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Abstract

Accurately forecasting lithium-ion battery health in electric vehicles remains chal-
lenging due to the scarcity and variability of real-world data and the disconnect
between controlled laboratory tests and in-service operation. To address this, a
transfer-learning framework is proposed, that leverages diverse lab datasets and
small amounts of vehicle-specific data to produce personalized State of Health (SOH)
and Remaining Useful Life (RUL) forecasts. The proposed method employs a dual
LSTM architecture, where one branch ingests historical SOH trajectories, while a
parallel branch processes simple statistical descriptors (mean and standard deviation
of voltage, current, and temperature) per cycle. The outputs of the two LSTMs are
concatenated and passed through a lightweight MLP to yield cycle-wise forecasts.
Models were trained on three open-source lab datasets (MIT, XJTU, HKUST)
encompassing varied chemistries and cycling protocols, then evaluated both on a
held-out lab domain and on real-world EV data from nine vehicles spanning 18-30
months of operation. Results demonstrate that the dual LSTM consistently out-
performs simpler baselines, with fine-tuning on early-life data yielding substantial
accuracy gains. Our framework thus effectively provides a step towards bridging the
lab-to-road gap, enabling scalable, adaptive battery management.

Keywords: RUL, SOH, LSTM, Battery health, Battery Degradation, Transfer Learn-
ing, EV
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

BMS Battery management system
BOL Beginning of life

EOL End of life

EV Electric Vehicle

LSTM Long Short-Term Memory
MAPE Mean average percentage error
MOL Middle of life

RUL Remaining Useful Life

SOC State of Charge

SOH State of Health
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1

Introduction

The advent of widespread usage of electrical vehicles (EVs) has brought high expec-
tations on performance. One of the leading issues with EVs is the life expectancy
of the batteries powering them. The problem here lies within the complex aging
behavior of lithium-ion batteries and the unpredictability of their lifespan; as well
as their changing behavior depending on environmental factors such as temperature.
Battery degradation is significantly influenced by temperature extremes, cycling fre-
quency, depth of discharge, and charge/discharge rates, all of which exacerbate the
complexity and variability of battery aging [1, 2].

To ensure both safe and reliable usage of the batteries, accurate State of Health
(SOH) and Remaining Useful Life (RUL) estimations are needed. SOH is commonly
defined as the ratio of the battery’s present capacity to its rated nominal capacity
and serves as an indicator of degradation severity [1, 2]. RUL indicates how many
more cycles the battery is useful for, usually defined as the remaining cycles until
battery capacity degrades below 80% of its original rated capacity, marking the
practical end-of-life threshold [3]. This is important from both a user standpoint,
to be able to tell how much mileage is left in the car, and from a safety standpoint,
to know the actual health of the battery.

Current research is attacking this problem from many directions where the main
focus is either in understanding the complex aging mechanisms of batteries, or in
developing data-driven methods for accurate SOH estimations. Model-based meth-
ods, including electrochemical and equivalent circuit models, provide physical insight
but can be computationally intensive and require detailed parameterization, limit-
ing their generalizability to real-world applications [4]. Data-driven methods, by
contrast, have demonstrated increased flexibility and accuracy in capturing com-
plex, nonlinear aging behaviors using real-world operational data [5, 6]. Among
data-driven methods, neural network-based approaches such as Long Short-Term
Memory (LSTM) models have emerged as particularly powerful due to their abil-
ity to capture long-range temporal dependencies inherent to battery degradation
patterns [4, 5, 6].

A smaller part of this research is dedicated to the development of predictive RUL
models. This is due in large part to the difficulty of accurately predicting long-term
degradation patterns under variable conditions. As a result, robust and generalizable
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RUL prediction remains an open challenge in the field. There are also few studies
which focuses on battery data from real-world EVs rather than less relevant battery
data from laboratory settings. Due in large part to the scarcity of labeled data,
significantly restricting the availability of comprehensive training data.

To address these limitations, this thesis explores data-driven techniques for SOH
and RUL forecasting, with particular emphasis on leveraging transfer learning and
neural sequence models to bridge the gap between laboratory datasets and real-world
electric vehicle operation. Transfer learning has recently been introduced to battery
health estimation as a promising method to generalize laboratory-based models to
real-world battery applications, significantly reducing the volume of real-world data
required for accurate model training and adaptation [7, 8, 4]. Neural sequence
models, particularly LSTM networks, have demonstrated exceptional capabilities
for temporal modeling of battery degradation, making them a promising tool for
accurate battery health forecasting under realistic EV operating conditions [3, 8, 4].

1.1 Previous work

The following section provides an overview of the current landscape in battery health
modeling. The discussion is divided into three parts. First, common methods
for SOH estimation are outlined, including both model-based and data-driven ap-
proaches. This is followed by a review of predictive frameworks for SOH forecasting
and RUL estimation, which remain less developed but increasingly important. Fi-
nally, recent work on transfer learning is examined, with a particular focus on efforts
to adapt models trained on laboratory data to real-world electric vehicle operation.

1.1.1 SOH estimation of Li-ion batteries

Accurate estimation of a lithium-ion battery’s SOH is essential to ensure perfor-
mance reliability, safety, and efficient lifecycle management in electric vehicles (EVs).
SOH is commonly defined as the ratio of the battery’s present capacity to its rated
nominal capacity and is used as an indicator of degradation severity [1, 2|. Estimat-
ing SOH, however, remains a non-trivial challenge due to the complex, nonlinear,
and highly variable nature of battery aging under real-world operational conditions

[9].

Approaches to SOH estimation can broadly be categorized into three groups: model-
based, direct measurement-based, and data-driven methods. Model-based tech-
niques, including equivalent circuit models (ECMs) and physics-informed electro-
chemical models, attempt to describe internal battery behavior through theoretical
constructs. While these models can be informative and interpretable, they often
require detailed knowledge of the cell’s internal parameters and may struggle to
generalize across different chemistries, usage conditions, or battery pack configura-
tions [10, 11, 4].

Direct measurement approaches rely on metrics and methods such as internal resis-
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tance and Coulomb counting. While potentially accurate, these methods are often
intrusive or impractical to implement continuously within on-board systems, espe-
cially under dynamic load profiles or fleet-scale variability [4].

In contrast, data-driven SOH estimation methods have gained significant attention
due to their scalability, adaptability, and compatibility with real-time applications.
These methods use historical and real-time sensor data, such as current, voltage,
temperature, and state of charge (SOC), to learn relationships between observable
battery signals and degradation indicators. A wide range of algorithms has been
applied, from classical machine learning methods such as support vector regression
and random forests to modern deep learning techniques. These approaches eliminate
the need for intrusive measurements or in-depth electrochemical modeling, making
them attractive for large-scale deployment [6, 5].

Among deep learning methods, recurrent architectures, particularly Long Short-
Term Memory (LSTM) networks, have emerged as a leading choice for SOH es-
timation. LSTMs are well-suited for time-series modeling, as they are capable of
capturing both short-term fluctuations and long-range dependencies in sequential
data. This makes them especially effective in battery applications, where degra-
dation patterns often evolve gradually across many charging and discharging cy-
cles. LSTM-based models have shown high predictive accuracy, even under variable
cycling conditions, and have demonstrated robustness when trained with limited
datasets [4, 6, 5].

The ensemble model proposed by Che et al. exemplifies the effectiveness of LSTM
networks when integrated with other deep learning architectures. Their framework
combines DNN, CNN, and LSTM models to forecast SOH in series battery packs.
The LSTM component is specifically used to model the temporal degradation pat-
terns, and its inclusion significantly improves generalization under heterogeneous
load conditions [4, 10]. Their results show that LSTM-based predictors maintain
high accuracy even when trained on as little as 10-30% of the total data, highlighting
the model’s strength in low-data regimes.

Similarly, Xu et al. demonstrated improved SOH estimation using a CNN-LSTM
hybrid architecture, allowing the network to first extract local features through
convolutional layers before passing temporal patterns to the LSTM module [5]. Such
hybrid models have consistently outperformed traditional methods by leveraging
both spatial and temporal representations of battery behavior.

1.1.2 RUL prediction of Li-ion batteries

While SOH estimation has seen substantial progress in both theoretical development
and industrial deployment, the prediction of RUL of lithium-ion batteries remains
comparatively less explored. RUL refers to the estimated duration, often expressed
in charge-discharge cycles or operating hours, until a battery reaches its defined
end-of-life (EOL) threshold, typically when capacity falls below 80% of the rated
value. In contrast to SOH, which provides a snapshot of current battery health,
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RUL forecasts the trajectory of degradation and is therefore central to long-term
planning, maintenance scheduling, and second-life deployment strategies [3, 8, 12].

Like SOH estimation, RUL prediction techniques can be broadly categorized into
model-based and data-driven approaches. Model-based methods, such as particle
filters and state-space models, simulate internal degradation mechanisms through
mathematical representations of chemical and physical processes [4, 8]. However,
these methods often suffer from limited generalizability and sensitivity to parameter
tuning.

In similarity to the research on SOH models, LSTM architectures have been proven
efficient and reliable in RUL forecasting research. Recent studies propose LSTM-
based models for RUL prediction that demonstrate strong performance even with
relatively small training sets and uncertain test conditions [12]. The leading method
for RUL forecasting is an iterative approach, as seen in [13, 14, 3], where a sliding
window is applied to the degradation time series.

1.2 Transfer learning of RUL forecasts between
battery domains

Transfer learning frameworks within RUL forecasting is sought after because of its
potential to generalize between battery types and cycling behaviors. As with SOH
and RUL forecasting, LSTM remain the dominating model type here [8, 15], but
with varying methods for the frameworks. The difficulty of transfer learning is the
large change in forecasting domain between battery types, cycling behavior and
data gathering. Contemporary research is searching for transfer learning for both
different cycling behavior, [16, 17] and for different battery types [3]. Retraining
often takes place for a specific held out battery, where the model is then validated
on similar batteries; or retrained for the first cycles of a battery from a different
domain before forecasting.

1.3 Problem description and research aim

Battery health estimation in EVs presents a unique set of challenges, driven by the
complex and variable nature of battery degradation. This variability arises from a
combination of chemical, mechanical, and thermal processes that evolve over the
course of a battery’s life, influenced by diverse operating conditions, usage patterns,
and environmental factors [1, 2, 8]. Real-world data on battery degradation is often
sparse, noisy, and incomplete, complicating efforts to develop accurate, generalizable
models for State of Health (SOH) and Remaining Useful Life (RUL) prediction [7, 4].
The scarcity of available real-world-data further exacerbates this issue.

While laboratory data provides detailed, controlled measurements of battery per-
formance, these data sets are rarely representative of the wide-ranging conditions
encountered in actual EV fleets. This gap between controlled lab data and real-

4
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world operational data presents a significant challenge for battery health modeling,
as models trained solely on laboratory data often fail to generalize to practical ap-
plications without further adaptation [8, 6].

To address these challenges, this thesis aims to develop a flexible, data-driven frame-
work for battery health estimation that can effectively leverage both laboratory and
real-world data. The approach focuses on integrating personalized, vehicle-specific
features with global, fleet-wide trends to improve the scalability and generalization
of battery health models. Transfer learning is explored as a key method for bridging
this gap, allowing laboratory-trained models to adapt to the diverse and often noisy
conditions of real-world EV fleets without requiring extensive additional data [7, 8].
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Theory

The following section introduces the necessary theory to effectively discuss the given
problem and subsequent solutions. First battery degradation and its mechanisms
will be discussed, to give some understanding to the underlying process of the given
problem. Secondly, the neural network models which were utilized will be covered.

2.1 Battery degradation

Battery degradation in electric vehicles (EVs) is a critical concern as it directly
impacts vehicle performance, range, and overall reliability. Lithium-ion batteries,
which dominate EV applications due to their high energy density, are subject to two
primary degradation pathways: calendar aging and cycling aging. Calendar aging
refers to the loss of battery capacity and increased internal resistance occurring over
time, even without battery cycling, predominantly due to chemical reactions within
the battery cells. In contrast, cycling aging results from the continuous process
of charging and discharging, where the battery electrodes and electrolyte undergo
physical and chemical changes leading to decreased performance [1].

Several factors accelerate these degradation mechanisms, including temperature ex-
tremes, depth of discharge (DOD), charge and discharge rates, and mechanical
stresses within battery cells. High temperatures particularly accelerate aging by
intensifying chemical reactions, causing electrolyte decomposition, Solid Electrolyte
Interphase (SEI) growth, and cathode material instability. Similarly, low tempera-
tures hinder ionic conductivity and promote lithium plating, further contributing to
performance degradation and potential safety risks. The SEI layer, initially protec-
tive, becomes thicker and less conductive over time, impeding lithium-ion transport
and increasing internal resistance. Additionally, lithium plating, especially under
conditions of high charging currents and low temperatures, not only reduces battery
efficiency but also poses severe safety hazards due to dendrite formation, which can
cause internal short circuits. Battery degradation significantly manifests in reduced
State of Health (SOH), characterized by decreased capacity and power relative to
the battery’s original specifications [2].
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2.2 Long short-term memory models (LSTM)

Sequential data appears across numerous domains, ranging from natural language
processing and financial forecasting to control systems and time-series prediction.
In such contexts, learning dependencies over time is essential. Traditional Recur-
rent Neural Networks (RNNs) were designed to model such temporal dependencies
by maintaining a hidden state that evolves with each time step. However, RNNs
have proven inadequate for learning long-range dependencies due to the vanishing
and exploding gradient problems during training, which severely limits their perfor-
mance on extended sequences. The Long Short-Term Memory (LSTM) architecture
was introduced by Hochreiter and Schmidhuber in 1997 to directly address these
limitations [18].

LSTM models enhance traditional RNNs through the introduction of memory cells
and a gating mechanism that enables the network to learn when to store, update,
or discard information. The core idea is to maintain a cell state that runs through
the sequence with minimal linear interaction, allowing gradients to flow unimpeded
through long time steps. Each LSTM unit contains three gates: the input gate, the
forget gate, and the output gate. These gates are composed of sigmoid-activated
neural layers that control the flow of information into and out of the cell state. The
input gate determines which values will be updated, the forget gate decides what
information is discarded, and the output gate regulates the output passed to the
next time step. Figure 2.1 shows the general structure of the LSMT cell and its
information flows.

An LSTM cell maintains a cell state C; that acts as a long-term memory, which is
updated at each time step through the interactions of the three main gates. The
governing equations for the LSTM are written down below.

fi=0Wsxi+ Ushi_y + by) (2.1)
iv =0 (Wixy + Uihy—1 + b;) (2.2)
Cy = tanh (Weay + Uchy—1 + be) (2.3)
Co=f0Ca+i 00 (2.4)
or =0 (Wexy + Uphy—1 + b,) (2.5)
hy = o; @ tanh (C) (2.6)

The forget gate f; determines which portions of the previous cell state C}_; should
be retained, using a sigmoid activation function (eq. 2.1). Next, the input gate i,
controls which new information should be added to the cell state (eq.2.2). Then the
candidate cell state C, is generated as (eq. 2.3). The cell state is then updated by
combining the previous cell state, modulated by the forget gate, and the candidate
cell state, modulated by the input gate (eq. 2.4). Finally, the output gate o,
determines the contents of the hidden state h;, which is passed to the next LSTM
cell or output layer (eq. 2.5 - 2.6). Where W and U are the weight matrices, b are

8



2. Theory

the bias terms, and ® denotes element-wise multiplication. The sigmoid activation
function o ensures that the gate values are constrained between 0 and 1, while the
hyperbolic tangent function scales the candidate cell state to the range of -1 to 1,
promoting stable training dynamics [19].

®
()
() ()
o) (o) (o]
R é B 7 >
Figure 2.1: Internal structure of a standard LSTM cell. The cell state runs hori-

zontally through the memory cell, while the input, forget, and output gates regulate
the flow of information.

As stated, the inclusion of these gating mechanisms allows LSTMs to learn rela-
tionships over significantly longer time intervals than traditional RNNs. This makes
them well-suited for tasks where past information is crucial for current prediction.
For example, in natural language processing, LSTM networks have been used for
tasks such as machine translation, language modeling, and speech recognition, where
the context established by earlier words or sounds strongly influences the current
output [20]. Similarly, in finance and economics, LSTMs are leveraged to predict
stock prices, demand forecasting, and anomaly detection due to their robustness in
handling noisy and non-stationary sequences [21].

In contrast to feedforward neural networks, where input-output pairs are assumed
to be independent and identically distributed (i.i.d.), LSTM networks inherently as-
sume sequential dependence. This makes them a natural choice in modeling dynamic
systems where temporal evolution is central to the problem [22].
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Data and Methodology

3.1 Data

The data for this thesis is split into two main groups, lab data and EV data. The lab
data was gathered from several open-source data repositories, including the MIT[9],
XTJU[23] and HKUST|[24] datasets. These datasets consist of battery cycling data,
including time, voltage, current, temperature and capacity measurements. A sum-
mary of the lab-data sources is provided in Table 3.1. The approach taken to data
gathering was to find data sets which contain detailed SOH, cell temperature, volt-
age and current data. For the sake of transfer learning it was also deemed necessary
for the data to encompass different charging and discharging modes. The EV data
is provided by an undisclosed EV-manufacturer, spanning nine cars with varying
operating lifetimes and usage conditions.

3.1.1 Data Description

The MIT Battery Dataset, introduced by Severson et al. [9], contains data from 124
commercial lithium iron phosphate (LFP) 18650 cells cycled under controlled lab-
oratory conditions. The cells were tested in a temperature-controlled environment
at 30°C, with a standardized 4C discharge rate and varied fast-charging protocols
designed to produce a wide range of degradation trajectories. The dataset covers a
total of 72 distinct fast-charging protocols, each designed to stress the cells differ-
ently, resulting in a wide distribution of cycle lives ranging from approximately 150
to 2,300 cycles [9].

The XJTU Battery Dataset, curated by Wang et al. [23], consists of 55 commercial
nickel-cobalt-manganese (NCM) 18650 cells manufactured by LISHEN. These bat-
teries were subjected to a variety of charging and discharging strategies designed to
simulate diverse real-world usage conditions. This dataset is notable for its inclu-
sion of six different cycling protocols, providing a more heterogeneous training set
for machine learning models. Batteries were typically cycled until their capacity fell
below 80% of the initial value, producing a diverse set of degradation trajectories
[23].

Lastly, the HKUST data set, created by Tang et al. [24], consists of 215 lithium ion
battery cells which were cycled under similar conditions. Due to its homogeneity,

11
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this data set will be used as a test set within the context of this thesis.

Table 3.1: Summary of Lab Datasets

Dataset Battery Type | Cycling Modes | No. of Batteries
MIT [9] LFP /graphite 3 124
XJTU [23] NCM 6 55
HKUST [24] NCM 1 215

These datasets provide a diverse foundation for the training and evaluation of data-
driven battery health estimation models, with the MIT data emphasizing high-stress,
fast-charging conditions, and the XJTU data offering a broader range of cycling
behaviors typical of real-world applications. The combination of these data sources
is intended to support the development of robust, transferable machine learning
models capable of accurately predicting battery degradation across a wide range of
operating conditions. The SOH trajectories for the data sets are plotted in figure
3.1 below.

The real-world data was provided by an undisclosed car manufacturer. The data
spans nine cars with operating data spanning from 18 to 30 months with largely
middle of life (MOL) data. Since the EV batteries do not reach end of life (EOL),
the usage of this data will only be introduced as a final validation that the models
can adapt to real-world data.

Battery Capacity vs Cycle Count for All Batches

MIT Batch 1 MIT batch 2 MIT batch 3

1.0

0.8 :
>
= 0 500 1000 1500 2000 0 200 400 600 0 500 1000 1500 2000
g XJTU Batch 1 XJTU Batch 2 XJTU Batch 3
o)

1.0 X
(®] - <3
T \
Q 09 Ny | \ )
N N\
© 08
E 0 100 200 300 400 0 100 200 300 0 200 400 600
o XJTU Batch 4 XJTU Batch 5 XJTU Batch 6
4

Lo \

0.9 \ N o

0.8 A\ N s i

0 200 400 600 800 0 100 200 300 0 250 500 750 1000 1250
Cycle Count

Figure 3.1: Unfiltered capacity trajectories of MIT and XJTU data sets.
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3.1.2 Lab Data Processing

The lab data is initially stored in various formats, depending on the original reposi-
tory. To standardize the data for training, all datasets undergo the same preprocess-
ing pipeline, ensuring consistency in format and feature extraction across sources.
This pipeline is composed of several steps beginning with data cleaning where noisy
channels and incomplete cells are removed. For example, the MIT dataset includes
several cells that do not reach 80% capacity or contain significant measurement
noise, which are filtered out to improve model robustness. Then key features such
as voltage, current, temperature, and capacity are extracted from the raw time-
series data for each cycle. This is done by parsing the nested dictionary structure,
extracting features like V¢, ‘I', ‘T, and capacity for each individual cycle. The
processed data is then serialized into a standardized ‘pkl‘ format, which preserves
the hierarchical structure while reducing file size and loading time during training.
This conversion allows efficient access to cycle-level data without the overhead of
parsing raw text or matrix files.

3.2 Feature construction and engineering

This thesis has adopted a straightforward and interpretable approach to feature en-
gineering. Given the complex nature of battery aging and the wide variability of
operational conditions, feature extraction plays a critical role in effectively training
predictive models. A core objective was to leverage the strengths of the LSTM archi-
tecture, which is capable of learning temporal dependencies directly from sequential
data without the need for heavily processed input signals [18, 20, 8]. However, pre-
liminary experiments revealed that feeding completely unprocessed time-series data
resulted in computational inefficiency and model overfitting, largely due to the high
dimensionality and inherent noise in raw measurements.

Many previous studies have employed physically motivated features such as incre-
mental capacity (IC) curves, differential voltage (dQ/dV) analysis, or charge time
at fixed voltage thresholds [9, 11]. While these features can be highly informative
under controlled laboratory conditions, they are difficult to reproduce reliably in
real-world settings due to incomplete data, variable charging protocols, and lack of
full-cycle measurements. For the purpose of the thesis, it is necessary that the model
gets the same feature quality from both domains.

Consequently, the decision was made to simplify the input signals while retaining
sufficient information to capture key battery degradation patterns. Basic statistical
descriptors, namely the mean and standard deviation, were computed from the raw
voltage, current, and temperature measurements collected at each battery cycle.
These simple statistical summaries intended to preserve the essential dynamics of
battery operation while maintaining compatibility with the transfer learning and
generalization objectives of this study. A summary of these features is presented in
Table 3.2.

To investigate relationships among the constructed input features and their rele-

13
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Table 3.2: Summary of Selected Features

Feature Description
Voltage (mean) Average voltage during a cycle
Voltage (std) Standard deviation of voltage during a cycle
Current (mean) Average current during a cycle
Current (std) Standard deviation of current during a cycle
Max Cell Temp. (mean) Average temperature during a cycle
Max Cell Temp. (std) | Standard deviation of temperature during a cycle

vance to battery degradation, a correlation analysis was conducted on the labora-
tory dataset. The goal of this analysis was twofold: first, to identify redundancy
or complementarity among features, and second, to assess how individual features
relate to near-term SOH decline.

The analysis was carried out on a per-cycle basis using all available cells in the lab
dataset. For each battery, the SOH trajectory was smoothed using a Gaussian filter
with standard deviation 0 = 1 to reduce measurement noise and highlight under-
lying degradation trends. For each cycle, a fixed-length segment of 20 cycles was
considered, and the slope of the SOH trajectory across this window was computed
as:

SOH, 40 — SOH,
20

ASOH = (3.1)

This SOH slope was used as a proxy for short-term degradation rate. Simultaneously,
the corresponding operational features, mean and standard deviation of voltage,
current, and temperature, were extracted from each cycle to construct a dataset of
feature-response pairs.

To evaluate statistical dependencies between features and with the degradation
slope, Spearman’s rank correlation coefficient was used. Spearman correlation as-
sesses monotonic relationships between variables without assuming linearity, making
it suitable for operational battery data that may exhibit nonlinear trends. The final
correlation matrix was computed across all cells and cycles in the dataset, producing
a global view of feature co-dependence and relevance. Mathematically, Spearman’s
correlation coefficient p between two variables X and Y is defined as the Pearson
correlation between their ranked values:

63 d?

e (3.2)

p=1-

where d; is the difference between the ranks of X and Y for observation i, and n is
the number of observations.

14
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3.3 Model approaches and architectures

To evaluate the effectiveness of different neural network configurations for battery
health forecasting, several Long Short-Term Memory (LSTM)-based architectures
were designed and assessed, as illustrated in Figure 3.2. These models aim to capture
both temporal degradation patterns and the influence of operational conditions on
battery State of Health (SOH). The goal for these models are simply to predict the
SOH for the next cycle, where the RUL forecasting is developed through an iterating
sliding window approach, see section 3.5.

p . -
y \

B single LSTM network JREREL LSTM+ network BSEEE Dual LSTM network B
Main Extra l Main I [ Extra I
input input input input

Main Main Main Extra
LSTM LSTM LSTM LSTM
w

-

MLP MLP |4m

_.

Output

I-

Figure 3.2: Comparison of the different LSTM architectures which are examined.
In this thesis the main input consists of State of health data and the extra inputs
consists of the features discussed in 3.2.

The first architecture considered is a single-stream LSTM model. This model pro-
cesses a time series composed of SOH values and the variables described in section
3.2. The sequence is passed through a two-layer LSTM network with a hidden size
of 100 units per layer. The hidden state from the final time step is then fed into a
fully connected layer to produce a prediction for the next SOH value. This serves
as a baseline for the LSTM approach.

A second approach extends the first model by passing only the SOH data to the
LSTM and passing the extra features and the output of the LSTM to a MLP that
made the prediction. This model architecture was proposed in order to avoid un-
stable behavior observed in the first model.

Building on this, the primary model architecture proposed in this work employs a
dual LSTM configuration. In this setup, two parallel LSTM branches are used, one
dedicated to the SOH sequence, and the other to the extra features. Each stream
consists of two LSTM layers with a hidden size of 100. The hidden states from
the final time steps of both streams are concatenated and passed through a two-
layer multilayer perceptron (MLP), which generates the final SOH prediction. This

15



3. Data and Methodology

dual structure enables the model to learn complementary temporal representations
from both historical degradation data and the vehicle usage pattern. Similar model
architectures have been proved successful with similar methodologies, where both
LSTMs learn the dependencies of different feature sets and whose outputs are then
combined; and where single model architectures have been proven 'overwhelmed’
(25, 26, 27].

To improve generalization to EV conditions, a fine-tuned version of the dual-stream
model was employed using transfer learning. After pretraining the model on labo-
ratory datasets, the LSTM layers were frozen, and the MLP is fine-tuned using a
small subset of early-life cycles from each EV battery. This procedure allows the
model to retain general degradation knowledge while adapting to battery-specific
behaviors with limited data. This method follows the same approach as the paper
by Kim et al. [3].

3.4 Final Dual stream LSTM architecture

The proposed model employs a dual LSTM architecture to process the time-series
inputs and fuse their learned representations for downstream predictions. As illus-
trated in Figure 3.2, the network consists of two parallel LSTM branches, one for
the primary input sequence consisting of SOH and one for the features in table 3.2
followed by a small multi-layer perceptron (MLP) that produces the final prediction.

In the primary branch, the model receives an input tensor x € RB*T*P where B
denotes the batch size, T the sequence length, and D the feature dimensionality
which is one for the primary branch since it only consists of SOH. This tensor is
processed by an 2-layer LSTM, each layer possessing hidden size H = 100. The
hidden and cell states hg, co € REXB*H are initialized to zero. After propagating
through the LSTM, the final time-step embedding is extracted as

h™" = LSTM(x)[,-1,, € RP*7.

. 1. . ! /
Simultaneously, an auxiliary branch processes a secondary input tensor e € REXTxD",

where D’ = 6 corresponds to six additional features. This branch comprises an 2-
layer LSTM of hidden size H' = 100. Its initial states h)), ¢, € RY*B*H" are likewise
zero-initialized. The embedding at the last time step is given by

h*™ = LSTM,(e). 1, € RE*

The two embeddings are concatenated along their feature dimensions to form
hcat — [hmain, haux} c RBX(HJer)

This fused representation is then fed into a two-layer MLP. The first linear trans-
formation maps h® to an intermediate vector z; € R®*M  where M = 10, via

7, — W1 hcat + bl-
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A LeakyReLU activation with negative slope a = 0.01 is applied. The resulting acti-
vations are then projected to the 1-dimensional output space yielding a score vector
€ RBXC. The model was trained for 200 epochs with an initial learn rate of 0.001
that decreased with a factor of 0.9 every fourth epoch. A coarse hyperparameter
sweep was performed to select hyperparameters.

3.5 Evaluation

The following section describes the evaluation methods, with which the models per-
formances were derived. The main structure revolves around being able to draw
conclusions regarding transfer learning performance. First the models were evalu-
ated on a homogeneous test data set, to establish a baseline of performance. Then
the models were trained on different cycling behaviors, and consequently evaluated
on a previously unseen behavior. Lastly the finalized model was evaluated under
varying retraining conditions on the EV-data.

3.5.1 Evaluation on lab data

To emulate the conditions of adapting to personal driving behaviors, it was decided
to keep one of the batches from the lab data out of the training and use that batch
as validation data. This means that the model has not been trained at all to the
specific user behavior of the validation data. Batch 5 of the XJTU data set was
chosen as validation data. Batch 5 was chosen in part due to its varying trajectories
within the batch, but also due to it containing relatively few batteries, see figure 3.1.
Batches with similar variability contain considerably more batteries, which would
result in noticeably less training data if held out.

RUL forecasting was first performed on the baseline data set and then the validation
set, using all models described in figure 3.2. Forecasting was performed by feeding
data to the models from the previous 20 cycles. The predicted value was then
appended to the history window and the oldest entry was dropped, and the process
was repeated until the predicted SOH fell below 0.8 or one thousand forecast steps
had been generated. For the baseline data this was performed for 41 prediction
‘start cycles’ between 20-70, and for the validation there was 51 prediction ‘start
cycles” between 80-150. These start values were derived based on the length of the
total data, where too early and too late predictions were deemed redundant.

To account for cell-specific degradation trajectories, the pre-trained NN was fine-
tuned for twenty epochs with data from the first 80 cycles. This was done by freezing
the weights in the LSTM and only updating the weights in the MLP by minimizing
RMSE error between predicted and true SOH. The same forecasting procedure was
then applied to this fine-tuned model to produce a second prediction trajectory.
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3. Data and Methodology

3.5.2 Evaluation on EV data

For the evaluation on EV data, the pretrained dual LSTM was fine-tuned on the first
40 cycles using two different approaches. The first approach was to fine-tune the
model on all available cars, and the second were to fine-tune the model on a single
car at a time. The main idea with the first approach was for the NN to be able to
learn behavior between batteries and the idea with the second approach was to get
a more personalized learning for each car. The predictions for the base model and
the two fine-tuned models were then plotted together with the SOH for comparison.
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Results and Discussion

Throughout the thesis process, several different architectures, models, and evalu-
ation strategies have been developed and tested. This chapter presents a curated
selection of the most successful configurations, along with their performance on both
laboratory and real-world data. A key focus during model development has been
achieving high plasticity; that is, ensuring that the model is capable of generalizing
across a wide range of cycling behaviors and battery types. The models here are
evaluated on entirely new operational regimes not seen during training, except for
the baseline evaluation on the HKUST data set. This reflects the practical require-
ment for models to be able to adapt to diverse and previously unseen conditions
when deployed in the field.

The results show that the proposed dual LSTM architecture consistently outper-
forms simpler models when confronted with varied degradation profiles. Addition-
ally, the application of transfer learning using early-life data from target batteries
to fine-tune a pre-trained model, yields notable improvements in both lab and real-
world scenarios. These findings support the approach of building generalizable mod-
els that can be efficiently adapted to specific battery contexts with limited additional
data.

4.1 Feature analysis

To assess the relationships between input features and battery degradation, Spear-
man rank correlations were computed separately for the MIT and XTJU laboratory
datasets. Figure 4.1 presents the resulting correlation matrices, showing both inter-
feature dependencies and correlations with short-term SOH slope, see section 3.2.

While both datasets exhibited similar individual feature correlations with degrada-
tion, their internal feature dependencies differed. These observations highlight that
among battery data sets, differences in experimental design can lead to meaningful
variation in feature behavior. Despite this, the most degradation relevant features
remained consistent across both sets, supporting their inclusion in the modeling.
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Spearman Correlation, MIT: Features vs SOH Slope Spearman Correlation, XJTU: Features vs SOH Slope
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Figure 4.1: Spearman correlations between features for both lab-data sets.

4.2 Model performance on lab data

To get a baseline for the transfer learning evaluations, the model was first tested
on a trial data set, shown in figure 4.2a. These results show that all models can
learn RUL forecasting, with varying degree of uncertainty and error. The results
convey that under forgiving conditions, RUL forecasting becomes a more or less
trivial problem and all the tested models are moderately successful. Here the dual
LSTM outperforms the other simpler models.

With a baseline established the models were evaluated with transfer learning in
mind. The results from the three different architectures, described in 3.3, applied
on the lab data is shown in figure 4.2b. Here the y-axis represents the average error
in the form of a mean average percentage error (MAPE) between the predicted
RUL and the true RUL. The x-axis shows from which cycle the model started its
predictions. The shaded regions shows the standard deviation. The evaluation was
conducted in accordance with the method described in section 3.5.

The results shows that the dual LSTM model also outperforms the two other ar-
chitectures when presented with never before seen data and under similar training
conditions. Some of the performance boost comes from lower MAPE score over all,
but also considerably higher stability. One of the main challenges during forecast-
ing on the batteries were diverging behavior, as seen in the single LSTM model;
something which was overcome with the dual LSTM architecture.

When comparing the validation with the baseline test, there are some differences. All
models show some unstable behavior in the new domain, while they were relatively
stable in the baseline test. The measurement here is not purely the MAPE, but
equally the stability of the forecasts.

When the dual LSTM model was finalized it was retrained and evaluated on the
validation data once again. This comparison can be seen in figure 4.3a with the
difference in 4.3b. From the data we can see that the retrained model performed
50%-20% better on its forecasts, with the largest performance boost coming from
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Comparison of RMSE across LSTM Architectures Comparison of RMSE across LSTM Architectures
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Figure 4.2: RMSE scores for the models when evaluated on different data sets.
The plots to the left highlight the model performance when trained and validated
on batteries with identical operating conditions. The plots to the right highlight the
performance when transferred to a new domain.

the early lifetime forecasts. This validates the method of training a general model
on several different usage and degradation behaviors and then being able to retrain
to specific cases. There are still some unstable behavior which is not observed in
the baseline tests, but to a lesser degree than the non retrained model.

Although comparisons are hard to draw to other papers, due to different data sets
and validation methods, the paper by Kim et. al [3] is comparable. Their VarLSTM
model was trained and retrained in a similar manner, although using different data
sets. Their validation data is of comparable cycle length to the ones in this papers
validation set, thus allowing for comparison. When they retrained on new data, their
model got MAPE between 19.95-22.58% when presented with BOL data; while the
dual LSTM model in this thesis got between 10-20% MAPE with BOL data. When
confronted with MOL data, the VarLSTM got MAPE between 15.96-17.97%; and
the dual LSTM got MAPE between 6-9%. Here BOL refers to the initial 30% of
the cycle data and MOL refers to cycle data in the middle 40-60% of the total data.
This shows that the proposed dual LSTM model shows increased performance when
compared with contemporary models in the transfer learning regime.
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Figure 4.3: Comparison of RMSE values and improvements for different starting
cycles.

4.3 Transfer learning results on EV data

Figure 4.4 shows the dual-LSTM performance under different retraining conditions
on the EV-data, see section 3.5.2. Since the data lacks EOL detail the performance
here is more subjective, with no real evaluation metric. The retraining was done
such that the model has only seen data points up until the start of the forecast, thus
still ensuring validity to the results.

Battery Capacity Predictions vs Cycle Count
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Figure 4.4: Model evaluation of the different retraining modes on the EV-data for
the final dual-LSTM model.
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Conclusion

This thesis set out to address a central challenge in battery health forecasting for
EVs; namely the difficulty of training accurate and generalizable models when la-
beled real-world data is scarce and operational conditions are highly variable. To
this end, the study explored how models trained on different degradation domains
can adapt to previously unseen operating conditions using transfer learning.

A dual LSTM architecture was employed, capable of integrating both SOH trajec-
tories and auxiliary operational features such as temperature, current, and voltage
statistics. This model consistently outperformed simpler baselines, demonstrating
robustness across differing battery types and cycling behaviors in lab settings. One
of the key findings was the model’s ability to generalize to unseen operating regimes,
an ability often lacking in existing literature where models are typically evaluated
on narrow and homogeneous conditions.

Fine-tuning the pretrained models using a small amount of early-life data further
improved accuracy, particularly in early-cycle forecasts, demonstrating a reduction
in RMSE by up to 50%. This result highlights the value of lightweight personaliza-
tion and supports the concept of deploying a global model across an EV fleet, with
targeted updates to capture cell-specific behavior. Furthermore the proposed model
seemingly outperforms at least one contemporary model in similar testing domains.

The chosen feature design, based on simple, statistical descriptors available from
standard telemetry, proved sufficient to enable predictive performance. By avoiding
reliance on features like incremental capacity or dQ/dV curves, which are common in
academic studies but difficult to extract from field data, the model remains practical
for real-world deployment.

Evaluation on real-world EV data showed promising results, with both collective and
per-vehicle fine-tuning strategies yielding useful predictions, even in the absence of
clearly defined end-of-life markers. However, the lack of complete degradation trajec-
tories in the EV dataset limits how definitively model performance can be assessed.
Future work would benefit from access to richer real-world datasets, particularly
those including full cycle life data and ground-truth failure points.

Several directions remain open for future exploration. These includes exploring hy-
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5. Conclusion

brid architectures such as CNN-LSTM or attention-based models, and expanding
the transfer learning pipeline to support federated learning settings. Furthermore,
research into features which are extractable in both laboratory and real-world do-
mains, and which are more informative than the ones presented here, is needed to
further enhance model performance.

In summary, this thesis demonstrates that a combination of generalizable archi-
tectures, replicable features, and targeted transfer learning can enable practical,
scalable, and personalized SOH forecasting. This contributes a step toward reliable,
fleet-level battery management systems that operate effectively despite data scarcity
and operational variability.
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