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G R A P H I C A L  A B S T R A C T

H I G H L I G H T S

• Developed transition-aware encoding for battery operational sequences.
• Validated on encoder–decoder network for long-term capacity forecasting.
• Reduced worst-case capacity prediction errors by over 50%.
• Achieved 94.3% storage reduction while preserving temporal dynamics.
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 A B S T R A C T

 Accurate battery capacity forecasting is crucial for ensuring safe operation and effective maintenance 
scheduling. However, capacity prediction remains challenging due to the complex, nonlinear degradation 
processes influenced by diverse operational conditions and usage patterns.  Existing operational condition 
analysis methods either treat voltage, current, and temperature independently, losing cross-variable coupling 
effects, or aggregate exposure durations without preserving temporal ordering, discarding transition dynamics 
that influence degradation pathways. This work addresses both limitations through a transition-aware encoding 
method that discretizes measurements into joint operational bins, tracking the sequence of transitions between 
bins and preserving both coupled effects and temporal dynamics. An encoder–decoder neural network processes 
these compact representations to generate capacity forecasts over extended horizons. Based on experimental 
data from lithium–iron–phosphate (LFP) cells undergoing nonlinear degradation, the proposed transition-aware 
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encoding forecasts absolute capacity with a mean absolute percentage error of 1.68% and captures cycle-to-
cycle capacity variation to within 0.16%, while simultaneously compressing raw time-series data by 94.3%. 
Compared to methods that discard temporal ordering or treat measurements independently, the proposed 
approach reduces worst-case capacity prediction errors by more than 50%.

1. Introduction

Battery systems, particularly lithium-ion batteries (LIBs), have be-
come integral to numerous critical applications, including electric ve-
hicles, grid-scale renewable energy storage, and portable electronic 
devices. This surge in application is due to their high energy density, 
decreasing costs, and prolonged cycle life [1].  At the same time, large-
scale electrification is shifting battery management from single-pack 
supervision to fleet-level health monitoring, where capacity prognos-
tics directly support warranty decisions, maintenance planning, and 
second-life valuation under strict on-board computation and memory 
constraints [2]. As society transitions toward electrification and sus-
tainable energy systems, the reliability and performance of battery 
systems become increasingly crucial to achieving both economic and 
environmental objectives.

However, battery degradation remains an inevitable reality.
Through complex electrochemical processes, including solid-electrolyte 
interphase (SEI) formation, lithium plating, electrode particle cracking, 
and electrolyte decomposition, batteries progressively lose their energy 
storage capacity [3]. This capacity fade not only reduces operational 
performance but can also precipitate safety hazards through thermal 
runaway or sudden failure. Consequently, accurate capacity forecasting 
has become essential for ensuring safe operation, enabling predic-
tive maintenance, optimizing replacement schedules, and minimizing 
operational costs across diverse applications.

Forecasting battery capacity accurately remains a fundamentally 
challenging task due to several factors. The degradation process in-
volves multiple coupled nonlinear mechanisms where each one in-
fluences others through intricate feedback loops [3]. Manufacturing 
tolerances introduce cell-to-cell variations even within single produc-
tion batches, causing divergent aging trajectories under identical con-
ditions [4]. Real-world operating conditions vary widely; different 
charge–discharge rates, temperature exposures, and usage patterns cre-
ate an expansive parameter space that challenges conventional mod-
eling approaches [5].  In addition, field data are often irregular, par-
tially observed (e.g., partial charges), and affected by sensor noise and 
data-quality issues, which can reduce the transferability of laboratory-
trained models [6].

Existing capacity forecasting methods can be broadly categorized 
into physics-based, equivalent circuit models (ECM), and data-driven 
approaches, each with distinct advantages and limitations. Physics-
based models, particularly electrochemical models like the pseudo-
two-dimensional (P2D) framework, offer detailed insights by explic-
itly modeling degradation processes such as SEI growth and lithium 
plating [7]. While these models offer interpretability and physical 
understanding, they incur high computational costs due to the solution 
of partial differential equations and require cell-specific parameters 
that are often difficult to obtain in practice [8]. Equivalent circuit 
models represent batteries through networks of resistors and capacitors, 
providing computational efficiency by capturing macroscopic electrical 
behavior without detailed electrochemical modeling. However, ECM 
parameters vary nonlinearly with state of charge (SOC), temperature, 
and current, requiring frequent recalibration to maintain accuracy 
as batteries age [9].  Although recent efforts have addressed spe-
cific operating conditions, such as low-temperature accuracy through 
multiple-feature electrochemical–thermal coupling with real-time coef-
ficient correction [10], the empirical nature of ECMs fundamentally 
limits their ability to extrapolate beyond calibration conditions or 
capture long-term degradation mechanisms [11].

On the other hand, data-driven approaches have recently gained 
significant traction for battery capacity forecasting, due to advances 
in machine learning (ML) techniques and availability of open-source 
datasets [12]. ML-based methods can be broadly categorized into 
feature-based and end-to-end approaches. Feature-based methods ex-
tract handcrafted features from battery data and map them to degrada-
tion outcomes using ML algorithms. Examples include electrochemical 
transition features derived from differential voltage (dV/dQ) analysis, 
such as peak positions and magnitudes that indicate phase changes in 
electrode materials [13], and capacity fade indicators extracted from 
specific charging segments such as constant-current or constant-voltage 
phases [14].  Beyond single-output regression, multi-task learning has 
been shown to jointly forecast capacity fade and power/impedance-
related degradation trajectories (including knee points), improving 
robustness versus single-task baselines [15]. Li et al. [16] further 
demonstrated that early-life features can enable lifetime prediction 
even under widely varying usage conditions, highlighting both the 
promise and the challenge of generalization across operational regimes.

In contrast to feature engineering approaches, end-to-end meth-
ods process complete measurement sequences directly through deep 
learning architectures. By learning to automatically extract appropri-
ate features from raw voltage, current, and temperature data, these 
approaches eliminate the need for domain expertise in feature de-
sign. These include recurrent neural networks (RNN) that analyze full 
charge–discharge cycles [17], convolutional neural networks (CNN) 
that treat voltage-capacity curves as images [18], and hybrid archi-
tectures combining CNNs with transformer-based models for improved 
prediction accuracy [19]. Recent advances have also explored encoder–
decoder architectures with CNN or RNN for capacity forecasting, where 
an encoder network compresses input sequences into compact represen-
tations and a decoder network generates predictions from these rep-
resentations. This approach has shown promise for handling variable-
length input sequences and producing multi-step forecasts [20].  Re-
lated trends also include attention-based architectures (including trans-
former variants) that can leverage compact features, albeit sometimes 
requiring additional sensing such as impedance information [21].

Beyond single-task learning, recent work targets joint objectives and 
robustness under realistic BMS constraints. Chen et al. jointly predict 
state of health (SOH) and Remaining Useful Life (RUL) from a single 
charging cycle using a 2D-CNN feature extractor fused with hand-
crafted descriptors, reducing errors versus single-task baselines [22]. 
Robustness to field noise has been improved with anti-noise Long Short-
Term Memory (LSTM) variants for RUL estimation [23], while SOC 
precision has been increased via Bayesian hyperparameter optimization 
of BiLSTM architectures [24].

However, these data-driven methods face practical limitations that 
restrict real-world deployment. Differential analysis techniques am-
plify measurement noise and require high-resolution data with low 
charge rate, making them unsuitable for battery management systems 
(BMS) [25]. Methods relying on specific charging segments cannot 
adapt to variable charging protocols. Full-cycle approaches need com-
plete charge–discharge data, or require signals like SOC that many 
BMS do not reliably estimate. Furthermore, storing raw time-series 
data for thousands of cells over a long period of time creates pro-
hibitive memory and bandwidth requirements for BMS [25].  This has 
motivated data-efficient logging and feature aggregation strategies for 
fleet-scale analytics, including histogram-based usage-history encod-
ings that are explicitly designed to reduce storage while preserving 
operational exposure information [2].

Practical constraints necessitate health-monitoring methods that 
rely solely on measurements already available in the BMS (voltage, 
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current, and temperature) and minimize storage through compact en-
coding. Instead of depending solely on carefully hand-crafted features 
or analyzing individual charge segments, our approach focuses on 
how operating conditions drive aging: elevated temperature accelerates 
side reactions, high charge rates increase the risk of lithium plating, 
and extended periods at high SOC quicken calendar aging [26]. By 
discretizing the combined voltage, current, and temperature data into 
bins and accumulating the time spent in each, we compress lengthy 
time series into a compact exposure summary suitable for fleet-scale ca-
pacity forecasting.  Importantly, this ‘‘usage-history’’ perspective aligns 
with recent efforts to bridge laboratory and field data via aggregated 
representations (e.g., histogram variables) while explicitly managing 
data-quality limitations [27].

However, most operational-condition approaches do not fully ex-
ploit the structure of battery operational data. In particular, many 
binning-based methods treat voltage, current, and temperature as in-
dependent variables and summarize each dimension separately, effec-
tively reducing the joint operating space to a set of one-dimensional 
marginal statistics [28,29]. As a result, stressor interactions (e.g., high 
current at low temperature or elevated temperature at high SOC) 
that govern key degradation mechanisms are not represented, and the 
resulting features discard temporal information. Yet, degradation is 
driven not only by cumulative exposure to operating conditions, but 
also by how frequently and how rapidly the cell transitions between 
regimes; different transition sequences can activate distinct pathways, 
even when the total exposure time is similar [30].

This work overcomes these limitations by (i) using joint binning 
over voltage–current–temperature to preserve cross-variable coupling 
and (ii) explicitly encoding transitions between operating states to 
retain temporal dynamics. Building on this transition-aware represen-
tation, we develop an encoder–decoder learning framework that maps 
compact operational histories to long-horizon capacity forecasts.

The key contributions of this work include:

• Development of a transition-aware feature encoding method that 
addresses two limitations of existing operational condition analy-
sis: the loss of cross-variable coupling when voltage, current, and 
temperature are binned independently, and the loss of temporal 
dynamics when only cumulative exposure durations are retained. 
The proposed encoding captures both joint operational conditions 
and transition sequences using only standard BMS measurements.

• Development of an encoder–decoder architecture-based neural 
network that further compresses encoded operational features 
into learned representations for long-term capacity forecasting.

• Demonstration of 94.3% data storage reduction compared to 
raw time-series approaches while retaining temporal dynamics, 
achieving 1.68% MAPE for capacity forecasting.

• Systematic benchmarking against duration aggregation and inde-
pendent binning approaches, demonstrating that preserving tran-
sition dynamics and joint operational conditions reduces worst-
case capacity prediction errors from 15.96% to 7.24%, a reduc-
tion exceeding 50%.

This paper is organized as follows: Section 2 describes the ex-
perimental datasets used for validation. Section 3 presents our joint 
binning-based feature extraction approach. Section 4 describes the 
model and algorithms used. Section 5 evaluates the proposed method 
and compares it against alternative approaches. Finally, Section 6 
summarizes the key findings and outlines future research directions.

2. Data

To validate our joint binning-based capacity forecasting approach, 
we use two datasets that indicate the nonlinear degradation behavior 
of lithium iron phosphate (LFP)/graphite cells under accelerated aging 
conditions. Both datasets use identical cell chemistry and experimental 

protocols, providing a basis for evaluating predictive models across 
different sample populations.

The Severson dataset contains cycle data1 for 124 A123 Systems 
18650 cells with a nominal capacity of 1.1Ah [31]. Following an 
initial formation cycle at C/10,2 cells were subjected to extremely fast-
charging protocols with stepped current profiles ranging from 3C to 
8C, charging to 80% SOC. All discharge cycles were performed at 
4C, corresponding to complete discharge in 15 min. Data collection 
spanned three experimental batches using a 48-channel Arbin LBT 
potentiostat, with thermal chambers maintained at 30 ◦C to ensure 
consistent temperature conditions.

The Attia dataset extends this work by providing data for 235 cells, 
of which 45 were cycled to end-of-life, defined as reaching 80% of 
nominal capacity [32]. For our analysis, we utilize these 45 cells that 
underwent degradation trajectories to failure. These cells underwent a 
standardized 10-minute charging protocol followed by constant volt-
age phases, maintaining identical environmental and electrochemical 
conditions to the Severson experiments.

Both datasets show nonlinear capacity fade profiles with knee points 
(Fig.  1), representing the transition from gradual to rapid degradation 
under fast-charging conditions. Fig.  1 illustrates the cycle number (n) 
versus capacity (Q) trajectories for individual cells, indicating signif-
icant cell-to-cell variation, reflecting stochastic degradation processes 
inherent in battery aging.  These nonlinear degradation patterns and 
cell-to-cell variations provide a rigorous test environment for evaluat-
ing our joint operational condition analysis approach. The following 
section describes how we process this data into compact representations 
that preserve both operational coupling and temporal dynamics.

3. Data processing and feature extraction

3.1. Motivation for joint operational condition encoding

Battery degradation rates vary substantially with operational con-
ditions. High temperatures accelerate chemical reactions, high charge 
rates may result in lithium plating, and prolonged exposure to high 
SOC during idle periods accelerates calendar aging [26,33]. Given 
that degradation accumulates through exposure to these conditions, 
operational data can be discretized into bins representing distinct usage 
patterns by partitioning the voltage-current-temperature space. The 
effectiveness of operational condition binning has been demonstrated 
in recent battery health forecasting studies. Richardson et al. [28] 
and Greenbank and Howey [29] showed that time spent in different 
voltage regions correlates strongly with capacity fade. Zhang et al. 
[34] developed a systematic histogram-based framework that extracts 
statistical features from operational data.

However, the aforementioned approaches treat voltage, current, 
and temperature as independent variables, decomposing the multi-
dimensional operational space into separate one-dimensional projec-
tions rather than capturing their coupled effects on electrochemical pro-
cesses. This independent binning approach misses degradation mech-
anisms emerging from coupled effects. Lithium plating risk, for in-
stance, depends simultaneously on temperature, current magnitude, 
and voltage conditions that cannot be identified through isolated vari-
able binning [35]. Similarly, calendar aging under high-temperature, 
zero-current storage conditions shows a distinct degradation trend 
compared to low-temperature storage [36].

Independent binning also discards temporal dynamics between op-
erational states. Battery degradation depends not only on cumulative 

1 A cycle refers to one complete charge–discharge sequence of a battery 
cell.

2 C-rate indicates the charging or discharging current relative to the bat-
tery’s nominal capacity. For example, 1C corresponds to complete charge or 
discharge in one hour, while 4C represents complete discharge in 15 min.
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Fig. 1. Cycle number versus capacity for individual cells in the Severson and Attia datasets [31,32].

condition exposure but also on the sequence and rate of transitions 
between operational regimes. Temperature transitions from cold to 
hot environments can trigger cascading electrochemical reactions, such 
as electrolyte gassing catalyzed by prior lithium deposition formed 
during low-temperature cycling [37]. Different operational sequences 
can activate distinct degradation pathways even when total expo-
sure to individual conditions remains constant, with path-dependent 
electrochemical processes influencing aging trajectories [30].

This work addresses both limitations through joint binning that si-
multaneously considers voltage-current-temperature combinations
while explicitly capturing transition dynamics between operational 
conditions. The following subsections detail the discretization scheme, 
transition-aware encoding, and comparison with alternative strategies.

3.2. Joint operational space discretization

The encoding process consists of three steps: operational space 
discretization, bin occupancy calculation, and transition sequence en-
coding. We first discretize the joint measurement space into distinct 
operational bins that capture the relationships among voltage, current, 
and temperature. Then, we encode both the cumulative time spent in 
each bin and the sequence of transitions between bins.

Each operational parameter is divided into discrete bins:

• Voltage: 𝐾𝑉  bins across [𝑉min, 𝑉max]
• Current: 𝐾𝐼  bins across [𝐼min, 𝐼max]
• Temperature: 𝐾𝑇  bins across [𝑇min, 𝑇max]

This creates 𝐾 = 𝐾𝑉 × 𝐾𝐼 × 𝐾𝑇  joint operational bins. Let 𝑠(𝑡) ∈
1,… , 𝐾 denote the active joint bin at time 𝑡.

3.3.  proposed transition-aware bin encoding

For time window 𝛥𝑇 , we construct a transition sequence matrix 
𝐔 ∈ R𝑀×𝐾 that captures both the temporal order of operational bin 
changes and the duration spent in each bin. Each row 𝑚 ∈ {1, 2,… ,𝑀}
in matrix 𝐔 corresponds to a transition event, where only one element 
is non-zero: 

𝑈𝑚,𝑘 =

{

𝑡(𝑚)𝑘 , if bin 𝑘 was active before transition 𝑚
0, otherwise

(1)

where 𝑀 is the total number of transitions, and 𝑡(𝑚)𝑘  is the duration 
spent in bin 𝑘 before the 𝑚th transition occurs. The transition matrix 
𝐔 preserves the chronological order of bin changes while encoding the 
duration spent in each bin before each transition. This representation 
captures both the temporal sequence of operational bins and the time 
spent in each bin.

To illustrate the encoding process, consider a simplified example 
with 𝐾𝑉 = 𝐾𝐼 = 𝐾𝑇 = 3, generating 𝐾 = 27 joint bins. Suppose a 
battery cycle produces the following operational sequence: 

Bin 1 𝑡1=120s
←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ Bin 27 𝑡2=85s

←←←←←←←←←←←←←←←←←←←←←←←←←→ Bin 1 𝑡3=200s
←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ ⋯ (2)

This sequence contains 𝑀 = 3 transitions. The transition matrix 𝐔 ∈
R3×27 encodes both the temporal order and duration: 

𝐔 =
⎡

⎢

⎢

⎣

120 0 ⋯ 0
0 0 ⋯ 85

200 0 ⋯ 0

⎤

⎥

⎥

⎦

(3)

Row 1 indicates 120 s in Bin 1 before the first transition; row 2 indicates 
85 s in Bin 27 before the second transition; row 3 indicates 200 s in Bin 
1 before the third transition.

3.3.1. Bin duration aggregation
From the transition sequence matrix, we can derive an aggregated 

representation by summing the durations for each bin across all transi-
tions: 

𝑑𝑘 =
𝑀
∑

𝑚=1
𝑈𝑚,𝑘, ∀𝑘 ∈ 1,… , 𝐾 (4)

This bin duration vector 𝐝 ∈ R𝐾 provides the total time spent in each 
operational bin, discarding the temporal sequence information while 
retaining the cumulative exposure profile.  For the example sequence 
in (3), the corresponding bin duration vector 𝐝 ∈ R27 aggregates 
occupancy times across all visits to each bin: 𝑑1 = 320 s, 𝑑27 = 85 s, 
with all other entries zero. This aggregation retains the total exposure 
to each operational condition but discards the transition sequence 
preserved in 𝐔, the information that the cell transitioned from bin 1 
to bin 27 and back is lost.

3.3.2. Independent measurement binning
Independent binning discretizes each operational variable sepa-

rately, constructing marginal histograms: 

𝑑𝑇𝑘 =
∑

𝑡∶𝑇 (𝑡)∈bin𝑘
𝛥𝑡, 𝑑𝐼𝑗 =

∑

𝑡∶𝐼(𝑡)∈bin𝑗
𝛥𝑡, 𝑑𝑉𝑖 =

∑

𝑡∶𝑉 (𝑡)∈bin𝑖

𝛥𝑡 (5)

where bin indices 𝑖, 𝑗, and 𝑘 correspond to voltage, current, and tem-
perature bins, respectively. This approach generates only 𝐾𝑉 +𝐾𝐼 +𝐾𝑇
features.

3.4.  comparison with alternative encoding strategies

Fig.  2 compares three feature encoding strategies against time-series 
data based on computational efficiency and information retention.
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Fig. 2. Comparison of feature encoding strategies illustrating the trade-off between computational burden/storage and information retention. (A) Raw time-series 
data preserving full temporal resolution (𝑇 × 3 values). (B) Proposed transition-aware encoding capturing transition dynamics and joint operational bins (𝑀 × 2
values). (C) Bin duration aggregation retaining cumulative exposure in joint bins but discarding transition sequences (𝐾 values). (D) Independent measurement 
binning storing marginal histograms, losing both temporal order and cross-variable dependencies (𝐾𝑉 +𝐾𝐼 +𝐾𝑇  values). The notation 𝑋𝑖𝑗 denotes the bin spanning 
thresholds 𝑋𝑖 to 𝑋𝑗 for variable 𝑋 ∈ {𝑉  (voltage), 𝐼 (current), 𝑇  (temperature)}.

• Raw Time-Series (A): This approach records every observation, 
requiring 𝑇 × 3 storage, where 𝑇  is the total number of time 
points and 3 represents the voltage, current, and temperature 
measurements. While it preserves complete temporal detail, it 
requires maximum storage.

• Transition-aware Bin Encoding (B): This method stores tran-
sition events as pairs of (duration, bin index), requiring 𝑀 ×
2 storage. Since 𝑀 ≪ 𝑇  typically, this approach significantly 
reduces storage while retaining temporal dynamics and measure-
ment relationships.

• Bin Duration Aggregation (C): Compresses to cumulative time 
per joint bin (𝐾 values), losing transition sequences.

• Independent Measurement Binning (D): Further reduces to 
marginal histograms (𝐾𝑉 + 𝐾𝐼 + 𝐾𝑇  values), additionally losing 
cross-measurement dependencies.

3.5.  summary of proposed encoding method

The proposed transition-aware encoding differs from existing ap-
proaches in two key aspects. First, joint binning captures the coupled 
effects of voltage, current, and temperature by discretizing the three-
dimensional operational space into 𝐾 = 𝐾𝑉 × 𝐾𝐼 × 𝐾𝑇  bins, whereas 
independent binning projects this space onto separate one-dimensional 
histograms, losing cross-variable dependencies. Second, the transition 
sequence matrix 𝐔 preserves the temporal ordering of operational 
states, whereas duration aggregation retains only cumulative exposure 
times.

Given raw measurements (𝑉 (𝑡), 𝐼(𝑡), 𝑇 (𝑡)) over a cycle, the encoding 
proceeds as follows:

1. Assign each time point to a joint operational bin 𝑠(𝑡) ∈ {1,… , 𝐾}.
2. Identify transition events where 𝑠(𝑡) changes.
3. Construct the transition matrix 𝐔 ∈ R𝑀×𝐾 , where row 𝑚 records 
the duration spent in the active bin before the 𝑚th transition.

This encoding compresses raw time-series data by a factor proportional 
to 𝑇 ∕𝑀 while preserving both operational coupling and temporal 
dynamics.

4. Model and learning

Having encoded operational data into compact transition-aware 
representations, we now describe the neural network framework that 
maps these representations to capacity forecasts. We model battery 
capacity evolution using an encoder–decoder framework as shown in 
Fig.  3. This framework builds upon the feature extraction described in 
Section 3. The model consists of three main components: a feature en-
coder that compresses the transition matrix representations, an encoder 
that processes historical data, and a decoder that forecasts capacity.

4.1. Feature encoding and sequence processing

Our encoder–decoder framework processes battery operational data 
through two stages: (i) compressing high-dimensional transition ma-
trices into compact features using a convolutional network, and (ii) 
processing these features through a recurrent sequence model that 
generates capacity predictions. The transition matrix 𝑈𝑛 ∈ R𝑀𝑛×𝐾 at 
cycle 𝑛 is first compressed using a feature encoder: 
𝑧𝑛 = 𝜙(𝑈𝑛, 𝜃𝜙), (6)

where 𝜙 is the feature encoder function with parameters 𝜃𝜙, and 𝑧𝑛 ∈
R𝑑 is the compressed feature representation with 𝑑 ≪ 𝑀𝑛 × 𝐾. Note 
that 𝑀𝑛 varies across cycles because different operational patterns 
during each cycle result in different numbers of transitions between 
operational bins. For instance, a cycle with frequent switching between 
charging and discharging will have more transitions (𝑀𝑛 large) than 
a cycle with steady operation (𝑀𝑛 small).  The feature encoder 𝜙 ad-
dresses a key challenge: transition matrices 𝑈𝑛 vary in size across cycles 
(different 𝑀𝑛) and contain high-dimensional sparse representations. 
The convolutional architecture compresses these variable-length matri-
ces into fixed-dimension feature vectors 𝑧𝑛 ∈ R𝑑 , enabling subsequent 
sequence processing regardless of the number of transitions in each 
cycle.

For the historical period (𝑛 = 1,… , 𝑛𝑒 − 1), we work with the 
sequence {(𝑧𝑛, 𝛥𝑄𝑛)}

𝑛𝑒−1
𝑛=1 , where 𝑧𝑛 are the compressed operational 

features from (6) and 𝛥𝑄𝑛 = 𝑄𝑛−𝑄𝑛−1 is the observed capacity change.
To capture history-dependent effects that are not fully specified by 

instantaneous (𝑉 , 𝐼, 𝑇 ), we maintain a learned latent state 𝑥𝑛 that is 
intended to summarize slowly evolving internal variables (e.g., loss of 

Energy and AI 24 (2026) 100694 

5 



T. Desai and R.M.G. Ferrari

Fig. 3. Encoder–decoder architecture for battery capacity forecasting. The feature encoder 𝜙 compresses transition matrices 𝑈𝑛 into low-dimensional features 𝑧𝑛. 
The encoder processes these features with capacity changes 𝛥𝑄𝑛 through the function 𝑔 to generate latent states. The decoder uses the final latent state 𝑥𝑛𝑒  and 
future features 𝑧𝑛 to recursively predict capacity changes 𝛥𝑄𝑛.

active lithium, impedance growth). We update this state with a history-
update function 𝑔, which we refer to as the encoder because it encodes 
labeled history (features and measured degradation) into the compact 
state used for forecasting. During the historical window, 𝑔 takes the 
previous state 𝑥𝑛, the features 𝑧𝑛, and the measured 𝛥𝑄𝑛 and returns 
the next state. Using 𝛥𝑄𝑛 in the update ties the latent state to the 
measured degradation, improving identifiability across cells operating 
under similar usage conditions [38,39].

Formally, the encoder updates the latent state as: 
𝑥𝑛+1 = 𝑔(𝑥𝑛, 𝑧𝑛, 𝛥𝑄𝑛, 𝜃𝑔), 𝑛 = 1,… , 𝑛𝑒 − 1, (7)

where 𝑥1 is initialized randomly.
For the forecasting period (𝑛 = 𝑛𝑒,… , 𝑁), the model predicts future 

capacity changes using only operational features, as true capacity mea-
surements are unavailable. The decoder functions 𝑓 and ℎ update the 
latent state and generate capacity predictions: 
𝑥𝑛+1 = 𝑓 (𝑥𝑛, 𝑧𝑛, 𝜃𝑓 ),

𝛥𝑄𝑛 = ℎ(𝑥𝑛, 𝑧𝑛, 𝜃ℎ), 𝑛 = 𝑛𝑒,… , 𝑁.
(8)

where 𝛥𝑄𝑛 denotes the predicted capacity change at cycle 𝑛.
The complete prediction pipeline can be summarized mathemati-

cally as: 

(𝑉 (𝑡), 𝐼(𝑡), 𝑇 (𝑡))
Encoding
←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ 𝐔𝑛

𝜙
←←←←←←←→ 𝑧𝑛

𝑔∕𝑓
←←←←←←←←←←←←←←←←→ 𝑥𝑛

ℎ
←←←←←←→ 𝛥𝑄𝑛 (9)

where each arrow represents a transformation: raw measurements are 
encoded into the transition matrix 𝐔𝑛, compressed by the feature en-
coder 𝜙 into features 𝑧𝑛, processed by the encoder 𝑔 (historical period) 
or decoder 𝑓 (forecasting period) to update the latent state 𝑥𝑛, and 
finally mapped by ℎ to the predicted capacity change 𝛥𝑄𝑛.

The following section describes the type of neural networks used to 
implement the functions 𝜙, 𝑔, 𝑓 , and ℎ.

4.2. Neural network architecture

4.2.1. Feature extraction network
The feature encoder 𝜙 ( Eq.  (6)) is implemented as a deep convolu-

tional neural network as shown in Fig.  4. Each transition matrix 𝑈𝑛 is 
processed through sequential blocks containing:

• 1D Convolution: Applies learnable kernels to extract local tempo-
ral patterns from the input sequences [40].

• ReLU Activation: Introduces non-linearity via the rectified linear 
unit function max(0, 𝑥) [41].

• Dropout: Randomly deactivates neurons with probability 𝑝 during 
training to prevent overfitting [42].

The 1D convolutional layers process the temporal structure of 
battery operational transitions through sliding kernels. As shown in 
Fig.  4, the stacked convolutional blocks form a hierarchical structure 

Fig. 4. Feature encoder (𝜙) architecture. The network processes transition 
matrix 𝑈𝑛 through sequential Convolution-ReLU-Dropout blocks to extract 
compressed feature representations 𝑧𝑛.

where deeper layers capture increasingly abstract features [43]. This 
architecture progressively reduces the dimensionality from the high-
dimensional input 𝑈𝑛 ∈ R𝑀𝑛×𝐾 to the compact representation 𝑧𝑛 ∈ R𝑑

where 𝑑 ≪ 𝑀𝑛×𝐾, with the network learning which features to extract 
through end-to-end training [44].

4.2.2. Sequence processing networks
Functions 𝑔, 𝑓 , and ℎ are implemented using a Long Short-Term 

Memory (LSTM) network. LSTMs use gating mechanisms, specifically 
input, forget, and output gates, to selectively retain or discard informa-
tion [45]. This gating architecture enables the modeling of long-range 
temporal dependencies, which is particularly important for battery 
degradation processes that span hundreds of cycles [46].

The encoder function 𝑔 (Eq.  (7)) is realized as an LSTM that pro-
cesses the historical data. At each timestep 𝑛 ∈ {1,… , 𝑛𝑒 − 1} it takes 
the current state 𝑥𝑛, compressed features 𝑧𝑛  from Eq.  (6), and observed 
capacity change 𝛥𝑄𝑛 as inputs to produce the next state 𝑥𝑛+1.

The decoder function 𝑓 (Eq.  (8)) is implemented as an LSTM that 
updates states based solely on features 𝑧𝑛, since actual capacity mea-
surements are unavailable during prediction. The function ℎ  in  Eq. 
(8) is a fully connected layer that combines the current state 𝑥𝑛 and 
features 𝑧𝑛 to output the predicted capacity change 𝛥𝑄𝑛.

4.3. Learning

The complete parameter vector 𝜃 = [𝜃⊤𝜙 , 𝜃
⊤
𝑔 , 𝜃

⊤
𝑓 , 𝜃

⊤
ℎ ]

⊤ is optimized by 
minimizing the mean absolute error (MAE) between predicted capacity 
changes 𝛥𝑄𝑛 (Eq.  (8)) and observed values 𝛥𝑄𝑛 for 𝑛 ∈ {𝑛𝑒,… , 𝑁} , 
chosen for its robustness to outliers in capacity measurements: 

(𝜃) = 1
𝑁 − 𝑛𝑒 + 1

𝑁
∑

𝑛=𝑛𝑒

|

|

|

𝛥𝑄𝑛 − 𝛥𝑄𝑛
|

|

|

. (10)

The model is trained end-to-end using backpropagation through 
time (BPTT) [47], which computes gradients across the entire encoder–
decoder sequence. Parameters are updated using the Adam optimizer
[48]. Early stopping based on validation loss is applied to prevent 
overfitting [49].
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Table 1
Discretization scheme for voltage, current, and temperature. In-
tervals use standard notation where [𝑎, 𝑏) denotes 𝑎 ≤ 𝑥 < 𝑏.
 Quantity Bin label Range  
 
Voltage

𝑉12 [1.9, 3.0]V  
 𝑉23 (3.0, 3.6]V  
 𝑉34 (3.6, 4.0]V  
 
Current

𝐼12 [−4.0, −0.01]A 
 𝐼23 (−0.01, 0.01]A  
 𝐼34 (0.01, 2]A  
 𝐼45 (2, 8]A  
 Temperature 𝑇12 [20, 40] ◦C  

5. Experimental setup and results

This section describes the experimental setup, performance evalua-
tion, and comparative analysis of the three feature-encoding strategies 
for battery capacity forecasting.  The comparison quantifies the ben-
efits of preserving cross-variable coupling and temporal dynamics in 
operational condition encoding.

5.1. Experimental setup

The following outlines the discretization scheme, data preparation 
procedures, and evaluation framework used across all experiments.

5.1.1. Bin configuration
The discretization scheme for voltage, current, and temperature is 

presented in Table  1. These bin boundaries were determined through 
analysis of the empirical distributions in the dataset combined with 
hyperparameter tuning to balance feature resolution against computa-
tional complexity.

The voltage range is divided into three bins spanning the typical 
operational voltage range of LFP cells. The current discretization uses 
four bins to distinguish between different charge/discharge rates, with 
finer resolution near zero to capture rest periods and calendar aging 
effects. Temperature uses a single bin (𝐾𝑇 = 1) spanning the observed 
range [20, 40]◦C. Alternative configurations with 𝐾𝑇 ∈ {2, 3} were 
evaluated but yielded no improvement. Since the temperature data 
indicates a narrow distribution, increasing 𝐾𝑇  expands the total bin 
count 𝐾 = 𝐾𝑉 𝐾𝐼𝐾𝑇  from 12 to 24 or 36 without improving forecast 
performance for this dataset. Consequently, we maintain 𝐾𝑇 = 1, 
though datasets with broader or multimodal temperature distributions 
may benefit from higher values.

The selected configuration (𝐾𝑉 = 3, 𝐾𝐼 = 4, 𝐾𝑇 = 1) generates 
𝐾 = 12 operational bins.  This configuration balances sufficient reso-
lution to distinguish degradation-relevant operational regimes against 
the need for compact representations. This discretization granularity 
directly influences transition matrix complexity: finer partitioning in-
creases the number of possible state transitions, leading to larger 𝑀𝑛
values and correspondingly higher-dimensional feature representations. 
This design choice reflects the fundamental trade-off between cap-
turing detailed operational dynamics and maintaining computational 
efficiency.

5.1.2. Window generation and padding
For each cell with total cycle count 𝑁 , we create encoder–decoder 

pairs at three historical context ratios 𝑟 ∈ {0.30, 0.50, 0.80}, where 𝑟
represents the fraction of the cell’s lifetime used as historical context 
for the encoder. The encoding boundary is set at
𝑛𝑒 = ⌊𝑟𝑁⌋,

with the forecast horizon spanning the remaining 𝑛𝑑 = 𝑁 − 𝑛𝑒 cy-
cles. This creates three forecasting scenarios per cell: long-horizon 

(30:70), medium-horizon (50:50), and short-horizon (80:20) context-
to-prediction ratios.

Since cells show varying numbers of transitions 𝑀𝑛 at each cycle, 
transition matrices must be standardized to a uniform size for batch 
processing in neural networks [44]. Padding refers to the addition of 
placeholder values to create consistent matrix sizes across all samples 
in a training batch. We pad all matrices to 𝑀𝑚𝑎𝑥 rows (where 𝑀𝑚𝑎𝑥
is the maximum number of transitions observed across the dataset) by 
appending zero-valued rows, for consistent matrix dimensions.

Similarly, encoder and decoder sequences vary in length across 
cells due to different values of 𝑛𝑒 and 𝑛𝑑 . To enable batch process-
ing, sequences are padded with zero tokens to uniform lengths. Fol-
lowing established practices for sequence-to-sequence architectures, 
which map input sequences to output sequences of potentially different 
lengths [50], we apply left-padding to encoder sequences (adding 
zeros at the beginning) to preserve the most recent operational history 
near the encoding boundary. Decoder sequences receive right-padding 
(adding zeros at the end) to maintain the chronological order of predic-
tions. The padding elements, referred to as zero tokens, are placeholder 
values that do not represent actual operational data. During training, 
these padding tokens are masked – excluded from gradient computation 
– to prevent them from influencing the model’s parameter updates [51].

5.1.3. Data split
After generating the encoder–decoder pairs described above, the 

cells are randomly divided cell-wise into 40% for testing and 60% 
for training/validation. The training/validation portion is further ran-
domly split into 70% for training and 30% for validation. This cell-wise 
partitioning ensures that all windows originating from a given cell stay 
in the same subset, preventing information leakage across splits.

5.1.4. Evaluation criteria
The model’s performance is assessed using the following perfor-

mance metrics: root mean squared error (RMSE) and mean absolute 
percentage error (MAPE):

𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2, (11)

𝑀𝐴𝑃𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

, (12)

where 𝑁 represents the number of samples, 𝑦𝑖 denotes the true 
value, and 𝑦̂𝑖 the predicted value. For capacity change predictions (𝛥𝑄), 
MAPE uses the absolute capacity 𝑄𝑖 as the denominator rather than 𝛥𝑄𝑖
to avoid numerical instability when capacity changes approach zero: 

MAPE𝛥𝑄 = 100
𝑁

𝑁
∑

𝑖=1

|

|

|

|

|

𝛥𝑄𝑖 − 𝛥𝑄𝑖
𝑄𝑖

|

|

|

|

|

. (13)

5.2. Results

The following sections evaluate the proposed transition-aware en-
coding against duration aggregation and independent binning
approaches in terms of forecasting accuracy, error distributions, and 
data storage requirements.

5.2.1. Capacity-forecasting
The encoder–decoder models were evaluated on their ability to 

predict battery capacity evolution across different forecasting horizons. 
Predictions were generated at 10-cycle intervals rather than every 
cycle to mitigate error propagation in long-term forecasts. Single-cycle 
capacity changes (𝛥𝑄) are typically small and susceptible to measure-
ment noise. The cumulative summation of individual prediction errors 
can lead to significant degradation in forecast accuracy over extended 
horizons. Additionally, predicting at every cycle increases computa-
tional overhead by extending encoder–decoder sequence lengths. This 
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(a) Transition-aware encoding: Forecasts of capacity difference (𝛥𝑄, top) and total capacity (𝑄, bottom), with forecasting horizons 
increasing from left to right.

(b) Duration aggregation: Forecasts of capacity difference (𝛥𝑄, top) and total capacity (𝑄, bottom), with forecasting horizons 
increasing from left to right.

(c) Independent measurement binning: Forecasts of capacity difference (𝛥𝑄, top) and total capacity (𝑄, bottom), with forecasting 
horizons increasing from left to right.

Fig. 5. Comparison of capacity forecasts across three feature encoding strategies: (a) transition-aware encoding, (b) duration aggregation, and (c) independent 
measurement binning. Each shows capacity difference (𝛥𝑄, top) and total capacity (𝑄, bottom) predictions with increasing forecast horizons from left to right.

10-cycle interval represents a tunable hyperparameter that can be op-
timized based on dataset characteristics and forecasting requirements. 
Under this approach, capacity at cycle 𝑛 is computed as: 

𝑄𝑛 = 𝑄𝑛𝑒 +
𝑛
∑

𝑖=𝑛𝑒+10
𝛥𝑄𝑖, 𝑛 ∈ {𝑛𝑒 + 10, 𝑛𝑒 + 20,… , 𝑁} (14)

where 𝑄𝑛𝑒  represents the known capacity at the encoding boundary and 
𝛥𝑄𝑖 denotes the predicted capacity change at cycle 𝑖.

Fig.  5 compares predicted and measured capacity trajectories for a 
representative test cell at three forecast windows that span 20%, 50%, 

and 70% of the cell lifetime. All models output the incremental capacity 
change 𝛥𝑄 and reconstruct the absolute capacity 𝑄 via (14). The cell 
shows a clear knee at roughly 600 cycles, a transition point where 
capacity degradation shifts from gradual to rapid decline, followed by 
a strongly non-linear tail in which 𝛥𝑄 accelerates [52].

Transition-aware encoding as shown in Fig.  5(a) tracks both the 
gradual pre-knee fade and the accelerated 𝛥𝑄 tail with high accuracy 
across all three windows. By contrast, duration aggregation (Fig.  5(b)) 
and independent binning(Fig.  5(c)) begin to diverge once 𝛥𝑄 departs 

Energy and AI 24 (2026) 100694 

8 



T. Desai and R.M.G. Ferrari

Table 2
Comparison of capacity forecasting performance across three feature encoding strategies on the test set: transition-aware encoding, duration aggregation, and 
independent binning on the test set. Overall, worst-case and best-case metrics are reported for both absolute capacity (𝑄) and capacity change (𝛥𝑄).
 Feature Encoding Overall Worst Best

 [b]MAPE (%) RMSE [b]MAPE (%) RMSE [b]MAPE (%) RMSE

 Q 𝛥Q Q 𝛥Q Q 𝛥Q Q 𝛥Q Q 𝛥Q Q 𝛥Q  
 Transition-aware encoding 1.68 0.16 0.0250 0.0023 7.24 0.44 0.0850 0.0050 0.25 0.04 0.0031 0.0005 
 Duration aggregation 2.32 0.20 0.0386 0.0066 12.24 0.94 0.1278 0.0299 0.21 0.04 0.0025 0.0005 
 Independent binning 2.48 0.21 0.0471 0.0067 15.96 1.07 0.1925 0.0274 0.22 0.04 0.0027 0.0005 

 
(a) Independent binning

  
(b) Duration aggregation

  
(c) Transition-aware encoding

 

Fig. 6. Probability distributions of the RMSE in forecasting the capacity change (𝛥𝑄) for the training, validation, and test sets, comparing the three feature-
encoding strategies: independent binning, duration aggregation, and the proposed transition-aware encoding.

from its initial linear trend, ultimately underestimating the remaining 
capacity at end-of-life.

The performance difference between encoding strategies can be 
attributed to their information retention characteristics. Transition-
aware encoding preserves the sequence of operational states, enabling 
the model to identify degradation patterns associated with specific 
transition sequences (e.g., rapid charging following low-temperature 
operation). Duration aggregation retains joint bin occupancy but can-
not distinguish between different orderings of the same operational 
conditions. Independent binning further loses the coupling between 
variables, preventing identification of degradation mechanisms that 
depend on simultaneous voltage-current-temperature conditions.

Table  2 presents quantitative performance metrics across the test 
set. The transition-aware encoding achieves the lowest overall errors 
with MAPE values of 1.68% for absolute capacity and 0.16% for ca-
pacity changes. Notably, the worst-case performance shows even larger 
differences between methods: transition-aware encoding limits worst-
case MAPE to 7.24% for 𝑄, while independent binning reaches 15.96%. 
These results confirm that encoding temporal dynamics and cross-signal 
dependencies improves forecast accuracy.

Fig.  6 further illustrates the RMSE error distributions in forecasting 
𝛥𝑄 across all cells in the training, validation, and test sets. The Fig.  6(c) 
shows that the transition-aware encoding has a highly concentrated er-
ror distribution with most predictions achieving RMSE below 0.005 Ah. 
In contrast, duration aggregation (Fig.  6(b)) and independent binning 
(Fig.  6(a)) show wider distributions with tails extending beyond 0.020 
Ah, indicating less reliable predictions across the cell population.

5.2.2. Data compression and storage efficiency
The transition-aware encoding represents each cell’s operational 

history as a sequence of 𝑀 transitions, stored as pairs (𝑘𝑚, 𝑡𝑚) where 𝑘𝑚
is the bin index and 𝑡𝑚 is the time spent in that bin. This corresponds 
to the transition matrix 𝐔 ∈ R𝑀×𝐾 described in Section 3.3, which can 
be stored compactly as 2𝑀 values.

Table 3
Data storage comparison for a random cell with 1008 cycles.
 Representation Values stored Size (float32) 
 Raw time series (V, I, T) 2,217,672 8.7 MB  
 Transition-aware encoding 126,414 494 KB  
 Duration aggregation (joint) 1212 4.7 KB  
 Independent binning 808 3.2 KB  

Table  3 compares storage requirements across all four data repre-
sentations for a representative cell from the dataset. Raw time-series 
storage requires three floating-point values (voltage, current, tempera-
ture) at each timestep, resulting in 3𝑇  total values. The transition-aware 
encoding achieves 94.3% compression relative to raw data while pre-
serving the sequence of operational transitions. Duration aggregation 
and independent binning group data into 10-cycle windows, storing 
one histogram per window. Duration aggregation stores the cumula-
tive time in each joint bin per window (101 windows ×12 bins = 
1212 values), achieving 99.95% compression but discarding all tem-
poral ordering. Independent binning stores separate histograms for 
each measurement per window (101 windows ×eight marginal bins 
= 808 values), achieving 99.96% compression but losing the coupling 
between voltage, current, and temperature.

For the example cell with 𝑇 = 739, 224 samples collected over 1008 
cycles, 𝑀 = 63,207 transitions occurred between operational bins, 
producing a ratio 𝑀∕𝑇 = 0.085. This demonstrates that operational 
patterns involve relatively few transitions compared to the total num-
ber of measurements, making transition-aware encoding particularly 
effective for long-term battery monitoring applications where both data 
compression and preservation of temporal dynamics are essential.

6. Conclusion

This work addresses two fundamental limitations of existing op-
erational condition analysis for battery capacity forecasting: the loss 
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of cross-variable coupling when voltage, current, and temperature are 
binned independently, and the loss of temporal dynamics when only 
cumulative exposure durations are retained. The proposed transition-
aware encoding method resolves both limitations by discretizing the 
joint voltage-current-temperature space into operational bins and track-
ing the sequence of transitions between bins alongside the duration 
spent in each. This representation preserves the coupled effects of 
operational variables and the temporal ordering of condition changes, 
both of which influence degradation pathways.

An encoder–decoder neural network processes these compact rep-
resentations to generate  long-term capacity forecasts. On lithium–
iron–phosphate cells  showing nonlinear degradation patterns, the 
method achieves mean absolute percentage errors of 1.68% for capacity 
and 0.16% for cycle-to-cycle capacity variation while reducing stor-
age by 94.3% compared to raw time series.  Systematic comparison 
against duration aggregation and independent binning demonstrates 
that preserving transition dynamics and cross-variable dependencies 
reduces worst-case capacity prediction errors for a battery from 15.96% 
to 7.24%, a reduction exceeding 50%. Using only standard battery 
measurements, voltage, current, and temperature, the method pro-
vides a practical solution for cloud-based battery management systems 
where both storage efficiency and prediction accuracy are essential. 
Future work will extend the framework to different battery chemistries, 
incorporate prediction confidence intervals for risk-aware battery man-
agement decisions, and investigate adaptive bin configurations that 
adjust to varying operational patterns.
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