascade of
key components, including multi-scale temporal encoding, spectral interaction enhancement, cross-gated
time–frequency fusion, and a multi-step forecasting head. The overall architecture is illustrated in Figure 3.
The workflow is summarized as follows:
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1. Temporal encoding (MSTC): Given the input tensor X, a multi-scale temporal convolutional
encoder is employed to extract degradation cues at different time scales, producing the temporal
representation Zt.

2. Spectral enhancement (MHSI): The temporal features are mapped into the frequency domain,
where multi-head spectral interaction and adaptive band-wise refinement are performed to obtain
the frequency-enhanced representation Z f .

3. Dynamic fusion (CGF): A cross-gated fusion module adaptively re-weights the contributions of
temporal and spectral branches, yielding the fused feature representation Z.

4. Multi-step regression (Forecast Head): The fused representation Z is aggregated and fed into a
forecasting head to output the multi-step RUL prediction ŷ ∈ RB×P, where B denotes the batch
size and P is the prediction horizon.

3. Experimental Settings and Model Training Procedure
3.1. Hardware Configuration

All experiments were conducted on a well-equipped workstation. The hardware platform consists
of an Intel Core i9-10900K CPU and 32 GB of DDR4 RAM. To accelerate large-scale matrix computations
and model training, an NVIDIA RTX 4060 GPU with 8 GB of dedicated VRAM was used. All deep
learning models were implemented in PyTorch (v2.4.1), with GPU acceleration enabled via CUDA
v12.4.

3.2. Model Hyperparameter Settings

In terms of model architecture, the proposed TF-RULNet consists of a multi-scale temporal
convolution encoder (MSTC), a multi-head spectral interaction module (MHSI), and a cross-gated
fusion module (CGF). The model takes a sliding-window sequence of length L as input and performs
P-step-ahead forecasting. During training, the Adam optimizer is employed, and both learning-rate
scheduling and early stopping are triggered when the validation loss no longer improves, which helps
stabilize convergence while mitigating overfitting.

Specifically, the number of training epochs is set to num_epochs = 100 with a batch size of 64.
GELU is used as the activation function. The patience parameter of the learning-rate scheduler is
set to scheduler_patience = 0.25, meaning that the learning rate will be reduced if the validation
loss does not improve within the corresponding patience window. The early-stopping ratio is set to
early_patience = 0.2. The remaining structural hyperparameters are summarized in Table 2, and a
grid-search strategy is adopted to select the optimal configuration.

Table 2. Hyperparameter grid and the selected setting of the proposed TF-RULNet.

Hyperparameter Search range (grid) Selected

Model dimension (dmodel) {32, 64, 128} 64
Number of heads (nheads) {1, 8} 4
Feed-forward dimension (dff) {1, 128} 32
Dropout rate {0.0, 0.5} 0.1
Initial learning rate (η) {1×10−4, 1×10−3, 1×10−2} 1×10−3

3.3. Model Training

For the i-th battery cell, a cycle-level feature vector extracted at the n-th cycle is denoted as
x(i)n ∈ RD. In this study, the core inputs are composed of discharge-stage statistical features, as defined
in Eq. (5). Given a sliding-window length of L, the most recent L cycles are stacked to form one input
sample, as shown in Eq. (6), and TF-RULNet performs multi-step prediction with horizon P.

To validate the effectiveness of the proposed model, we design two data partitioning and evalua-
tion protocols. (1) Within-dataset small-sample setting: for a single cell, its lifetime sequence is split
chronologically, where the first 30% cycles are used for training and the remaining 70% cycles are used
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for validation/testing. This setting mimics practical scenarios where only early-life observations are
available and the model must extrapolate the subsequent degradation trajectory. (2) Cross-dataset
generalization setting: we select one cell (B007) from the NASA dataset as the source-domain training
set, and directly evaluate on the University of Maryland dataset as the target domain. The source and
target cells are strictly non-overlapping, enabling an assessment of TF-RULNet under distribution
shifts caused by different operating conditions and/or protocols. All splits are performed at the cell
level to prevent any sample overlap between domains and thus avoid information leakage.

The training objective is multi-step RUL regression using the mean squared error (MSE). Let
y ∈ RB×P be the ground-truth targets and ŷ ∈ RB×P be the model outputs. The loss function is defined
as

LMSE =
1

BP

B

∑
b=1

P

∑
p=1

(
yb,p − ŷb,p

)2
. (30)

where B denotes the batch size, P is the multi-step forecasting horizon, yb,p and ŷb,p represent the
ground-truth and predicted RUL at the p-th step for the b-th sample, respectively. The term BP is the
total number of scalar predictions in a mini-batch, thus LMSE computes the averaged squared error
over all samples and all prediction steps.

3.4. Evaluation Metrics

To comprehensively assess the accuracy and stability of multi-step RUL forecasting, this study
adopts three standard metrics, i.e., the root mean squared error (RMSE), mean absolute error (MAE),
and coefficient of determination (R2), which evaluate prediction performance from complementary
perspectives.

Assume the test set contains N sliding-window samples and the forecasting horizon is P. Let yi,p

and ŷi,p denote the ground-truth and predicted RUL values of the i-th sample at the p-th forecasting
step, respectively. For multi-step outputs, we aggregate the errors over all samples and all horizons to
obtain the overall RMSE, MAE, and R2 as follows:

RMSE =

√√√√ 1
NP

N

∑
i=1

P

∑
p=1

(
yi,p − ŷi,p

)2, (31)

MAE =
1

NP

N

∑
i=1

P

∑
p=1

∣∣yi,p − ŷi,p
∣∣, (32)

ȳ =
1

NP

N

∑
i=1

P

∑
p=1

yi,p, (33)

R2 = 1 −
∑N

i=1 ∑P
p=1

(
yi,p − ŷi,p

)2

∑N
i=1 ∑P

p=1
(
yi,p − ȳ

)2 . (34)

Where, RMSE is more sensitive to large errors and thus reflects robustness under late-life regions
or abrupt changes, while MAE provides an intuitive measure of the average absolute deviation. The
R2 score quantifies the goodness of fit by measuring how much variance in the ground-truth RUL
can be explained by the predictions. By uniformly aggregating errors across all forecasting steps, the
above metrics provide a holistic evaluation of multi-step performance, faithfully reflecting the practical
scenario of “extrapolating future lifetime based on a historical window”.
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4. Experimental Analysis
4.1. Experiment I: Comparison Under the Small-Sample Setting
4.1.1. Experiment Comparison on B005 and B007

To evaluate the relative advantage of the proposed TF-RULNet, we conduct comparative ex-
periments on two NASA cells (B005 and B007) against a diverse set of baselines, including CNN,
CNN–LSTM, Transformer, XGBoost, Random Forest (RF), and PatchTST. All models are trained and
tested under the same data split strategy, identical cycle-level input features, and the same evaluation
protocol to ensure a fair comparison. For deep learning baselines, we align the training configuration
(e.g., optimizer, batch size, learning rate schedule, and early-stopping strategy) with TF-RULNet as
closely as possible. For traditional machine learning methods (XGBoost and RF), the same cycle-level
features are used as inputs, and the same supervised RUL labels are adopted for regression learning.
The quantitative results are summarized in Table 3.

Table 3. Small-sample comparison results on B005 and B007.

Model B005 B007

RMSE MAE R2 RMSE MAE R2

CNN 0.0273 0.0226 0.9129 0.0124 0.0092 0.9746
CNN-LSTM 0.0145 0.0115 0.9753 0.0115 0.0088 0.9781
Transformer 0.0131 0.0096 0.9798 0.0120 0.0101 0.9759
XGBoost 0.0249 0.0212 0.9273 0.0131 0.0107 0.9713
RF 0.0284 0.0245 0.9052 0.0173 0.0128 0.9504
PatchTST 0.0128 0.0102 0.9808 0.0111 0.0079 0.9794
TF-RULNet 0.0096 0.0074 0.9892 0.0084 0.0069 0.9883

As shown in Figure 6 and Table 3, the overall results under the small-sample setting indicate that
TF-RULNet achieves the best comprehensive performance on both batteries. Using the strongest
baseline, PatchTST, as a reference, TF-RULNet further reduces the RMSE on B005 by approximately
25.0% and the MAE by about 27.5%, while yielding an absolute improvement of about 0.0084 in R2. On
B007, TF-RULNet continues to reduce the RMSE by around 24.3% and the MAE by about 12.7%, with
an absolute R2 gain of roughly 0.0089. These results demonstrate that the proposed model not only
converges more stably with smaller errors, but also better fits the overall lifetime trajectory, exhibiting
a stronger ability to extrapolate the subsequent degradation evolution from limited early-cycle observations.

Figure 6. Performance comparison of TF-RULNet against baseline models under the small-sample setting on
NASA B005 and B007.
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Further comparisons with representative deep baselines show that TF-RULNet reduces RMSE by
approximately 26.7%/30.0% and MAE by about 22.9%/31.7% on B005/B007 relative to the standard
Transformer; compared with CNN-LSTM, RMSE decreases by roughly 33.8%/27.0% and MAE by
about 35.7%/21.6%. These improvements suggest that models relying solely on time-domain attention
or local convolutions are prone to overfitting local fluctuations and are less capable of capturing
the global degradation rhythm in small-sample scenarios. In contrast, TF-RULNet leverages MSTC
to provide multi-scale degradation cues, employs MHSI to enhance informative spectral structures
in the frequency domain, and further uses CGF to dynamically fuse time–frequency information.
Consequently, it mitigates error accumulation in multi-step forecasting and improves robustness across
different batteries.

4.1.2. Ablation Experiment Under the Small-Sample Setting

To validate the effectiveness of each module in TF-RULNet, we conduct ablation experiments
under the same training configuration as the comparative study. The ablations focus on three core
components: the multi-scale time-domain convolution encoder (MSTC), the multi-head spectral
interaction module (MHSI), and the cross-gated fusion module (CGF). Specifically, we remove the
frequency-domain branch (w/o MHSI), remove the multi-scale time-domain branch (w/o MSTC), and
replace the cross-gated fusion with a static fusion scheme (w/o CGF, implemented as Concat+Linear)
to examine the necessity of dynamic time–frequency trade-off. The results are reported in Table 4.

As shown in Figure 7 and Table 4, the ablation results demonstrate that all three components
contribute clearly to performance improvements, while their impact varies with dataset characteristics.
Overall, removing any module leads to higher errors and lower goodness-of-fit. Among all ablations,
removing MSTC (w/o MSTC) has the most pronounced effect on B005: compared with the full model,
RMSE and MAE increase by approximately 31.3% and 40.5%, respectively. On B007, the degradation
caused by w/o MSTC is relatively mild, with RMSE and MAE increasing by about 10.7% and 7.25%,
indicating that the multi-scale time-domain convolution branch is particularly critical for capturing
global–local degradation patterns.
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Figure 7. Ablation results of TF-RULNet on NASA B005 and B007 under the small-sample setting.
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Table 4. Ablation results of TF-RULNet on B005 and B007 under the small-sample setting.

Model B005 B007

RMSE MAE R2 RMSE MAE R2

w/o MHSI 0.0112 0.0086 0.9853 0.0098 0.0075 0.9842
w/o MSTC 0.0126 0.0104 0.9813 0.0093 0.0074 0.9857
w/o CGF (Concat+Linear) 0.0107 0.0083 0.9867 0.0088 0.0065 0.9870
TF-RULNet 0.0096 0.0074 0.9892 0.0084 0.0069 0.9883

Further comparisons show that the frequency-domain module MHSI provides consistent gains
across datasets. After removing MHSI (w/o MHSI), RMSE increases by about 16.7% on both B005 and
B007, while MAE increases by approximately 16.2% (B005) and 8.7% (B007). These results suggest
that MHSI effectively supplements time-domain modeling by introducing spectral interactions and
adaptive band refinement, alleviating issues such as frequency-band mixing and limited local receptive
fields. This frequency-domain enhancement can also help the model better characterize localized
recovery/regeneration-related variations.

Regarding the fusion strategy, replacing cross-gated fusion with static fusion (w/o CGF, Con-
cat+Linear) results in RMSE/MAE increases of about 11.5%/12.2% on B005, and an RMSE increase of
about 4.8% on B007. This indicates that the benefit of CGF is not merely an “accidental” improvement
on a single metric; rather, it enables adaptive weighting between time- and frequency-domain informa-
tion. Consequently, the full TF-RULNet achieves the most balanced and stable performance on both
datasets.

4.2. Cross-Dataset Generalization Experiment (NASA → Maryland)

To examine the robustness of the proposed model under distribution shifts caused by cross-device
and cross-operating-condition variations, we further construct a cross-dataset setting from NASA
to Maryland. Specifically, the model is trained on NASA B005 to learn a transferable degradation
representation, and then directly evaluated on the Maryland dataset (CS-35 and CS-37). The results are
reported in Table 5.

Table 5. Cross-dataset generalization results (NASA B005 → Maryland CS-35/CS-37).

Model CS-35 CS-37

RMSE MAE R2 RMSE MAE R2

CNN 0.0541 0.0511 0.9179 0.0360 0.0238 0.9635
CNN-LSTM 0.0485 0.0283 0.9339 0.0399 0.0253 0.9552
Transformer 0.0492 0.0275 0.9321 0.0339 0.0199 0.9676
XGBoost 0.0814 0.0543 0.8139 0.0535 0.0310 0.9194
RF 0.0667 0.0416 0.8751 0.0775 0.0543 0.8309
PatchTST 0.0293 0.0248 0.9758 0.0301 0.0196 0.9744
TF-RULNet 0.0181 0.0121 0.9908 0.0165 0.0097 0.9923

As illustrated in Figure 8 and Table 5, TF-RULNet remains consistently superior in the
NASA→Maryland transfer scenario, demonstrating that the learned representation is more transfer-
able across devices and operating protocols. Using PatchTST—the strongest deep baseline in this
cross-dataset setting—as a reference, TF-RULNet further reduces RMSE and MAE on CS-35 by 38.23%
and 51.21%, respectively; on CS-37, RMSE and MAE are reduced by 45.18% and 50.51%, respectively.
In addition, when measured by the unexplained error ratio (1 − R2), TF-RULNet decreases (1 − R2) by
approximately 61.98% on CS-35 and 69.92% on CS-37 compared with PatchTST, indicating substantially
improved cross-domain generalization for battery lifetime prognostics.
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Figure 8. Performance comparison of TF-RULNet against baseline models in the cross-dataset generalization
setting (NASA B005 → Maryland CS-35/CS-37).

The advantage becomes even more pronounced when compared with conventional deep models
and classical machine learning regressors. Compared with the standard Transformer, TF-RULNet
achieves RMSE reductions of 63.21% (CS-35) and 51.33% (CS-37), with MAE reductions of 56.00%
and 51.26%, respectively. Relative to CNN, the RMSE decreases by 66.54% and 54.17%, while the
MAE decreases by 76.32% and 59.24% on CS-35 and CS-37, respectively. For XGBoost and RF, which
are typically more sensitive to feature distribution shifts, TF-RULNet yields RMSE drops of 69.16%–
77.76% (vs. XGBoost) and 72.86%–78.71% (vs. RF), accompanied by MAE reductions of 68.71%–82.14%.
Collectively, these gains support the conclusion that, under cross-dataset transfer, TF-RULNet—via
multi-scale time-domain encoding, spectral interaction in the frequency domain, and cross-gated dynamic
fusion—more effectively suppresses error amplification induced by domain shifts, thereby maintaining
the best overall predictive performance in a setting closer to real-world deployment.

5. Conclusions and Future Work
5.1. Conclusions

This paper addresses the multi-step remaining useful life (RUL) prediction problem for lithium-ion
batteries and proposes a time–frequency fusion prognostic model, namely TF-RULNet (Time-Frequency
RUL Network). TF-RULNet consists of a multi-scale time-domain convolution encoder (MSTC), a
multi-head spectral interaction module (MHSI), and a cross-gated fusion module (CGF). The core idea
is to (i) capture degradation patterns at different temporal scales in the time domain, (ii) leverage FFT
with linear-logarithmic complexity to model local spectral structures and band-wise patterns in the
frequency domain, and (iii) dynamically balance and complement the time–frequency information
via cross-gating, thereby enhancing representation capability and generalization for complex non-
stationary degradation processes.

Extensive experiments under both the small-sample setting and the cross-dataset generaliza-
tion setting demonstrate that TF-RULNet consistently achieves superior performance in terms of
RMSE/MAE compared with a diverse set of baselines, including CNN, CNN-LSTM, standard Trans-
former, XGBoost, Random Forest, and PatchTST. Moreover, ablation studies further verify the effective-
ness of the three core modules, indicating that multi-scale time-domain modeling, spectral interaction
in the frequency domain, and dynamic gated fusion are all indispensable and jointly contribute to the
overall performance gains of TF-RULNet.
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5.2. Future Work

Although TF-RULNet has shown strong accuracy and robustness in both in-domain and cross-
domain evaluations, several directions remain promising for further improving battery life prognostics
in more complex, engineering-oriented scenarios:

1. Uncertainty quantification for risk-aware decision making. In practical BMS applications,
reliable predictions are often more valuable than a single-point optimum. Future work will extend
TF-RULNet to probabilistic forecasting, providing confidence intervals and risk indicators for
multi-step RUL, which can facilitate safety margin assessment and maintenance planning.

2. More systematic cross-domain adaptation and online updating. While cross-dataset experi-
ments validate the transferability of TF-RULNet, real-world operating conditions (e.g., protocols,
temperatures, loads) may drift continuously. Future research will investigate parameter-efficient
adaptation and online fine-tuning strategies to enable rapid updates with limited new data while
mitigating catastrophic forgetting.

3. From macro cycle-level features to fine-grained segment-level mechanistic feature fusion.
The current study mainly uses macro cycle-level statistical features. Future extensions will
incorporate finer-grained information, such as charging/discharging curve segments and IC/DV
peak characteristics, into a unified representation framework, aiming to better capture stage-wise
behaviors (e.g., capacity regeneration) and non-linear degradation acceleration near the end of
life.

In summary, TF-RULNet provides a time–frequency fusion paradigm that is both accurate and
robust for multi-step battery RUL prediction. Future work will focus on uncertainty-aware prognos-
tics, continual domain adaptation, and fine-grained feature fusion to further enhance the practical
applicability and reliability of the model under complex operating conditions.
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