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ABSTRACT

Lithium-ion batteries (LIBs) have gradually developed into a cornerstone of modern renewable energy
systems over the past few decades. However, research efforts into LIBs have been severely limited
by the lack of public LIB data, creating a developmental bottleneck in this field. In order to address
this prominent global issue, this study develops and compares two contrasting synthetic generators,
physics-aware (PADS) and distributional (DDS), to determine each method’s feasibility in real-world
LIB research. Using both methods, the study first synthetically expands an existing public LIB dataset.
Each synthetically generated dataset is then statistically compared to the original data through a custom
multilevel evaluation framework to assess which approach better preserves statistical fidelity. Ultimately,
this synthetic method comparison study aims to outline a superior model that can be utilized for data
expansion in real-world LIB research. When writing this paper, it was initially hypothesized that the
distributional synthetic data generation method would better preserve statistical fidelity than the physics-
aware synthetic data generation method. Indeed, after cycling through the research process for both
synthetic data generation methods, the results were generally consistent with the initial claims. However,
deeper analysis into the synthetic data quality revealed instability in the regression relationships and
substantial diagnostic limitations in both models, highlighting a significant limitation in their application.
This study concludes that while distributional data generators are more well-suited for statistical fidelity
and general LIB research, the utilization of each model relies heavily on its intended application.
Therefore, the results of this research can be used as a foundation for further comparative investigations
between synthetic data generation methods in the LIB research field.

Keywords: Lithium-Ion Batteries; Synthetic Data Generation; Data Augmentation; Regression
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INTRODUCTION

The global transition towards a world powered by
renewable energy currently faces a major limitation:
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intermittency. The biggest problem with natural energy
production is that its supply doesn’t always match real-
time demand, creating instability (1). As a result, the
transition to renewables depends heavily on reliable
energy storage systems that can balance supply and
demand. As of today, one of the dominant choices
for energy storage technologies has been lithium-ion
batteries (LIBs) due to their high energy density, long
cycle life, and efficiency. LIBs have already developed
into an integral part of everyday life; electric vehicles,
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smartphones, tablets, and even large-scale grid storage
facilities are all supported by them (2). This fact,
along with the optimal characteristics they possess,
positions LIBs as a cornerstone of modern sustainability
developments around the world. Therefore, improving
the performance and reliability of LIBs is imperative for
accelerating progression towards a world powered by
low-carbon energy systems. However, there remains a
massive roadblock for the LIB research community: due
to their expensive nature, the current available data on
LIBs is insufficient for meaningful scientific research,
making data availability a major bottleneck for scientific
progress (3).

The tradeoff between physical plausibility and
statistical fidelity is particularly important in LIB
research, since battery analysis requires both statistical
fidelity and physical plausibility. However, while both
of these metrics are essential for high-quality synthetic
data, statistical fidelity is a foundational requirement,
as any dataset that is unable to replicate basic structural
relationships and quantities cannot be meaningfully
applied to modeling or data analysis (4). Therefore, this
study will only focus on evaluating statistical fidelity as
a necessary attribute of the dataset, while acknowledging
that physical plausibility is another important component
of LIB data that will not be addressed in this paper.

This study aims to address this problem by
investigating the feasibility of two distinct synthetic
dataset generation methods that artificially expand an
existing LIB dataset while also maintaining statistical
fidelity. To complement this, a paper-specific process
has been created to analyze the effectiveness of each
synthetic data generation method and determine whether
or not the strategy is truly feasible for real-world research
purposes. The research system is structured to assess
synthetic data generation in battery science through a
model-specific framework. This study will ultimately
provide clarification on both the benefits and limitations
of different synthetic options, and then determine which
approach more effectively preserves statistical fidelity
when expanding an existing LIB dataset. Increased data
availability enhances the accuracy of battery modeling,
which would ultimately contribute to more reliable and
efficient energy storage systems worldwide (5).

LITERATURE REVIEW

Key Concepts and Evaluation Criteria
Several related terms are used throughout this
study and are defined here to maintain consistency.
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Statistical fidelity refers to how well a synthetic dataset
preserves important statistical properties of the original
dataset. In this study, statistical fidelity includes
similarities in univariate descriptive statistics, pairwise
correlation structures, and fitted multivariable regression
relationships. However, statistical fidelity does not mean
that synthetic observations are experimentally measured
or that they reproduce every physical characteristic of
lithium-ion batteries.

Physical plausibility refers to how well generated
observations follow known or predefined physical
constraints and represent credible combinations of
battery operating variables. In this study, PADS was
specifically designed to promote physical plausibility
by applying predefined constraints to variables such as
charge rate, discharge rate, temperature, and state-of-
charge conditions. However, physical plausibility itself
was not independently measured as an outcome within
TSDEF.

Feasibility refers to whether a synthetic data
generation method is suitable for its intended research
purpose. Since the evaluation used in this study
primarily focuses on statistical fidelity, conclusions about
feasibility are limited to synthetic dataset expansion
under the statistical criteria examined by TSDEF.
Therefore, the results do not establish whether either
method is feasible for broader experimental, predictive,
or safety-critical battery applications. These applications
would require further testing and validation.

Realism is used as a broader description of data that
demonstrates both appropriate statistical and physical
characteristics. Since statistical fidelity and physical
plausibility represent different dimensions of synthetic
data quality, realism is avoided when only one of these
dimensions is actually being evaluated. This distinction
is important because a dataset can closely reproduce
the statistical properties of the original data without
necessarily representing all aspects of real-world battery
behavior.

A synthetic data generation method refers to the
overall approach used to create synthetic observations.
Therefore, PADS and DDS are described throughout this
study as synthetic data generation methods. Moreover,
a generator refers more specifically to the implemented
computational procedure that produces synthetic records
according to one of these methods. For this reason, the
implementations of PADS and DDS may be described
as generators when discussing the actual process of
producing synthetic data.

A model refers to a mathematical or statistical
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representation of relationships between variables. Within
this study, the Gaussian copula fitted as part of DDS
and the ordinary least-squares regression specifications
used in Level 3 are considered models. PADS and DDS
themselves are not generally referred to as models when
discussing the overall approaches used for synthetic data
generation. Keeping this distinction helps separate the
generation methods from the mathematical and statistical
models used within them. Finally, an evaluation
framework refers to an organized procedure that
combines multiple evaluation levels and measurements to
assess synthetic data quality. TSDEF is therefore referred
to as the evaluation framework. Individual measurements
within TSDEF, including mean deviation, correlation
difference, Mean Absolute Correlation Error (MACE),
and Mean Absolute Coefficient Difference (MACD),
are instead referred to as evaluation metrics. Together,
these definitions provide a consistent terminology for
distinguishing how synthetic data are generated, how
they are evaluated, and what conclusions can reasonably
be drawn from the results.

Distributional Synthetic Data Generation

Within this study, two categories of synthetic
generators will be reviewed: distributional approaches
(statistical) and physics-aware approaches. To start,
distributional methods attempt to replicate quantitative
properties of existing datasets by modeling their
underlying structure. According to (6), techniques that
fit this category involve Gaussian-copula modeling and
generative adversarial networks (GANSs), which have
all been widely used for synthesis. Unlike GAN-based
generators, the DDS method evaluated in this study
belongs to the Gaussian-copula family of distributional
synthesis methods. Rather than learning data
distributions through a neural network, DDS models the
empirical statistical dependence structure of the original
dataset using a Gaussian copula before generating
synthetic samples. Similarly, (7) found that generative
models are very efficient at reproducing complex patterns
in data structures. However, while both studies reached
the same conclusion, their findings cover a wide range of
synthesis studies. LIB data is unique, as synthetic data
generation methods have to not only reproduce complex
data patterns but also maintain statistical fidelity.
Therefore, since their studies were not LIB-specific, it is
difficult to assert confidence in their findings.

Furthermore, other studies’ results have challenged
the findings of the previous research papers. For instance,
(8) argues that synthetic datasets can match surface-level
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distributions, but fail to preserve structural relationships,
especially when working with smaller datasets. Their
belief that distributional models may produce data
that looks realistic but doesn’t actually maintain
underlying data behaviors is mirrored by others, too.
Using previously mentioned GAN models, (8) found
that distributional generative models trained on small-
sample-size datasets often struggle to keep nonlinear
interactions, leading to distortion in generated data.
This limitation is significant in LIB battery research,
where relationships between variables must not only
mirror dataset patterns, but also follow physical laws.
Comparisons between past studies on distributional
synthetic data generation methods make it evident that
there are conflicting opinions on its viability to generate
meaningful data.

Physics-Aware Synthetic Data Generation

Moving on to the second model, physics-aware
methods place an emphasis on realistic data over data
structure. One widely studied example of this approach
is the physics-informed neural network (PINN). Unlike
the distinct physics-aware method evaluated in this
study, which is a rule-based synthetic data generator
that applies predefined physical constraints during
sampling, PINNs embed governing physical equations
into the training process of neural networks. Raissi
and others introduce an example of a method like this
called physics-informed neural networks (PINNs), which
integrate differential equations into machine learning
models to enforce physical laws (9). His study, although
surface-level synthetic data generation method analysis,
provided the framework for future studies on the topic.
Focusing specifically on battery research, Richardson
and others found that these PINN models can accurately
simulate battery degradation behavior and provide
realistic data even without experimental datasets (10).
These synthesized beliefs illustrate that a physics-aware
generator can artificially create large datasets that adhere
to the laws of physics.

Despite their advantages, however, they are not
without limitations. The studies are limited in scope in
relation to synthesis, as PINN models were accurate in
a controlled laboratory context, not a dataset expansion
setting. Additionally, (11) notes that these physically
constrained models aren’t always able to fully capture the
variability present in real-world data due to their reliance
on simplified assumptions. Others echo this sentiment;
while hybrid physics-machine learning models improve
interpretability, they still struggle to replicate complex
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systems. Therefore, the utilization of physics-aware
methods presents a tradeoff between physical plausibility
and statistical fidelity, as models that prioritize strict rules
may deviate from the original dataset’s distributions.

Evaluation of Synthetic Data Quality

Additionally, past explorations of data synthesis are
often limited in how synthetic data is evaluated. Studies
often utilized single-level distributional metrics such
as Kolmogorov-Smirnov tests to determine similarity
between real and synthetic datasets. However, others
argue that these evaluation methods aren’t enough to
accurately determine a method’s feasibility, as they only
analyze a single dimension of data quality. Plenty of
studies back this claim up, as well. For instance, a 2025
study by Santangelo et al. used a multilevel evaluation
system called “SynthRO” to assess synthetic health data,
which performed reasonably well (12). Unfortunately,
there are no established evaluation methods in the LIB
field, so a method must be developed.

Research Gap, Research Question, and Hypothesis

Existing literature emphasizes a research gap in
the viability of two distinct synthetic data generation
methods for LIB dataset expansion. Seeing few existing
studies directly comparing and analyzing distributional
synthesis and physics-aware synthesis, this current study
will attempt to bridge this gap by synthesizing synthetic
datasets and evaluating their accuracy through tests.
Ultimately, the study will answer the question: Which
synthetic data generation method—physics-aware or
distributional data—is more feasible for expanding LIB
datasets while preserving statistical fidelity?

The initial hypothesis for this study is that the
distributional synthesis method will be more statistically
aligned with the original dataset than the physics-
aware one, and therefore better suited to expanding LIB
datasets for statistical fidelity.

METHODS AND MATERIALS

To answer the research question, two synthetic data
generation strategies were developed and analyzed.
The first method, labeled Physics-Aware Data
Synthesis (PADS), utilized relative physics rules and
electrochemical properties to generate data that aligns
with physically plausible operating conditions. This
method created new data that is not only consistent with
the laws of physics but is also within engineering safety
limits. The second approach, called Distributional Data
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Synthesis (DDS), approached this problem in a different
manner by utilizing statistics rather than physics-
based constraints. By modeling the joint distribution of
categorical and numerical variables using techniques
such as Gaussian copulas, the generated samples reflect
empirical relationships found in the real data (13).

This study also included a process to analyze the
effectiveness of each synthetic data generation method in
order to determine whether or not the strategy is truly
feasible for real-world research applications. By utilizing
a custom-made three-stage comparative framework, this
paper analyzed each synthesized dataset from multiple
perspectives. First, Level 1 calculated base statistical
values by calculating the deviation of the mean, standard
deviation, minimum, and maximum values of each
numerical variable relative to the base dataset. Next, Level
2 evaluated correlation structures, comparing Pearson
correlation coefficients between all numerical variable
pairs and calculating pairwise differences to determine
whether multivariate relationships are consistent. Finally,
Level 3 evaluated multivariable regression structure by
fitting the same ordinary least-squares (OLS) regression
model separately to the original dataset (DF1), the PADS
dataset (DF2), and the DDS dataset (DF3). Discharge
rate (C) was used as the response variable, while nominal
capacity, temperature, maximum state of charge,
minimum state of charge, charge rate, cathode chemistry,
and form factor were included as predictors. Regression
coefficients and model diagnostics were then compared
to evaluate whether the synthetic datasets preserved the
regression relationships observed in the original data.
Together, these three evaluation levels form the Three-
Level Synthetic Data Evaluation Framework (TSDEF),
a consistent and accurate way to check how similar a
synthesized dataset is to the original.

For replicability purposes, Appendix A links to and
overviews the synthetic generation codes for both PADS
and DDS, while the evaluation code for TSDEF can
be found in Appendix B. In each respective appendix,
specific implementation instructions are detailed.

Data Description

This study extracted and modified a public dataset
from BatteryArchive.org (2026), a government-affiliated
database that contains laboratory-acquired testing data
for LIBs (14). The original dataset from BatteryArchive
is referred to as DF1 and serves as the control dataset
for this study. It comes from the “Cycling Data” page
and contains 137 lithium-ion battery cells compiled
from multiple published studies and institutional
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research projects, including sources like Sandia National
Laboratories, HNEI, CALCE, Oxford, and UL-PUR.
BatteryArchive was cited as the download source, while
the data sources were cited to follow the site usage
guidelines.

Two synthetic datasets were generated from DF1:
DF2, created using the PADS framework, and DF3,
generated using the DDS statistical synthesis framework.
For both of the synthesis methods, the datasets (DF2,
DF3) were expanded to 5,000 records from the initial 137
records in DF1.

This study began with the six base operating condition
variables: nominal capacity (Ah), operating temperature
(°C), maximum state of charge (Max SOC), minimum
state of charge (Min SOC), charge rate (C-rate), and
discharge rate (C-rate). These were the primary variables
that both synthetic data generation methods will attempt
to replicate. Then, through mathematical modeling
and analysis, further deviations to more complex
statistics were done for multiple levels of analysis. The
BatteryArchive website specifically added the variables
of nominal cell capacity, temperature, SOC bounds, and
C-rates, emphasizing their importance to the study of
LIBs. Definitions of each variable are listed in Table 1.

Table 1. Lithium-ion battery operating variables included in
the original and synthetic datasets.

Synthetic Data Generation for Lithium-lon Battery Research

Synthetic Data Generation Methods
Method 1: Physics-Aware Data Synthesis (PADS)

PADS generated synthetic datasets by sampling
operating data from DF1, the BatteryArchive control
dataset. This approach then synthetically expanded
DF1 to 5,000 records by enforcing real-world physical
constraints that stem from battery test practice and
known LIB qualities. The ultimate purpose of PADS
was to ensure that generated data stayed consistent
with real-life expectations of battery qualities, even if
inconsistencies began to pop up in the statistics.

Categorical variables (e.g., cathode type, form
factor) were randomly selected from the original
dataset categories (Table 2), while numerical values
(e.g., temperature, SOC limits) were randomly sampled
from realistic data value sets in DF1. For each of the
5,000 synthesized data points, a charge and discharge
rate was given based on cathode type (Table 3). These
values would later be adjusted using factors that account
for other numerical values. In addition, invalid SOC
combinations were removed by enforcing SOC,,, <
SOC,,4-

In battery engineering, data variable quantities
are not arbitrary: the average values for each variable

Table 2. Predefined categorical and numerical sampling values
used by the Physics-Aware Data Synthesis (PADS) generator.

No. Variable Description

No. Variable Description

1 Ah Nominal cell capacity, amount of
energy a battery can deliver under

specific conditions.

2 Temperature (°C) The operating temperature during
data testing, recorded in degrees
Celsius.

3 Max SOC The highest state-of-charge level
reached during cycling, displayed
as a percentage of the battery’s full

capacity.

4  Min SOC The lowest state-of-charge level
reached during cycling, displayed
as a percentage of the battery’s full

capacity.
5 Charge Rate (C)  The rate at which the battery is

charged, expressed in C-rate units.

6  Discharge Rate  The rate at which the battery is
© discharged, expressed in C-rate
units.

1 Cathode Type LFP, NMC, NCA, LCO, NMC-LCO

2 Form Factor 18650, pouch, prismatic

Nominal 0.74,1.1,1.35,2.8,3.0,3.2,3.4
Capacity (Ah)

4 Temperature (°C) 15, 23, 25, 35, 40
Max SOC (%) 100, 96.5, 80, 60

6 Min SOC (%) 0,2.5, 20,40

Table 3. Baseline charge and discharge rates assigned to each
cathode chemistry by the PADS generator.

No. Variable Charge Rate (C) Discharge Rate (C)
1 LFP 0.6 1.5
2 NMC 0.8 2.0
3 NCA 0.9 2.2
4 LCO 0.7 1.8
5 NMC-LCO 0.8 2.0
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fall within an expected range due to either real-life
constraints or laboratory safety regulations. Current rates
are no exception, as they are bounded by concepts like
polarization, heat, and laboratory failure mechanisms
that are more likely to occur under aggressive charging
or at unfavorable temperatures and state-of-charge (SOC)
ranges (15). For these reasons, PADS imposed strict
bounds on charge and discharge rates before conducting
any further rule adjustments. Specifically, the charge and
discharge rates were limited to the intervals

C.1e € [0.2,3.0] (Eq. 1)

C.s€[0.2,5.0] (Eq.2)
where C,,, represents the charge rate (C) between 0.2 and
3.0, and C,; represents the discharge rate (C) between
0.2 and 5.0. These ranges were labeled as “engineering-
feasible envelopes” by BatteryArchive, as the website
standardized all their testing data to fall within the same
range.

In addition, temperature was also a utilized variable
to further constrain the permissible current of the
synthesized data. Although the relationship between
temperature and rate is not monotonic across all lab
conditions (higher temperatures reduce resistance but
also accelerate degradation), an increase in temperature
typically reduces immediate rate limitations within
a controlled testing band (16). Furthermore, low
temperatures elevate plating risk during the charging
process (17). With these facts in consideration, PADS
models the maximum allowable charge rate as a linear
graph around a reference temperature. The formula is
modeled as

Coigma(T) = Cy-m(T), m(T) = (I + 0.012(T — 25))
m(T) is clipped to [0.8,1.3] (Eq. 3)

where C, is a baseline rate deemed consistent with
any cell operation simulations and the coefficient of
0.012 was chosen to limit LIB headroom temperature.
This equation was derived by analyzing established
relationships between temperature and charge rate and
incorporating desired qualities into the formula, such as
a linear slope.

The final bounds added for PADS are the SOC
constraints. Oftentimes, real-world LIB charging begins
to transition to a constant-voltage-limited area, a charge
rate range where current begins to decrease—as SOC
begins to approach the upper limit (An et al., 2019). To

August 2026  Vol. 4 No. 4 American Journal of Student Research www.ajosr.org

Synthetic Data Generation for Lithium-lon Battery Research

account for this factor in terms of the DF1 data trends,
the limit is expressed as

Cchg,eﬂ = Cchg : g(SOC) (Eq 4)
where
2(SOC) = (1.2 — 0.003(SOC,,.— SOC,,)  (Eq.5)

In this equation, g(SOC) is a monotonically decreas-
ing function as SOC approaches SOC,,,, and the effective
charge decreases. Theoretically, this constraint prevents
PADS from producing unjustifiable samples with both
high SOC rates and high charge rates (18).

Ultimately, PADS emphasizes plausibility above all
else, accepting that marginal deviations may drift from
DFT1’s frequencies. By prioritizing safe, reliable scenarios
rather than statistical replicas of the control dataset,
PADS explores the possibility that synthesized data can
be both statistically accurate and physically plausible.

Method 2: Distributional Data Synthesis (DDS)

DDS approached this problem in the completely
opposite way by prioritizing replicating the statistical
values pulled from DF1. With the goal of preserving
the joint structure of DF1 as closely as possible, DDS
synthetically expanded DF1’s dataset of 137 cell records
into 5,000 records. DDS was produced based on the
belief that although Battery Archive had a relatively
small archive of LIB testing data, it still contains
valuable information in how variables interact with
one another. This sentiment is echoed by the general
research community, as open synthetic data research has
repeatedly found that explicitly modeling multivariate
dependence often outperforms individual sampling
because it maintains relationships that downstream
models are reliant on (19).

5,000 DDS samples were generated computationally
by estimating the distribution in DF1 using the Gaussian
copula method. In order to simplify the study of multiple
base variables (Table 1), DDS combines all the numerical
variables in the dataset into a vector. Let X = (X,,..., X))
denote the vector of all these base variables (capacity,
temperature, SOC bounds, C-rates). Through the
utilization of a Gaussian copula, each marginal variable
is turned into a uniform variable (n = # of observations)
using an empirical rank transformation:

. = rankxi (Eq. 6)

t n+l1
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Next, they were put in a latent normal space through
the inverse Gaussian transformation:
Z; =\2erfinvQQU; — 1) (Eq. 7)
Afterward, an estimated correlation matrix captured
the dependence of that variable:

Zyn~ N(W,)"), u = mean vector, ) = variance matrix
(Eq. 8)

To put it simply, this process makes it easier to
analyze each individual variable by separating it from
its relationships with other variables. This approach was
done because it is a prevalent strategy that labels Gaussian
copulas as a strong foundation for data generation. After
taking samples from each generated value in the latent
space, they are reverted back to their original feature
scales through inverse transformation. This is imperative
because while the transformation to matrix form was
necessary for DDS, the actual DF3 dataset must be in the
same form as DF1 to sustain accurate comparisons (20).

Ultimately, DDS’s top priority was to replicate the
statistical values pulled from DFI. By emphasizing
the importance of data similarity and reliability, DDS
provides the potential to synthetically expand existing
datasets with extreme accuracy.

Three-Level Synthetic Data Evaluation Framework
(TSDEF)
Level 1: Basic Statistical Distribution Evaluation

At the base level, each quantitative variable was
analyzed using standard descriptive statistics and
compared with the original dataset (21). Assume each
variable is represented by variable X with n observations.
Let

1
ux ==Xz, X (Eq. 9)

(Eq. 10)

I
ox = |— XL, X — ux)?

where uy symbolizes the mean and oy provides the
sample standard deviation. In addition, the minimum and
maximum values for each numerical variable were also
recorded in order to prevent any of the synthesis methods
from producing impossible values. To simplify Level 1
for analysis, let S = the original variables. The variables
were then compared to the original dataset, and a final
deviation will be calculated through the expression
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AS =85, — Sorig (Eq. 11)

This first level of analysis provided statistics on
whether the individual synthetic variables seem realistic
from a surface-level perspective. However, this study
recognizes that univariate similarity alone can not
guarantee full relational accuracy between the synthetic
values, which is why further levels of evaluation are
required (21).

Level 2: Correlation Structure Preservation

This second evaluation level delves deeper into
statistics by analyzing multivariate dependencies among
the base variables. Level 2 makes use of the Pearson
correlation coefficient, a commonly applied method
of analysis for scientific research, to measure linear
dependence between two variables (21). For variables X
and Y, Pearson’s correlation coefficient is calculated as

_ Y (Xi—ux)(Yi—puy)
Pxy =
Jz?zl(xi—ux)f \/2&1 (¥Vi-ity)?

The Pearson coefficient ranges from -1 to 1, with -1
representing an inverse relationship and 1 representing
a linear relationship. This equation utilizes the mean of
each variable (pulled from Level 1) as well as the spread
(variability) of each variable.

To determine the Pearson coefficient’s deviation
between the synthetic and original dataset, the pairwise
correlation difference was used, defined as

(Eq. 12)

Apij=p;" = pi (Eq. 13)

The format mirrors that of Level 1’s deviation metric.
This study utilizes it because it is simple to use and is
widely regarded as one of the best matrix norms in data
research (22). To complement the pairwise correlation
differences, an overall correlation-matrix error was also
calculated using the Mean Absolute Correlation Error
(MACE). This metric summarizes the average absolute
deviation between the original and synthetic Pearson
correlation coefficients across all unique variable pairs:

MACE = %ij pSYn_ pori

3] ij

(Eq.14)

Where N is the total number of variable pairs, p*”;
is the Pearson correlation coefficient of the synthetic
dataset, and p**¢; is the Pearson correlation coefficient of
the original dataset. A lower MACE value represents a
better preservation of the correlation structure.
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Level 3: Regression Analysis

Level 3 evaluated whether the multivariable statistical
relationships observed in the original dataset were
similarly represented in the two synthetic datasets
using ordinary least squares (OLS) regression. The
same regression specification was fitted separately to
DF1, DF2, and DF3 to ensure that coefficient estimates
were directly comparable across datasets. The response
variable was discharge rate (C). Five numerical predictors
were included: nominal capacity (Ah), operating
temperature (°C), maximum state of charge (Max SOC),
minimum state of charge (Min SOC), and charge rate
(C). Cathode chemistry and form factor were included as
categorical predictors.

Categorical predictors were represented using
treatment, or dummy, coding. LCO was specified as the
reference category for cathode chemistry, while 18650
was specified as the reference category for form factor.
Therefore, four cathode indicator variables represented
LFP, NCA, NMC, and NMC-LCO relative to LCO, while
two form-factor indicator variables represented pouch
and prismatic cells relative to 18650 cells. An intercept
was included in every fitted model.

For observation i, the regression model was

DischargeRate; = p, + pi/(4h) + [,(Temperature))

+ [;(MaxSOC) + p,MinSOC)) + ps(ChargeRate))

+ fsd(Cathode; = LFP) + p(Cathode;= NCA)

+ Bol(Cathode, = NMC) + pod(Cathode;= NMC

— LCO) + Byl(FormFactor; = pouch)

+ pul(FormFactor; = prismatic) + ¢; (Eq. 15)
where £, is the intercept, f; through fs are coefficients for
the predictors, and /(x) represents an indicator variable of
1 when the condition is satisfied and 0 when it is not. ¢;
is the residual error. Finally, since LCO and 18650 were
utilized as reference categories, they were used without
separate indicator coefficients.

The coefficients of the numerical predictors represent
the estimated change in discharge rate when one unit
variable is changed, and all other variables are held
constant. Coefficients for categorical predictors represent
the estimated difference in discharge rate relative to
the category. The study kept the intercept as part of
the mathematical equation but was not given a physical
interpretation because the chance that simultaneous zero
values occur over all numerical predictors was almost
impossible in LIB operating conditions.

However, before regression fitting, all numerical
variables were converted to numeric format, with non-
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convertible entries deleted. Observations missing the
response variable or any predictor were removed using
complete-case analysis. The resulting regression sample
sizes for DF1, DF2, and DF3 were all recorded separately
and can be found in Appendix D3.

The regression reporting included coefficient
estimates, standard errors, and 95% confidence intervals
for all terms, including the intercept. The overall
model fit was summarized using R’, adjusted R’, and
residual standard error. All regression assumptions
were evaluated using normal Q-Q plots, the Breusch-
Pagan/Koenker test, and Cook’s distance for influential
observations. This study assesses multicollinearity using
variance inflation factors (VIFs) for each non-intercept
design-matrix column, as well as the rank and condition
number of the regression design matrix.

The formula for VIF is

1
I-R

VIF; = — (Eq. 16)

J

where R’ is calculated by regressing variable j on the
other predictors. A larger VIF value indicates that the
variance of a numerical predictor’s regression value may
have been inflated by the other variables.

Since the objective of this level was to compare
fitted statistical relationships rather than predictive
performance, the regression results were interpreted
as a measure of structural preservation rather than as
evidence of predictive accuracy.

Finally, to evaluate how synthetic data actually
affected these relationships, the study once again used
differences to determine the coefficient deviation of the
synthetic dataset.

A= B — By (Eq. 17)

This metric measures the difference between the
estimated coefficient from the synthetic dataset and the
corresponding coefficient from the real control dataset.
By focusing on the overall structure of the relationships
between variables, regression modeling can accurately
determine whether or not a synthetic dataset is realistic.

To summarize the overall similarity between
regression models, the Mean Absolute Coefficient
Difference (MACD) was calculated as the average
absolute difference between corresponding regression
coefficients in the original and synthetic datasets. Unlike
signed averages, this measure prevents positive and
negative coefficient differences from canceling each other
and therefore provides a more representative measure
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of overall coefficient deviation. Lower MACD values
indicate greater similarity between the fitted regression
models.

RESULTS

Results Overview

As mentioned earlier in the methodology section,
this study expanded the original dataset of 137 cells
into synthetic datasets with 5,000 cells. Therefore, the
quantity of data utilized is far too large to display within
this section. All raw data table sheets for each of the
synthetic methods can be found in Appendix C, while
the raw evaluation data tables as well as Level 3 graphs
can be found in Appendix D.

In this section, the study summarized the findings
from comparing the original dataset DF1 with the
synthesized datasets DF2 and DF3. To conduct the
evaluations, the quantitative results presented by TSDEF
were used. Thus, this section was separated into three
distinct sections, each representing a different level of
evaluation.

Level 1 | Basic Evaluation Results

Based on the Level 1 results (Table 4), it was clear
that DF3 is the closest match to DF1 for all six of the
operating-condition variables that were analyzed. The
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evaluated mean, standard deviations, and ranges were
almost identical between DF1 and DF3, which reflected
DF3’s emphasis on quantitative statistical fidelity. A clear
example of this is shown through the discharge rate:
DF1 reported a mean of 1.27 C, DF2 reported a mean
of 1.93 C, and DF3 reported a mean of 1.26 C. This is
mirrored in the deviation calculation (4S5 = -0.01), while
DF2 showed a larger deviation (4S5 = +0.66). This is seen
throughout the mean and standard deviation values for
the operating variables. DF2 also had a lower mean Max
SOC and a higher mean Min SOC than DF1, meaning
the allowed SOC values are narrowed. Despite this,
DF2 shared the same values as DF1 and DF3 across
many ranges, thereby providing it with greater synthetic
relevance.

Level 2 | Advanced Multivariate Dependency Results

The multivariate dependency data from Level 2’s
results (Table 5) clearly depicted how well DF2 and DF3
preserved important relationships between variables
(Variable 1 and Variable 2) through the all-in-one metric,
“correlation difference (4p)”. A larger Ap value often
indicated that original relationships are not preserved.
Across the DF1 vs. DF2 comparisons, DF2 showed
significantly larger Pearson correlation deviations
than the original dataset. The most extreme case, the
relationship between Max SOC and Min SOC, had a

Table 4. Comparison of descriptive statistics for the six operating variables in the original, PADS-generated, and DDS-generated

datasets.

Variable Ah Temperature (°C) Max SOC Min SOC Charge Rate (C) Discharge Rate (C)
DF1: mean 2.44 26.01 94.61 5.31 0.59 1.27
DF2: mean 2.25 27.44 84.41 15.14 0.77 1.93
DF3: mean 2.44 25.99 94.75 4.93 0.57 1.26

DF1: std 0.98 5.91 11.55 11.57 0.35 0.82

DF2: std 1.03 8.82 15.87 15.94 0.18 0.40

DF3: std 0.97 5.68 11.40 11.02 0.32 0.80

DF1: min 0.74 15.00 60.00 0.00 0.50 0.50

DF2: min 0.74 15.00 60.00 0.00 0.34 0.50

DF3: min 0.74 15.00 60.00 0.00 0.50 0.50
DF1: max 3.40 40.00 100.00 40.00 2.00 3.00
DF2: max 3.40 40.00 100.00 40.00 2.00 3.21
DF3: max 3.40 40.00 100.00 40.00 2.00 3.00

Notes: DF1 = original dataset; DF2 = physics-aware data synthetic dataset; DF3 = distributional data synthetic dataset,; std =

standard deviation.
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Ap of +0.97, showing a large change from the original
inverse relationship. The more-often-than-not deviations
indicate that many of the original correlations are not
preserved in DF2.

In contrast, DF3 produced smaller deviations than
DF2, indicating that the overall multivariate relationship
was maintained better. Several relationships, such as
Ah vs temperature (4dp = +0.07) and discharge rate vs

Table 5. Pairwise Pearson correlations and correlation differences between the original and synthetic datasets.

Original Compare Variable 1 Variable 2 CE)Sr{lellt:tei:)ilcl) C(()g_l:lg; tl;z:l) (gi(;‘er:eliio)n
DF1 DF2 Ah Temperature (°C) 0.01 -0.31 0.32
DF1 DF2 Ah Max SOC -0.01 0.02 -0.03
DF1 DF2 Ah Min SOC -0.01 -0.03 0.02
DF1 DF2 Ah Charge Rate (C) -0.02 -0.43 0.42
DF1 DF2 Ah Discharge Rate (C) -0.02 -0.24 0.21
DF1 DF2 Max SOC Temperature (°C) -0.01 0.09 -0.10
DF1 DF2 Max SOC Min SOC -0.03 -1.00 0.97
DF1 DF2 Min SOC Temperature (°C) 0.01 -0.08 0.10
DF1 DF2 Charge Rate (C) Temperature (°C) 0.50 0.59 -0.09
DF1 DF2 Charge Rate (C) Max SOC -0.23 0.12 -0.35
DF1 DF2 Charge Rate (C) Min SOC 0.21 -0.11 0.33
DF1 DF2 Charge Rate (C) Discharge Rate (C) 0.76 0.18 0.58
DF1 DF2 Discharge Rate (C) Temperature (°C) 0.52 0.13 0.39
DF1 DF2 Discharge Rate (C) Max SOC -0.26 0.01 -0.27
DF1 DF2 Discharge Rate (C) Min SOC 0.25 -0.01 0.26
DF1 DF3 Ah Temperature (°C) -0.24 -0.31 0.07
DF1 DF3 Ah Max SOC 0.13 0.02 0.11
DF1 DF3 Ah Min SOC 0.19 -0.03 0.22
DF1 DF3 Ah Charge Rate (C) 0.10 -0.43 0.53
DF1 DF3 Ah Discharge Rate (C) -0.19 -0.24 0.05
DF1 DF3 Max SOC Temperature (°C) 0.02 0.09 -0.07
DF1 DF3 Max SOC Min SOC -0.31 -1.00 0.69
DF1 DF3 Min SOC Temperature (°C) -0.09 -0.08 0.00
DF1 DF3 Charge Rate (C) Temperature (°C) 0.10 0.59 -0.50
DF1 DF3 Charge Rate (C) Max SOC -0.01 0.12 -0.13
DF1 DF3 Charge Rate (C) Min SOC 0.25 -0.11 0.36
DF1 DF3 Charge Rate (C) Discharge Rate (C) 0.07 0.18 -0.10
DF1 DF3 Discharge Rate (C) Temperature (°C) 0.16 0.13 0.03
DF1 DF3 Discharge Rate (C) Max SOC 0.07 0.01 0.05
DF1 DF3 Discharge Rate (C) Min SOC 0.00 -0.01 0.00

Notes: DF1 = original dataset; DF2 = physics-aware synthetic dataset; DF3 = distributional data synthetic dataset.
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temperature (4p = +0.03), remained closely aligned with
the original dataset. However, several moderate-to-large
deviations were also observed, including Ah vs. Charge
Rate (Ap = +0.53), Charge Rate vs. Temperature (Ap
= —0.50), Charge Rate vs. Min SOC (Ap = +0.36), and
Max SOC vs. Min SOC (Ap = +0.69). Therefore, while
DF3 preserved the correlation structure more effectively
than DF2, the results indicate improved rather than
complete preservation of multivariate relationships. The
Mean Absolute Correlation Error likewise showed lower
overall correlation error for DF3 than for DF2 (Table 6).

Table 6. Mean Absolute Correlation Error for the PADS- and
DDS-generated datasets relative to the original dataset.

Dataset MACE
DF1 vs. DF2 0.296
DF1 vs. DF3 0.195

Across all 15 unique variable pairs, DF2 produced
a Mean Absolute Correlation Error (MACE) of 0.296,
whereas DF3 produced a lower MACE of 0.195. Thus,
DF3 reduced the overall pairwise correlation error by
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approximately 34.1% relative to DF2. Although this
result indicated that DF3 preserved the source correlation
structure more effectively overall, the remaining MACE
and several large pairwise deviations demonstrate that
preservation was incomplete.

Level 3 | Regression Analysis Results

Level 3 compared the same OLS regression model
across the original dataset (DF1), the PADS synthetic
dataset (DF2), and the DDS synthetic dataset (DF3). The
regression included 137 observations for DF1 and 5,000
observations each for DF2 and DF3. Complete coefficient
estimates, standard errors, and 95% confidence intervals
can be found in Table 7. Overall, the model fit differed
greatly across the three datasets. DF1 produced an of
0.299 and an adjusted R? of 0.249, while DF3 had an
R? of 0.106 and an adjusted R? of 0.105. In contrast,
DF2 produced an extremely high R> of 0.999918 and
an adjusted R* of 0.999918. At first, this near-perfect
fit may seem like PADS performed much better.
However, it should not be interpreted as independent
evidence of better predictive performance. Since PADS
generates operating variables through specific rule-
based relationships, the extremely high R* most likely
come from the structured relationships that were already
introduced during the synthesis process.

Table 7. Ordinary least-squares regression coefficient estimates for discharge rate in the original,

PADS-generated, and DDS-generated datasets.

Dataset Predictor i} SE 95% CI
DF1 Intercept 8.493 24.283 [-39.559, 56.546]
DF1 Cathode: LFP vs. LCO -1.351 4.771 [-10.791, 8.090]
DF1 Cathode: NCA vs. LCO 5.081 6.634 [-8.047, 18.209]
DF1 Cathode: NMC vs. LCO 4915 6.405 [-7.760, 17.590]
DF1 Cathode: NMC-LCO vs. LCO 4.125 6.200 [-8.145, 16.394]
DF1 Form Factor: pouch vs. 18650 -2.629 4.302 [-11.143, 5.884]
DF1 Form Factor: prismatic vs. 18650 -1.647 4.942 [-11.428, 8.133]
DF1 Ah -3.291 1.356 [-5.975, -0.607]
DF1 Temperature (°C) -0.009 0.013 [-0.035, 0.016]
DF1 Max SOC -0.018 0.309 [-0.629, 0.593]
DF1 Min SOC -0.026 0.309 [-0.637, 0.586]
DF1 Charge Rate (C) 0.302 5.767 [-11.108, 11.713]
DF2 Intercept 0.166 0.002 [0.161, 0.170]
DF2 Cathode: LFP vs. LCO -0.069 <0.001 [-0.069, -0.068]
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Continued Table 7. Ordinary least-squares regression coefficient estimates for discharge rate in the
original, PADS-generated, and DDS-generated datasets.

Dataset Predictor B SE 95% CI
DF2 Cathode: NCA vs. LCO -0.067 0.001 [-0.068, -0.066]
DF2 Cathode: NMC vs. LCO -0.034 <0.001 [-0.034, -0.033]
DF2 Cathode: NMC-LCO vs. LCO -0.034 <0.001 [-0.034, -0.033]
DF2 Form Factor: pouch vs. 18650 0.000 <0.001 [-0.000, 0.000]
DF2 Form Factor: prismatic vs. 18650 0.000 <0.001 [-0.000, 0.000]
DF2 Ah -0.000 <0.001 [-0.000, 0.000]
DF2 Temperature (°C) 0.001 <0.001 [0.001, 0.001]
DF2 Max SOC -0.000 <0.001 [-0.000, -0.000]
DF2 Min SOC 0.000 <0.001 [0.000, 0.000]
DF2 Charge Rate (C) 2.328 0.003 [2.321, 2.334]
DF3 Intercept 0.587 0.107 [0.376, 0.797]
DF3 Cathode: LFP vs. LCO 0.270 0.042 [0.189, 0.352]
DF3 Cathode: NCA vs. LCO 0.448 0.041 [0.367, 0.529]
DF3 Cathode: NMC vs. LCO 0.661 0.048 [0.566, 0.755]
DF3 Cathode: NMC-LCO vs. LCO 0.114 0.047 [0.022, 0.206]
DF3 Form Factor: pouch vs. 18650 -0.083 0.031 [-0.143, -0.023]
DF3 Form Factor: prismatic vs. 18650 -0.152 0.053 [-0.256, -0.049]
DF3 Ah -0.244 0.013 [-0.270, -0.219]
DF3 Temperature (°C) 0.011 0.002 [0.007, 0.015]
DF3 Max SOC 0.006 0.001 [0.004, 0.008]
DF3 Min SOC -0.002 0.001 [-0.005, -0.000]
DF3 Charge Rate (C) 0.169 0.030 [0.110, 0.227]

Notes: DF1 = original dataset; DF2 = PADS synthetic dataset; DF3 = DDS synthetic dataset. LCO
was the reference category for cathode chemistry, and 18650 was the reference category for form
Jactor. Standard errors and 95% confidence intervals are conventional OLS estimates.

Table 8. Sample sizes and ordinary least-squares model-fit statistics for the original, PADS-generated,
and DDS-generated datasets.

Dataset n R’ Adjusted R? Residual Standard Error
DF1 137 0.299 0.249 0.706
DF2 5,000 1.000 1.000 0.003
DF3 5,000 0.106 0.105 0.752
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Table 9. Diagnostic statistics for the ordinary least-squares regression models fitted to the original, PADS-generated, and DDS-

generated datasets.

Dataset BP p-value JB p-value Maximum Cook’s D Maximum VIF Rank Condition Number
DF1 <0.001 <0.001 0.0534 inf 10/12 8.32 x 10"
DF2 <0.001 <0.001 0.0055 118.87 12/12 9.00 x 10°
DF3 <0.001 <0.001 0.0045 inf 11/12 3.95 x 10'¢

Notes: BP = Breusch-Pagan heteroscedasticity test; JB = Jarque-Bera residual-normality test; VIF = variance inflation factor.
Infinite VIF values indicate exact linear dependence among predictors. Rank lower than the total number of design-matrix columns

indicates rank deficiency.

Table 10. Differences between regression coefficients
estimated from each synthetic dataset and those estimated
from the original dataset.

Predictor DF2 AB DF3 Ap
Cathode: LFP +1.282 +1.621
Cathode: NCA -5.148 -4.633
Cathode: NMC -4.949 -4.254
Cathode: NMC-LCO -4.158 -4.011
Form Factor: pouch +2.629 +2.546
Form Factor: prismatic +1.647 +1.495
Ah +3.291 +3.047
Temperature +0.011 +0.020
Max SOC +0.018 +0.024
Min SOC +0.026 +0.023
Charge Rate +2.025 -0.134

Table 11. Mean Absolute Coefficient Difference for the PADS-
and DDS-generated datasets relative to the original dataset.

Dataset MACD
DF1 vs DF2 2.289
DF1 vs DF3 1.983

Notes: DFI = original dataset; DF2 = physics-aware data
synthetic dataset; DF3 = distributional data synthetic dataset.

The coefficient estimates also showed major
differences between the datasets. In DFI1, several
coefficients had large standard errors and wide confidence
intervals. For example, the NCA cathode coefficient
was 5.081 with a standard error of 6.634 and a 95%
confidence interval from -8.047 to 18.209. The DF1 Ah
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coefficient was -3.291, with a standard error of 1.356 and
a 95% confidence interval from -5.975 to -0.607. On the
other hand, many of the DF2 coefficients had extremely
small standard errors. This is consistent with the highly
constrained structure of the PADS dataset. DF3 also
had noticeable differences from the original coefficients,
although overall, its coefficients were somewhat closer to
DF1 than those from DF2.

To summarize these differences, the Mean Absolute
Coefficient Difference (MACD) was used to measure
overall coefficient preservation, excluding the intercept.
DF2 produced a MACD of 2.289, while DF3 had a
lower MACD of 1.983. Based on this measurement, DF3
preserved DF1’s regression coefficients slightly better
than DF2. However, this result cannot be looked at on its
own. Further diagnostics found severe multicollinearity
and rank deficiency in the DF1 and DF3 models, which
makes some of the individual coefficients unstable. The
largest differences were mostly seen in cathode type,
form factor, and nominal capacity (Ah). Meanwhile,
temperature and the SOC variables generally had much
smaller differences.

The residual diagnostics also revealed several
problems with the fitted regression models. Breusch-
Pagan tests were significant for DF1, DF2, and DF3 (p <
0.001 for each), showing evidence of heteroscedasticity in
all three datasets. Jarque-Bera tests were also significant
for all three models (p < 0.001), indicating that the
residuals did not fully follow a normal distribution.
The graphs showed similar issues. The residual-versus-
fitted plots had visible patterns instead of completely
random residuals. DF2 had especially organized residual
patterns despite having a near-perfect R-squared, while
DF3 showed noticeable parallel banding. In addition, the
DF3 normal Q-Q plot curved away from the theoretical
reference line. Together, these results show that the OLS
assumptions were not fully satisfied. Maximum Cook’s-
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distance values were 0.0534 for DF1, 0.0055 for DF2,
and 0.0045 for DF3. However, these values were not used
alone to judge the models and were instead considered
along with the other regression diagnostics.

The multicollinearity results revealed an even
more serious issue with the regression specification.
DF1 had a design-matrix rank of 10 out of 12 columns
and a condition number of 8.32 x 10", showing both
rank deficiency and severe ill-conditioning. Multiple
categorical variables and Charge Rate had infinite VIF
values. Max SOC and Min SOC were also extremely
high, with VIF values of 3472.76 and 3489.42. DF2 was
different because its model was full rank at 12/12, but
it still had substantial multicollinearity. For example,
Charge Rate had a VIF of 118.87, while Temperature
had a VIF of 30.28. DF3 also had problems, with a rank
of 11 out of 12 columns and a condition number of 3.95
x 10", Infinite VIF values were found for Charge Rate
and the pouch form-factor variable. These results make
it clear that several individual regression coefficients are
not completely stable. Because of this, the coefficients
are better used as exploratory comparisons between
the datasets rather than as precise measurements of the
independent effect of each predictor.

Taken together, Level 3 showed much weaker
preservation than Levels 1 and 2. DF3 did produce a
lower MACD than DF2, meaning that its coefficients
were overall closer to those of DF1 under this specific
regression model. However, neither synthetic dataset
was able to reproduce a regression structure that could
be considered fully stable or compliant with the OLS
assumptions. This is an important limitation because
it shows that similarity at the earlier evaluation levels
does not necessarily mean that more complex statistical
relationships will also be preserved. Therefore, the Level
3 results are best viewed as an exploratory comparison
of regression structure rather than evidence that either
synthetic dataset has better predictive performance.

DISCUSSION

The results of TSDEF reveal a clear tradeoff between
generating data through statistical fidelity and physics-
based constraints, as shown when comparing PADS
and DDS’s synthetic datasets. Although both methods
successfully expand DFI1 into 5,000 artificial records,
their actual feasibility remains largely dependent on
which aspect of data fidelity is prioritized.

At Level 1, DDS is consistent with the original
dataset in terms of surface-level dataset attributes like
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mean, standard deviation, and range (Table 4). As such,
the minimal deviations reinforce DDS’s prioritization of
maintaining the original dataset’s empirical structure.
Because DDS is instructed to explicitly base the
empirical distribution on DF1, it was expected that these
base statistics would remain nearly identical. These
results strengthen past research findings, highlighting
how distribution-based generators are an effective way
to replicate data characteristics (23). Next, Level 2’s
analysis on the relationships between variables in DF3
is mostly similar to the findings of Level 1: many of
the correlations were preserved, often with little to no
deviation (Table 4). However, some exceptions, like
the relationship between charge rate and temperature
(dp = -0.50), reveal how certain dependencies aren’t
perfectly maintained. Indeed, this limitation illuminates
a known challenge in copula-based methods where
nonlinear relationships aren’t always kept (19). Despite
this, DDS’s Level 1 and Level 2 were still overall a
good representation of the original dataset’s qualities.
Although DDS generally preserved pairwise correlations
more effectively than PADS, several relationships still
exhibited substantial deviations. In particular, the Ah—
Charge Rate (Ap = +0.53), Charge Rate—Temperature
(Ap = —0.50), Charge Rate—Min SOC (Ap = +0.36), and
Max SOC-Min SOC (Ap = +0.69) relationships indicate
that not all multivariate dependencies were maintained.
Consequently, the Level 2 results should be interpreted as
evidence of improved correlation preservation relative to
PADS rather than complete preservation of the original
multivariate structure.

One notable finding was the perfect inverse correlation
(p = —1.00) between maximum SOC and minimum SOC
in the original BatteryArchive dataset. This relationship
is likely to reflect the construction of the source dataset
rather than a universal electrochemical property of
lithium-ion batteries. Because BatteryArchive contains
predefined operating SOC windows, maximum and
minimum SOC values occur in deterministic pairs.
Therefore, deviations involving this variable pair should
be interpreted cautiously and should not be generalized
as evidence of broader battery behavior.

In contrast, PADS produced consistently larger
deviations across the first two evaluation levels,
sometimes almost to the point where empirical
and dependent structures completely cease to exist
(dp = £1.00). However, it’s important to note that
these deviations aren’t necessarily evidence of poor
performance but rather a reflection of the fundamental
design of PADS. Because PADS prioritizes physics-
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based constraints over statistical fidelity, certain
structures and relationships are forcibly abandoned in
favor of plausibility (Table 5). The easiest example is the
multivariate dependency deviation between Min SOC
and Max SOC (dp = 0.97). By narrowing the SOC range,
far beyond DF1’s range, DF2 better aligns itself with
electrochemical behaviors and safety constraints. This
can be applied to most noticeable deviations between
DF1 and DF3 (15).

Level 3 provided a more complicated picture than
Levels 1 and 2. Under the fitted OLS model, DDS
had a lower overall coefficient deviation from DF1
than PADS, with MACD values of 1.983 and 2.289,
respectively. However, the diagnostic results showed
that these coefficient differences could not be looked at
separately from the instability of the models. Both DF1
and DF3 were rank-deficient, and several predictors had
extremely large or even infinite VIF values. One of the
clearest examples is the near-perfect inverse relationship
between Max SOC and Min SOC observed in Level
2. In DF1, this relationship resulted in VIF wvalues
above 3,400 for both variables. Because of this, the
individual coefficients in the original model are sensitive
to predictor redundancy and should not be treated as
completely stable measurements of independent battery
relationships.

PADS had a different issue. Unlike DF1 and DFS3,
its model was full rank, but it produced an R? of
approximately 0.9999 along with extremely small
residual errors. Although this initially appears to be a
strong result, it does not necessarily mean that PADS
provides better predictive data. PADS creates variables
using specific rule-based relationships, so the regression
partially finds relationships already built into the
synthetic generation process. This can also be seen in
the structured residual patterns of DF2 and its remaining
high VIF values. Therefore, an extremely high R’ does
not automatically mean that the original multivariable
statistical structure was realistically preserved.

Overall, Level 3 further shows that the quality of
synthetic data depends heavily on which part of the
data is being evaluated. DDS performed better in
Levels 1 and 2 and also produced the smaller MACD in
Level 3. However, neither synthetic dataset was able to
fully preserve a stable regression structure. Therefore,
the Level 3 results are better interpreted as showing
limitations in structural preservation rather than ranking
either method based on predictive performance.

Ultimately, however, the initial hypothesis was
correct, as the statistics present DDS as the overall
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superior synthetic data generation method for this study.
The findings from this study mirror prior studies on the
two synthetic generation methods, as DDS effectively
preserved DF1’s statistical structure across TSDEF’s first
two evaluation tests.

CONCLUSION

These findings have multiple implications for the
future of synthetic generation in LIB research. First, the
study’s results showcase how synthetic data generation
can help address the prominent bottleneck of limited data
in the LIB research field. Since real-world lab battery
tests are expensive and time-consuming, this newfound
ability to expand DF1 from 137 cells to 5,000 suggests
that large-scale synthetic data analysis is possible with
further research on this topic. If the method proves to
be reliable following further research, this LIB data
increase will allow researchers to use machine learning
to advance LIB knowledge. This would be significant.
Furthermore, the results from this study reinforce the
idea that the usefulness of a synthesis method relies on
the purpose of the initial dataset. For example, DDS
thrives when aiming to mimic statistical structure,
while PADS is successful in maintaining realistic
conditions for operating variables. Thus, while DDS is
the better option for this study, researchers should not
assume that one method is always better for any given
scenario. Finally, this study asserts that when analyzing
the reliability of synthesis data, one should go beyond
surface-level similarities. Although a synthetic dataset
may seem realistic at first, deeper observations may
reveal structural distortions, as shown through TSDEF.

However, this study also has some limitations that
may skew interpreted results in nuanced ways. The first
major limitation was the fact that the original dataset
pulled from BatteryArchive is relatively small, as it
only contains 137 data cells. Even though this problem
is the exact reason why synthetic expansion is needed,
it still limits the information that can be gathered from
statistical analysis. After all, the methods of synthetic
generation are based on data samples from DF1 and,
therefore, are generated from just 137 samples. Because
DF1 doesn’t fully represent the entirety of LIB behavior,
DF2 and DF3 may reproduce only a portion of real-world
data structures.

Additionally, the study only investigates six base
operating variables. Although each of them possesses
meaningful and relevant quantitative data, they don’t
fully capture the complexities of LIBs. Other variables,
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such as internal resistance or battery chemistry, were not
included in order to narrow the focus of this study. By
doing this, the study sacrifices potentially data-changing
statistics in favor of simplicity and regulation, which can
limit the study’s understanding of LIBs.

A major limitation of Level 3 is the instability of
the selected OLS model. The formal diagnostics found
rank deficiency in both DF1 and DF3, along with severe
multicollinearity among several predictors. Again, the
strongest example was the relationship between Max
SOC and Min SOC in DFI1, where both variables had
VIF values above 3,400. This means that individual
coefficients from the affected models cannot be cleanly
separated and interpreted as independent predictor
effects. Instead, Level 3 is more useful as an exploratory
comparison of how the overall fitted coefficient structure
changes after synthetic generation.

The residual diagnostics also found evidence of
heteroscedasticity and departures from normality in all
three models. Because of this, the conventional OLS
uncertainty estimates should be interpreted cautiously.
Another important limitation is the size of the synthetic
datasets. Although DF2 and DF3 each contain 5,000
observations, these observations were algorithmically
generated from only 137 original records. Therefore, they
should not be treated as equivalent to 5,000 independently
collected experimental observations. Together, these
limitations reduce how much can be inferred from the
regression results and reinforce the use of Level 3 mainly
as a way to evaluate synthetic-data fidelity.

Given this information, future research should
experiment using these synthetic methods on larger and
more diverse LIB datasets to further observe whether
trends remain consistent. In addition, studies should
implement more complicated variables like internal
resistance and battery chemistry in order to reinforce
or contradict any particular findings. Another potential
direction to take is to attempt to combine PADS with
DDS into a hybrid model to observe the “grey area”
between extreme plausibility and statistical fidelity.
Finally, as stated earlier, multiple levels of evaluation
should be considered when evaluating the legitimacy of
synthetic data (19).

The objective of this study procedure was to compare
two synthetic data generation methods (PADS and
DDS) and ultimately determine their feasibility in real-
world LIB research. Overall, the initial hypothesis was
correct. The study’s consensus is that DDS was the more
effective method for this study; it had the greater ability
to consistently preserve the original dataset’s statistical
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trends and structure across three levels of evaluation.
In contrast, the results for PADS had larger deviations,
and thus were less effective, due to its emphasis on
plausibility. Together, these findings suggest that DDS
should be explored as a viable option for addressing
battery-data scarcity, while PADS is better suited for
other physically constrained applications.
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APPENDIX
Appendix A: Synthetic Generation Codes

Al.

Physics-Aware Data Synthesis (PADS) Code Snippets

anode = [“graphite”] Python lists were created to store allowable battery category
) ) ) N R ranges: (anode, cathode, source, form, Ah). During synthesis,
cathode = [“LFP”,”"NMC”,”"NCA”,”LCO”,”"NMC-LCO”] each cell will have random properties sampled from these

s . T, . predefined values.
source = [“snl”,”HNEI",”calce”,”oxford”,”UL-PUR”]

form =[“18650”,”pouch”,”prismatic”]

Ah  =[0.74,1.1, 1.35,2.8, 3.0, 3.2, 3.4]

def soc_multiplier(max_soc, min_soc): A custom-made state-of-charge (SOC) multiplier range was
_ made to generate SOC rates that fall within the allowable
SOC_Trange = max_soc - min_soc range. Smaller ranges received higher scaling factors for

balance. In addition, the “factor2” variable was bounded

# narrow range allows for more consistent results between 0.8 and 1.25 for realistic value generation

factor2 = 1.2-0.003*(soc_range) #factor2 is kept within

realistic limits

return np.clip(factor2, 0.8, 1.25)

if min_soc >= max_soc: This code snippet prevents the minimum SOC from exceeding
the maximum SOC by regenerating the minimum SOC to a
min_soc = max(0, max_soc - rng.choice([20, 40])) constrained value.

The Python code displayed above are snippets from the Google Colab file titled “PADS Synthesis Generation Code”. For
reproducibility purposes, the original dataset found in Appendix C will be needed. The full code is available via download
below or by request, and must be opened on Google Colab:

https://colab.research.google.com/drive/1q3h73-tX51C8XtLFWkVIf7PNGy06ZXbF?usp=drive link

August 2026 Vol. 4 No. 4 American Journal of Student Research www.ajosr.org 1250
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Distributional Data Synthesis (DDS) Code Snippets

continuous = [“Ah”,”Temperature (C)”,”Max
SOC”,”Min SOC”,
Rate (C)”]

ge Rate (C)”,”Discharge

all cols = categories + continuous

X =dfl[all cols].values.astype(float)

Base variables from the original dataset (Ah, Temperature, Max
SOC, Min SOC, Charge Rate, Discharge Rate) are converted into a
numerical matrix to later process.

U =ranks / (len(X) + 1)
Z =np.sqrt(2) *

special.erfinv(2*U-1)

This code references equation (6) and (7). First, the code changes
the previously established rank observations into empirical uniform
variables. Next, using equation (7), the code transforms these vari-
ables into latent Gaussian variables using inverse mapping.

M = 5000

Zz = np.random.multivariate _normal(mu, Sigma, M)

Uu=0.5* (1 + special.erf(Zz / np.sqrt(2)))

This code references equation (8) and (8). By setting M equal to
5,000, the code utilizes equation (8) to generate the synthetic data
using Gaussian copula functions. Afterwards, to restabilize the vari-
ables, the code uses equation (8) to convert the mapped variables
back to the initial array.

by request, and must be opened on Google Colab:

The Python code displayed above are snippets from the Google Colab file titled “DDS Synthesis Generation Code”. For repro-
ducibility purposes, the original dataset found in Appendix C will be needed. The full code is available via download below or

https://colab.research.google.com/drive/1fV8bh-3g2eMdQ4QsHngFuEbHZXSMXZK-?usp=drive link

Appendix B: Evaluation Codes

B1.

Three-Level Synthetic Data Evaluation Framework (TSDEF) Code

TSDEF Evaluation Systems Code

This code’s objective is to take .csv file input and produce three .csv files for output, with each spreadsheet listing quantitative
results for each level. In order to run the program successfully, all three dataset .csv files must be uploaded. The full code is
available via download below or by request, and must be opened on Google Colab.
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Appendix C: Raw Datasets

Cl1.

Raw Original Dataset (DF1)

The link below provides a Google Spreadsheet of all 137 original LIB data samples used for synthesis in this study.

https://docs.google.com/spreadsheets/d/110jMY 1Cje9P5SDgaE6CHXY toSLhpmXKlqphpZ8QfenhM/edit?gid=791660092#g
id=791660092

C2.

Raw Physics-Aware Data Synthesis Dataset (PADS, DF2)

The link below provides a Google Spreadsheet of all 5,000 synthetic LIB data samples generated by PADS to form DF2 for
this study.

https://docs.google.com/spreadsheets/d/12VOOrOneovb] 7ecmrVFOwCIuV5Lj-2 WX G YuGnOkBRcE/edit?gid=881483558#g
id=881483558

C3.

Raw Distributional Data Synthesis Dataset (DDS, DF3)

The link below provides a Google Spreadsheet of all 5,000 synthetic LIB data samples generated by DDS to form DF3 for this
study.

https://docs.google.com/spreadsheets/d/1zBZ4egI TgjWGYqHPIK 7bpglfrUiES sFkrtVBZdhW1A/edit?gid=804935420#¢g
1d=804935420

Appendix D: Raw TSDEF Results

D1.

Raw Level 1 Results

The link below provides a Google Spreadsheet of the raw Level 1 results generated by the TSDEF Evaluator Code that was
used in the “Results” section of the study.

https://docs.google.com/spreadsheets/d/1 XEZZtoHU3ko8E7EK9w4HmVpURrdBcQ xR5RzvX6xYPU/edit?gid=682844635#
2id=682844635

D2.

Raw Level 2 Results

The link below provides a Google Spreadsheet of the raw Level 2 results generated by the TSDEF Evaluator Code that was
used in the “Results” section of the study.

https://docs.google.com/spreadsheets/d/1Z0TsIC0XsiA4Q-S5nWSWHsqnSWjhX1PMkaW-AHYLtTQ/edit?gid=1170541472#
gid=1170541472
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D3.

Raw Level 3 Results

The link below provides a Google Spreadsheet of the raw Level 3 results generated by the TSDEF Evaluator Code that was
used in the “Results” section of the study. The specific results are all in different tabs.

https://docs.google.com/spreadsheets/d/1a36306mVILAIMXAgG3EIdVIPj673u88fL_zru8rSS9U/edit?usp=sharing

D4.
Level 3 Data Graphs
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DF3: Cook’s Distance Graph
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