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Ion Batteries in Embedded Systems.
Krishna Hanumaraddi and Xuqi fu
Department of Electrical Engineering
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Abstract
Accurate State of Health (SoH) estimation is critical for lithium-ion battery manage-
ment. While deep learning models like Long Short-Term Memory (LSTM) networks
offer superior predictive capabilities, their computational complexity and memory
footprints prohibit direct deployment on resource-constrained Battery Management
System (BMS) microcontrollers. This thesis addresses this bottleneck by proposing
an edge-optimized deep learning framework for real-time SoH estimation. Utilizing
features extracted from early-cycle operational data (the first 10 cycles), we develop a
Physics-Informed Long Short-Term Memory (PINN-LSTM) architecture as the full-
precision teacher model. To achieve embedded compatibility, we introduce a model
compression pipeline integrating Physics-Informed Neural Network Knowledge Dis-
tillation (PINN-KD), structural pruning, and W8A32 dynamic quantization, where
the knowledge of the PINN-LSTM teacher is transferred to a lightweight LSTM
student model. The optimization workflow compiles the models from PyTorch into
bare-metal C applications using the Apache TVM stack and Relax Virtual Machine,
enabling static memory allocation and Flash-aligned weight storage. Software-in-
the-Loop (SIL) on Infineon TC4D7 and Processor-in-the-Loop (PIL) evaluations on
NXP MCXN947 microcontrollers validate the system’s real-time performance and
concurrent asynchronous data handling. Results demonstrate a massive memory re-
duction, with Flash storage shrinking from 127.13 KB (full-precision PINN-LSTM
teacher) to merely 1.25 KB (quantized LSTM student). Crucially, the W8A32 quan-
tized student model maintains exceptional mathematical fidelity, exhibiting a Mean
Absolute Error (MAE) of 3.32×10−8 against the corresponding full-precision LSTM
student model. Finally, the study identifies gradient dominance as a fundamental
challenge in developing chemistry-agnostic models across mixed LFP, NMC, and
NCA datasets, highlighting avenues for future domain-adaptation research.

Keywords: Lithium-ion Batteries,State of Health (SoH), Deep Learning, Edge Com-
puting, Model Compression, Performance profiling, Bare-Metal Deployment, Apache
TVM.
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1
Introduction

1.1 Background

The Role of Battery Management Systems (BMS): The rapid increase of
electric vehicles (EVs) and renewable energy storage systems, as well as with enor-
mous developments in drone technology and mobile robotics, has driven significant
advancements in lithium-ion (Li-ion) battery technology. Across all these applica-
tions, ensuring the safety, efficiency, and endurance of the battery pack requires
a highly reliable Battery Management System (BMS). The BMS manages critical
functionalities, including thermal management, cell balancing, fault diagnosis, and
continuous state estimation [11].

The Importance of State of Health (SoH) Monitoring: Among the battery
states discussed in [12], the State of Health (SoH) is one of the most important
because it indicates how much the battery has aged . It reflects the permanent loss of
battery capacity and increase in internal resistance that occur during long-term use.
By monitoring SoH, the Battery Management System (BMS) can better understand
the condition of the battery and adjust charging and discharging processes to reduce
stress on aging cells, helping to extend battery life. Accurate SoH information
also improves overall battery management by providing more reliable driving-range
estimates and enabling power delivery based on the battery’s actual condition rather
than its original specifications. In addition, SoH estimation supports the reuse of
retired electric vehicle batteries in second-life applications, such as stationary energy
storage systems, which helps reduce waste and make better use of available energy
resources. Furthermore, continuous SoH monitoring is essential for estimating the
Remaining Useful Life (RUL) of a battery, ensuring reliable operation and reducing
the risk of serious failures, including thermal runaway [13][14].

Limitations of Conventional Estimation Methods: Traditionally, BMS al-
gorithms has relied on model-based techniques, such as Equivalent Circuit Models
(ECMs) coupled with Kalman filters, or empirical degradation models to estimate
SoH [15]. While these methods are highly interpretable, battery aging is a highly
complex, nonlinear, and time-varying electrochemical process that is heavily in-
fluenced by operating temperatures, discharge rates, and charging patterns. Con-
sequently, constructing a generalized mathematical model that remains accurate
throughout the battery life cycle is difficult, and this requires updating battery
parameters [16].
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1.1.1 Deep Learning for SoH Estimation

To overcome the limitations of conventional methods of modeling, data-driven ap-
proaches using Machine Learning (ML) and Deep Learning (DL) have emerged as
highly effective alternatives. Deep learning architectures, particularly Recurrent
Neural Networks (RNN), Long Short-Term Memory (LSTM), and Gated Recurrent
Unit (GRU), as well as their different combinations like CNN-LSTM, Transformers,
and Physics-Informed Neural Networks (PINN), excel at capturing the complex,
nonlinear dependencies inherent in battery degradation data. By processing exten-
sive datasets of historical charge-discharge cycles, these algorithms can map multidi-
mensional time-series inputs and statistical features—such as capacity degradation
trajectories, and temperature gradients. By processing extensive datasets of histor-
ical charge-discharge cycles, these algorithms can map multidimensional time-series
inputs and statistical features—such as capacity degradation trajectories, temper-
ature gradients, and localized voltage distribution characteristics—directly to the
current SoH of the battery [17]. This approach allows the system to accurately cap-
ture degradation dynamics without the requirement of complex parameterization
processes.

1.1.2 The Edge/Embedded Deployment Challenge

Despite the data driven methods gives good accuracy and prediction capabilities,
the transition of these deep learning models from high resource workstations to
real-world vehicles remains a critical bottleneck. Modern deep learning models are
computationally intensive and demand high memory footprints. Conversely, a typi-
cal automotive BMS relies on resource-constrained embedded microcontrollers that
operate under strict limitations regarding SRAM, Flash memory, and power con-
sumption [18].

Many researchers point out that running large, highly detailed ML models on small
embedded processors often takes too much time. For a Battery Management System
to be safe, it must finish its calculations within strict deadlines. If the ML is too
slow, it can disrupt the entire system and make it unstable or unsafe. Additionally,
simply copying a standard ML model directly onto a microcontroller usually causes
memory crashes. The processor either runs out of space or fails to deliver the
complex mathematical operations required. This creates a major roadblock for
actually using ML to estimate battery health in real-world applications [19][20][21].

While techniques such as post-training quantization, pruning, quantization-aware
training (QAT) and using compression-aware training have been proposed to com-
press these models, such as utilizing lookup tables to replace floating point operations
[22] [23]. There is limited comprehensive research evaluating the trade-off between
compression-induced accuracy degradation and embedded performance specifically
tailored for battery SoH estimators.
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1.2 Problem Statement
As discussed, the main challenge in modern battery management is no longer achiev-
ing high model accuracy, but rather making these models work in real-world systems.
The core problem this thesis addresses is the lack of a proven process for moving
deep learning State of Health estimators onto small microcontrollers without miss-
ing strict safety deadlines. Specifically, current research does not clearly show how
different model compression methods affect both the accuracy of the predictions
and the actual running speed on real hardware. Until these compressed models are
rigorously tested directly on embedded processors, AI-driven battery management
will remain just a concept rather than a practical tool.

1.3 Aim and Research questions
The aim of this thesis is to develop, optimize, and deploy an efficient deep learning
SoH estimation model directly on edge hardware. This work focuses on systemati-
cally applying model compression techniques to meet strict embedded resource limits
while maintaining high estimation accuracy. By establishing a rigorous Software-in-
the-Loop (SIL) and Processor-in-the-Loop (PIL) verification workflow across multi-
ple platforms, this research aims to provide a deterministic, standalone edge solution
that ensures both timing compliance and algorithmic reliability for next-generation
BMS applications.

Main research questions:

Q1: Is it feasible to develop a condition-agnostic and generalized Long Short-Term
Memory (LSTM) model for battery State of Health (SoH) estimation using diverse
publicly available datasets, and what baseline estimation accuracy can be achieved
before considering embedded deployment constraints?

Q2: How do advanced deep learning compilation frameworks, specifically Apache
TVM utilizing Ahead-of-Time (AOT) and Relax Virtual Machine (VM) architec-
tures, enable the deterministic deployment of PyTorch models onto bare-metal mi-
crocontrollers, and what is their impact on inference latency, mathematical fidelity,
and static memory footprint?

Q3: How do various model optimization techniques (such as architecture reduc-
tion, pruning, post-training quantization, and compression-aware training) impact
the trade-off between SoH estimation accuracy and embedded resource usage?

Q4: What is the minimum viable model complexity required to maintain acceptable
SoH estimation accuracy on BMS-class microcontrollers, and how does this require-
ment change across different hardware platforms?

Q5: How do the optimized embedded models perform in terms of timing compliance,
memory safety, and system reliability when evaluated through Software-in-the-Loop
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(SIL) latency benchmarking and subjected to asynchronous, high-frequency CAN
bus data streams within a Process-in-the-Loop (PIL) double-buffered concurrent
architecture?

1.4 Main Contributions
This thesis bridges the gap between complex deep learning algorithms and resource-
constrained edge hardware for modern Battery Management Systems (BMS). The
main contributions of this work are summarized as follows:

• Physics-Informed Dimensionality Reduction: A novel Physics-Informed
Neural Network Knowledge Distillation (PINN-KD) framework is proposed.
This method effectively reduces the dimensionality of complex battery degra-
dation dynamics, transferring critical electrochemical constraints and aging
patterns from a high-capacity expert model into a lightweight, edge-compatible
Student architecture without sacrificing predictive reliability.

• Advanced Embedded Compilation and Quantization: The Apache
TVM compiler stack to transform PyTorch models into standalone, deploy-
able C/C++ engineering projects tailored for Microcontroller Units (MCUs).
This implementation features a decoupled architecture separating executable
inference logic from model weights (which are aligned for direct Flash memory
access), and introduces a custom W8A32 dynamic quantization strategy that
drastically reduces the physical memory footprint.

• Real-Time Processor-in-the-Loop (PIL) Validation: Successfully de-
signed the execution workflow and validated the generated models on real
automotive-grade edge hardware, specifically the NXP MCXN947 microcon-
troller. This deployment includes an isolated inference benchmarking protocol
and a robust double-buffering concurrency mechanism to ensure safe, deter-
ministic execution under high-frequency asynchronous sensor data streams.

1.5 Scope
This thesis encompasses the development and deep-embedded deployment of ad-
vanced Long Short-Term Memory (LSTM) network architectures for accurate bat-
tery State of Health (SoH) estimation. The algorithmic scope focuses on utiliz-
ing Physics-Informed Neural Networks (PINN) and Knowledge Distillation (KD)
paradigms (PINN-KD) to compress complex, multidimensional degradation dynam-
ics into lightweight, edge-compatible Student models.
Crucially, the deployment scope transitions away from generic middleware inter-
preters (e.g., standard ONNX or TensorFlow Lite) toward the Apache TVM com-
piler stack. This transition is driven by the need to eliminate runtime interpretation
overhead and dynamic memory allocation, which are unsuited for strict bare-metal
environments. The implementation traces PyTorch models into TVM Relay/Relax
Intermediate Representations (IR) to generate highly optimized, statically allocated
bare-metal C applications targeted directly at resource-constrained microcontrollers.
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By compiling ahead-of-time, the pipeline ensures deterministic execution timing and
prevents memory fragmentation.

To operate within tight hardware budgets, the optimization scope specifically in-
vestigates memory-aligned structural engineering, including W8A32 custom quanti-
zation, static memory bump allocators for SRAM management, and Flash-friendly
continuous weight header generation. These mechanisms ensure that memory con-
sumption remains strictly bounded and completely predictable over extended oper-
ational lifecycles.

Finally, the validation scope transitions from PC-based mathematical verification to
real-time edge hardware execution. The deployment is comprehensively evaluated
using an NXP MCXN947 for Processor-in-the-Loop (PIL) testing to assess abso-
lute inference latency via direct feature injection, as well as system resilience and
concurrency control under live, asynchronous FlexCAN data streams.

1.6 Risk Analysis
This section outlines the potential risks identified for the implementation of edge-
optimized deep learning models on embedded platforms, along with the correspond-
ing mitigation strategies.

1. Unsupported Neural Network Operators

• Risk Source: A significant technical risk involves the conversion of PyTorch
models to C/C++ implementations specifically for embedded inference en-
gines. There is a high probability that specific neural network layers, such as
complex LSTM variants or custom attention mechanisms, may not be sup-
ported by the target micro-controller’s instruction set or the inference library.

• Action: To mitigate this, the project will conduct "naive deployment" tests
during the early prototyping phase to identify unsupported operators immedi-
ately. If incompatibilities arise, the strategy involves replacing complex custom
layers with standard supported operations or, if feasible within the timeline,
implementing custom kernels.

2. Hardware Resource Overflow

• Risk Source: Deploying deep learning models on resource-constrained micro-
controllers presents a high risk of exceeding the available SRAM or Flash
memory. An overflow in memory usage would prevent the application from
loading or executing.

• Action: The primary mitigation strategy is the systematic application of
model compression techniques, including Post-Training Quantization (PTQ)
and pruning. Additionally, iterative architecture reduction will be performed
to decrease the number of hidden layers or units, ensuring the model fits within
the strict hardware footprint while maintaining acceptable performance.
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3. Real-Time Latency Violation

• Risk Source: For safety-critical Battery Management Systems (BMS), the
inference time of the deep learning model must strictly adhere to the control
loop deadlines. There is a risk that the model inference may introduce latency
that violates these real-time constraints.

• Action: A benchmarking protocol will be established to measure inference
latency on the actual target hardware early in the development cycle. Opti-
mization efforts will focus on code generation workflows that utilize hardware-
specific acceleration instructions, and trade-offs between minor accuracy re-
ductions and execution speed will be evaluated quantitatively.

4. Accuracy Degradation from Quantization

• Risk Source: The transition from 32-bit floating-point models to 8-bit integer
formats poses a risk of significant accuracy degradation in State of Health
(SoH) and State of Charge (SoC) estimation. If the accuracy drops below the
safety threshold, the model becomes unusable for BMS applications.

• Action: Quantization-Aware Training (QAT) will be implemented to allow
the model to adapt to quantization noise during the training process. Fur-
thermore, functional equivalence between the high-level Python model and
the converted C++ model will be rigorously validated against full-precision
baselines.

5. Toolchain Integration Complexity

• Risk Source: Integrating the generated C/C++ deep learning code into the
existing Simulink-based BMS framework creates a risk of interface mismatches,
compilation errors, or signal compatibility issues. This complexity can lead to
significant delays in the validation phase.

• Action: The project will employ a Processor-in-the-Loop (PIL) verification
strategy to validate the workflow incrementally. By testing the integration
with a "minimum viable model" early in the process, potential integration
failures can be resolved before the final, complex models are deployed.
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Theory

2.1 Lithium-Ion Batteries and State of Health (SoH)

2.1.1 Lithium-Ion Battery Fundamentals
Lithium-ion (Li-ion) batteries operate as electrochemical energy storage devices
through a reversible process known as intercalation[24]. The basic architecture com-
prises three primary components: a negative electrode (anode, typically composed
of graphite), a positive electrode (cathode, typically a lithium metal oxide such as
LiCoO2 or LiFePO4), and an ionically conductive, electronically insulating elec-
trolyte solution containing dissolved lithium salts[25].

During the discharge phase, lithium atoms at the anode undergo oxidation, simul-
taneously releasing electrons into the external circuit and liberating lithium ions
into the electrolyte. The flow of electrons through the external load is driven by the
electrochemical potential difference between the electrodes, while the concurrent mi-
gration of lithium ions through the liquid electrolyte maintains internal charge neu-
trality as they intercalate into the cathode [24] [25]. The charging process reverses
this mechanism; an external voltage source forces lithium ions out of the cathode
crystalline structure, driving them back across the electrolyte to be re-intercalated
into the anode[26].

Figure 2.1: Illustration of charging and discharging Process in a Lithium ion
battery cell [1]
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2.1.2 Battery Degradation Mechanisms
The performance of lithium-ion batteries degrades over time due to a complex net-
work of parasitic chemical and mechanical degradation mechanisms [27]. These
degradation pathways are typically categorized into three main modes:

Loss of Lithium Inventory (LLI): This is primarily driven by the continuous
growth of the Solid Electrolyte Interphase (SEI) layer on the graphite anode. Dur-
ing initial cycles, the electrolyte decomposes upon contact with the highly reducing
anode surface, creating a protective passivating layer. However, due to volumetric
changes during cycling, this layer cracks and reforms continuously, consuming active
lithium ions and electrolyte solvents, permanently reducing the available capacity
[28][29].

Loss of Active Material (LAM) : Mechanical are induced by the repeated in-
sertion and extraction of lithium ions that cause microscopic volume changes in the
host interstitial lattices. Over time, this leads to particle cracking, phase transitions,
and electrical isolation of the electrode material, decreasing the number of available
sites for lithium intercalation [28][29].

Loss of Electrolyte (LE): The electrolyte is lost in SEI formation and drying
out of the liquid electrolyte. This impedes the physical transport of lithium ions
between the electrodes, severely increasing the internal ohmic resistance of the cell.

These three macro-level modes are driven by a variety of distinct, micro-level phys-
ical and chemical mechanisms occurring in the different components inside the bat-
tery

Anode (Negative Electrode) Mechanisms:
Solid Electrolyte Interphase (SEI): it is normally the most dominant cause of ag-
ing during normal operation. The electrolyte continuously reduces on the surface
of the graphite anode, forming a passivating layer. While necessary for protection,
this layer continuously cracks and reforms due to volume changes during cycling,
perpetually consuming active lithium and electrolyte solvents (driving LLI and LE)
and thickening the resistive barrier [30].

Lithium Plating: Under harsh operating conditions—such as low temperatures or
excessively high charging currents (high C-rates)—the rate of lithium diffusion into
the graphite anode is slower than the deposition rate. Consequently, metallic lithium
plates onto the surface of the anode rather than intercalating into the lattice. This
causes severe LLI and can lead to the formation of dendrites, which pose a critical
risk of penetrating the separator and causing internal short circuits [31].

Particle Cracking and Fracture: The intercalation and extraction of lithium cause
microscopic volume expansion and contraction (mechanical stress). Over time, this
stress cracks the graphite particles, exposing fresh, unpassivated graphite to the
electrolyte and triggering further SEI formation [32].
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Graphite Exfoliation: Solvent molecules from the electrolyte can occasionally co-
intercalate (enter the graphite layers alongside lithium ions). Once inside, they
decompose and generate gas, which physically pushes the graphite layers apart, de-
stroying the crystal structure and causing localized LAM [27].

Loss of Electrical Contact: Extreme mechanical volume changes or binder degra-
dation can cause active graphite particles to physically detach from the conductive
carbon matrix or the copper current collector. These isolated particles become elec-
trochemically inactive, resulting in [33].

Cathode (Positive Electrode) Mechanisms:
Transition Metal Dissolution: Metals inherent to the cathode lattice (such as man-
ganese, nickel, or cobalt) can dissolve into the acidic electrolyte. This structural col-
lapse directly causes LAM. Furthermore, the dissolved metal ions migrate through
the electrolyte to the anode, where they act as catalysts to accelerate continuous
SEI growth [34].

Structural Phase Transitions: Operating at extreme states of charge or high volt-
ages can permanently alter the crystalline structure of the cathode. This structural
degradation permanently reduces the cathode’s ability to host lithium ions (LAM)
[35].

Cathode Electrolyte Interphase (CEI) Growth: Similar to the anode, the electrolyte
can oxidize on the high-voltage surface of the cathode. This forms a resistive sur-
face film (CEI) that increases internal resistance (power fade) and consumes active
lithium [35].

Particle Cracking: Cathode materials also experience mechanical stress from vol-
ume changes during cycling. Repeated stress causes primary and secondary cathode
particles to fracture, isolating active material and exposing new surfaces to contin-
uous CEI growth [33].

Electrolyte and System-Level Mechanisms:
Electrolyte Decomposition and Gas Generation: Exposure to high temperatures or
high operating voltages causes the liquid electrolyte solvents to break down, gener-
ating gases such as CO2, H2, and C2H4. This gas generation can cause cell swelling
and significantly contributes to Loss of Electrolyte [28].

Separator Clogging: Degradation byproducts, such as dissolved transition metals
or excessive SEI components, can clog the microscopic pores of the polymer separa-
tor. This restricts the flow of lithium ions, dramatically increasing internal resistance
and limiting the cell’s power capability [28].

Current Collector Corrosion: The copper current collector on the anode side
can corrode if the cell is severely over-discharged. Conversely, the aluminum current
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collector on the cathode side can corrode under excessively high voltages. Both
scenarios increase the cell’s internal ohmic resistance [36].

2.1.3 State of Health (SoH) definition and methods

Definition:

The State of Health (SoH) is a dimensionless, indirectly measurable metric that
quantifies a battery’s irreversible physical and electrochemical degradation relative
to its fresh state. Unlike the State of Charge (SoC), which reflects transient en-
ergy levels, SoH represents the cumulative macroscopic impact of microscopic aging
mechanisms over time such as Solid Electrolyte Interphase (SEI) growth and the
loss of active lithium [37]. Because SoH cannot be read directly by standard volt-
age or current sensors, the Battery Management System (BMS) must continuously
estimate it using advanced algorithms. Accurate SoH tracking is strictly required
for the BMS to dynamically adjust safe operating limits, ensure reliable driving
range predictions, and determine the system’s Remaining Useful Life (RUL) before
a critical failure threshold is reached [38].

Classification SOH Estimation method:

To accurately monitor battery degradation, a wide variety of State of Health (SoH)
estimation techniques have been developed in recent literature. These methodolo-
gies are broadly classified into four primary categories based on their underlying
principles: direct measurement, model-based, data-driven, and hybrid estimation
approaches. The following sections summarize the theoretical frameworks of these
categories and compare their distinct methodologies for extracting SoH from battery
operating data.

Direct method:

Direct measurement methods evaluate battery degradation through dedicated ex-
perimental procedures, such as complete charge-discharge cycling or pulse current
characterization. While these empirical techniques are fundamentally straight for-
ward, they offer the highest degree of accuracy in quantifying the State of Health
(SoH). Consequently, the SoH values derived from direct experimental measurements
are universally utilized as the benchmark or ground-truth reference to validate the
performance of more complex estimation algorithms [39].

State of Health (SoH) by Capacity Fade:

The standard definition compares the cell’s current maximum capacity to the man-
ufacturer’s nominal rating:

SoHC = Ccurrent

Cnominal
× 100%, (2.1)

where Ccurrent is the aged battery’s maximum capacity, and Cnominal is the initial
rated capacity.
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Figure 2.2: Illustration of State of Health (SoH) estimation methods [2].

Figure 2.3: Illustration of Direct method [2].
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In automotive applications, End-of-Life (EOL) is typically defined as 80% of the
initial capacity due to safety and performance risks. Consequently, a scaled SoH
definition maps this 80% absolute capacity threshold to 0% usable SoH [38]:

SoHC,scaled =
(

1− Cnew − Ccurrent

0.2× Cnew

)
× 100%, (2.2)

where Cnew is the initial capacity of the fresh battery.

State of Health (SoH) by Internal Resistance:

Rising internal (ohmic) resistance limits instantaneous power delivery and increases
thermal losses. Therefore, SoH can also be defined based on resistance growth:

SoHR = REOL −Rcurrent

REOL −Rnew
× 100%, (2.3)

where Rcurrent is the present internal resistance, Rnew is the fresh cell resistance, and
REOL is the predefined End-of-Life (EOL) resistance threshold (often corresponding
to a 100% increase over Rnew).
Because internal resistance varies nonlinearly with the State of Charge (SoC), tem-
perature, and load current, SoHR is typically evaluated under standardized operating
conditions. In practice, it is often calculated as a weighted average over a complete
charge–discharge cycle. In high-power applications, such as hybrid electric vehicles,
this power-fade metric (SoHR) may determine battery usability before the capacity
limit (SoHC) is reached [37].

Model-based methods:

Model-based methods utilize theoretical principles or historical knowledge to con-
struct mathematical representations of the battery. These models dynamically es-
timate SoH by applying parameter optimization or adaptive filtering algorithms to
real-time operational data. They are typically divided into three subcategories
Empirical Models: These rely on historical cycle data and mathematical curve-
fitting techniques to quantify degradation. While simple to develop, they often
exhibit lower accuracy in practice due to individual cell manufacturing variances
and unpredictable or uncertain operating conditions [40].
Electrochemical Models: These utilize complex systems of partial differential
equations, such as Pseudo-Two-Dimensional (P2D) or Single-Particle (SP) models,
to simulate the exact internal chemical kinetics of the cell. Although highly accu-
rate, their severe computational cost and strict reliance on proprietary internal cell
parameters make them highly challenging to deploy on embedded hardware [41][42].
Equivalent Circuit Models (ECM): These emulate battery dynamics using
traditional electrical networks comprising voltage sources, resistors, and capaci-
tors. When paired with adaptive online identification algorithms like the Extended
Kalman Filter (EKF) or Recursive Least Squares (RLS) to update the parameters
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Figure 2.4: Illustration of Model-based methods [2]

in real time, ECMs provide a strong balance between computational efficiency and
estimation accuracy [43][44].

Data-Driven Methods:

Data-driven approaches map raw historical operating data to battery degradation
using machine learning (ML) and deep learning (DL) models, completely bypassing
the need to solve complex internal electrochemical equations. These approaches are
broadly divided into two methodologies:

Feature-Based Methods: These rely on the manual design and extraction of
explicit Health Indicators from raw operating data, such as incremental capacity
(IC) curves, voltage variances, or Electrochemical Impedance Spectroscopy (EIS)
features. These engineered features are then fed into ML algorithms such as Ran-
dom Forests, Gaussian Process Regression, or Extreme Learning Machines (ELM)
to estimate SoH. While these models are highly interpretable, their success heavily
depends on the quality of the manual feature engineering. Furthermore, they often
require domain adaptation or transfer learning to maintain accuracy across different
battery chemistries or varying load profiles [45][46].
Feature-Free (End-to-End) Methods: To eliminate the burden of manual fea-
ture extraction, feature-free methods feed raw time-series sensor data directly into
advanced deep neural networks, such as Long Short-Term Memory (LSTM) networks
or Convolutional Neural Networks (CNNs). The network automatically learns and
extracts hidden temporal features or even explicitly the features can be extracted
from the raw data by feature engineering approches, While this is highly adaptive,
this approach requires massive datasets for model training and inherently creates
black-box models, sacrificing physical interpretability for estimation performance
[47][48].
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Figure 2.5: Illustration of Data-Driven methods [2].

Hybrid Model-Data Methods:

Hybrid methodologies bridge the gap between the physical interpretability of model-
based approaches and the high accuracy of data-driven techniques. By integrating
physical battery models with machine learning, these approaches mitigate the black-
box limitations of pure AI and the computational fragility of pure mathematical
models. They are primarily classified into two categories:

Model-Data Fusion (Feature-Level Integration): This approach utilizes tradi-
tional physical models (such as Equivalent Circuit Models or Open-Circuit Voltage
models) as advanced feature extractors. Instead of feeding raw voltage and current
into a neural network, the physical models estimate internal parameters (like RC
time constants or incremental capacity peaks) [49]. These mathematically derived
parameters are then used as high quality Health Indicators and fed into data-driven
models (for instance CNNs or RNNs or Transformers) to estimate SoH. This sig-
nificantly enhances the interpretability and transferability of the machine learning
model [50][51]
Physics-Informed Neural Networks (Algorithm-Level Integration): PINNs
integrate physical battery models with deep learning by embedding domain knowl-
edge directly into the network’s training process, typically through specialized phys-
ical loss functions. By constraining the network’s output to obey established phys-
ical laws, PINNs significantly enhance both estimation accuracy and physical in-
terpretability [52]. Recent literature [53][54] demonstrates this versatility through
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Figure 2.6: Illustration of Hybrid Model-Data methods [2].
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various implementations, such as enforcing monotonic aging constraints on Re-
current Neural Networks (RNNs), embedding degradation-based partial differen-
tial equations (PDEs) into the loss function, or integrating temperature-corrected
Equivalent Circuit Models (ECMs). By bridging empirical data with theoretical
constraints—such as halfcell Open Circuit Voltage (OCV), PINNs extend beyond
simple capacity prediction to successfully isolate, internal electrochemical states like
Loss of Lithium Inventory (LLI) and Loss of Active Material (LAM) [55].

2.2 Deep Learning Methods for Battery SOH pre-
diction

Deep learning (DL) has emerged as the dominant framework for data-driven State of
Health (SoH) estimation due to its capacity to model highly non-linear, multidimen-
sional degradation dynamics without requiring explicit electrochemical equations.
Unlike traditional machine learning algorithms that rely on manually engineered
health indicators, DL architectures can automatically extract latent spatio-temporal
features directly from raw operational data (voltage, current, and temperature pro-
files). Recent literature benchmarks several distinct Deep Learning architectures
and its combinations of temporal and physics-informed neural networks, each pre-
senting unique trade-offs between estimation accuracy, computational complexity,
and sequence-handling capability [3][5][56].

2.2.1 Multi-Layer Perceptrons (MLP)
The Multi-Layer Perceptron is the foundational architecture of artificial neural net-
works, consisting of an input layer, several fully connected hidden layers, and an
output layer. The output y of a given layer is calculated as

y = ϕ(Wx + b), (2.4)

where ϕ(·) represents the non-linear activation function, W is the weight matrix, b
is the bias vector, and x is the input vector.

While MLPs are effective for dynamic static prediction tasks, their strictly feed-
forward nature means they possess no internal memory. Consequently, they are
poorly suited for sequential time-series problems like battery degradation, as they
cannot capture the temporal dependencies between consecutive charging cycles with-
out incurring an excessively heavy computational load [3].

2.2.2 Convolutional Neural Networks (CNNs)
Originally designed for spatial image processing, CNNs have been effectively adapted
for 1D time-series battery data [3]. A CNN utilizes convolutional layers to apply
local filters across the input sequence, extracting critical spatial features such as
voltage plateaus or incremental capacity peaks. The feature map hl

k for the k-th
kernel in the l-th layer is defined as:
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Figure 2.7: Illustration of MLP architecture [3].

hl
k = ϕ

(
wl

k ⋆ x + bl
k

)
, (2.5)

where ⋆ denotes the convolution operator. To introduce non-linearity, activation
functions like ReLU (Rectified Linear Unit) are applied, followed by pooling layers
to down-sample the feature map, thereby reducing computational complexity.
While CNNs excel at isolating local variations within a single charging profile, stan-
dard 1D-CNNs lack the recurrent connections necessary to map long-term, multi-
cycle degradation trends [3].

Figure 2.8: Illustration of CNN architecture [4].

2.2.3 Long Short-Term Memory (LSTM) Networks
The LSTM network, which introduces a sophisticated internal memory cell governed
by a gating mechanism. An LSTM cell regulates the flow of information through
three primary gates: the forget gate (ft), the input gate (it), and the output gate
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(ot) according to

ft = σ (Wf [ht−1, xt] + bf ) , (2.6)
it = σ (Wi[ht−1, xt] + bi) , (2.7)
c̃t = tanh (Wc[ht−1, xt] + bc) , (2.8)
ct = ft ⊙ ct−1 + it ⊙ c̃t, (2.9)
ot = σ (Wo[ht−1, xt] + bo) , (2.10)
ht = ot ⊙ tanh(ct), (2.11)

where σ(·) is the Sigmoid activation function, ⊙ represents the Hadamard (element-
wise) product, ct is the cell state, and ht is the hidden state. This architecture
allows the LSTM to retain critical historical degradation data (such as early-life
capacity drops) over thousands of cycles, making it industry standard for battery
SoH estimation [3].

Figure 2.9: Illustration of LSTM architecture [3].

2.2.4 Attention Mechanisms and Transformers
Attention mechanisms allow neural networks to dynamically weigh the importance
of different segments of an input sequence, rather than processing them strictly
sequentially. The self-attention mechanism, foundational to Transformer architec-
tures, calculates a weighted sum of values based on the relationship between Queries
(Q), Keys (K), and Values (V ):

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (2.12)

where dk represents the dimension of the hidden layer and softmax is generalization
of the logistic function to multiple dimensions.
In battery prognostics, attention mechanisms allow the model to focus specifically
on highly degraded knee point cycles or anomalous temperature events, effectively
ignoring irrelevant operational noise. While Transformers offer state-of-the-art pre-
dictive accuracy, their quadratic memory complexity presents severe barriers for
real-time edge deployment [3].
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Figure 2.10: Illustration of Transformers architecture [3].

2.2.5 Physics-Informed Neural Networks (PINNs)
As highlighted in recent literature[5], traditional empirical models oversimplify bat-
tery aging as a univariate function of time. In reality, degradation is a multivariate
process heavily influenced by conditions like temperature, State of Charge (SOC),
Depth of discharge (DOD) and charging rates. To capture this complexity, the State
of Health (SoH) is modeled as a multivariate function, u = f(t, x), where t is time
(or Equivalent full cycles) and x represents a vector of operational features. The
internal degradation dynamics are governed by a partial differential equation (PDE):

∂u

∂t
= g(t, x, u; θ), (2.13)

Because the exact non-linear aging function g(·) is fundamentally unknown, Physics-
Informed Neural Networks (PINNs) utilize deep learning to approximate these dy-
namics while strictly adhering to thermodynamic constraints. As illustrated in Fig-
ure 2.11, the PINN framework employs two interacting neural networks. Crucially,
this framework is architecturally agnostic. Depending on the sequence-handling
requirements of the data, the two sub-networks can be constructed using various
combinations of deep learning models, such as MLP-MLP, LSTM-MLP, or LSTM-
LSTM configurations.

1. The Solution Network F (·) Parameterized by learnable weights Φ, this primary
network maps the temporal sequence t and feature vector x to output the estimated
SoH (û). Using automatic differentiation, it simultaneously extracts the partial
derivatives of the SoH with respect to time (ut) and input features (ux).
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2. The Dynamic Approximator Network G(·): Instead of relying on a rigid math-
ematical formula, a secondary network parameterized by Θ models the unknown
degradation dynamics by taking the outputs of the solution network as inputs,
approximating ut ≈ G(t, x, u, ut, ux; Θ). By linking these networks, the physics-
informed constraint H is defined as the residual error between the calculated tem-
poral derivative and the output of the dynamic network:

H = ∂F (t, x; Φ)
∂t

−G (t, x, u, ut, ux; Θ) , (2.14)

3. The Composite Loss Function: To ensure the discrete neural network training
satisfies continuous physical PDEs, backpropagation is forcibly constrained by a
composite loss function (L), governed by trade-off hyperparameters α and β:

L = Ldata + αLPDE + βLmono. (2.15)

Empirical Data Loss (Ldata): Mean Squared Error between the true SoH (ui) and
the predicted SoH (ûi):

Ldata =
N∑

i=1
(ui − ûi)2 . (2.16)

PDE Physics Loss (LPDE): Strictly enforces the dynamic degradation equation,
penalizing the network if the residual H deviates from zero:

LPDE =
N∑

i=1
|H(ti, xi)|2 . (2.17)

Monotonicity Constraint (Lmono): A Rectified Linear Unit (ReLU) penalty reflecting
thermodynamic reality, ensuring predicted capacity does not unphysically increase
over consecutive cycles:

Lmono =
M∑

j=1

Nj∑
k=1

ReLU (ûk+1 − ûk) . (2.18)

Performance Metrics and Accuracy Benchmarking:

Here Table 2.1 provides a comprehensive performance benchmark of the reviewed
deep learning architectures across standardized laboratory data sources, sequence-
handling capabilities, and expected error thresholds. This comparative framework
maps the evolutionary trajectory of SoH prediction from basic empirical profiles to
complex, physics-informed time-series models. It explicitly correlates architectural
complexity with predictive precision using data from CC-CV protocols, pulse testing,
and large-scale data sources such as the XJUT/MIT/Stanford dataset [3].
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Figure 2.11: Illustration of PINN architecture [5].

Table 2.1: Comparison of deep learning architectures for battery State of Health
(SOH) Prediction

Deep
Learning
Architecture

Data Type MSE R2 Key
Litera-

ture

MLP (CC–CV) cycling/ pulse
tests/Drive cycle.

0.000139 0.9331 [3]

CNN (CC–CV) cycling/ pulse
tests/Drive cycle.

0.000161 0.9187 [3]

LSTM (CC–CV) cycling/ pulse
tests/Drive cycle.

0.00011 0.9407 [3]

GRU (CC–CV) cycling/ pulse
tests/Drive cycle.

0.0000983 0.9503 [3]

Attention /
Transformer

(CC–CV) cycling/ pulse
tests/Drive cycle.

0.000135 0.9317 [3]

PINN (CC–CV) cycling/ pulse
tests/Drive cycle.

0.00012 - [5]
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2.3 Model Compression Techniques
The main goal of model compression is to simplify a neural network’s design. Reduce
its size and its inference latency without much affecting the predictive accuracy of
the model. Size reduction minimizes the total parameter count and memory foot-
print, directly conserving Random Access Memory (RAM) for other critical system
functions. Concurrently, latency reduction accelerates the inference process, which
fundamentally lowers energy consumption. Because model size and memory ac-
cess frequency are closely related, these optimizations go hand-in-hand. Ultimately,
achieving both reductions is a kind of mandatory prerequisite for deploying complex
deep learning models onto power and memory constrained edge hardware, such as
embedded microcontrollers [57].

Deploying advanced deep learning architectures on resource-constrained Battery
Management Systems (BMS) requires bridging the gap between high predictive ac-
curacy and strict hardware limitations [57]. Model compression resolves this com-
putational bottleneck through three core paradigms:

Structural Simplification: Reduces the physical size and operation count of
the network. Network Pruning induces sparsity by removing redundant weights
or neurons, while Low-Rank Approximation decomposes large, dense matrices into
computationally efficient sub-matrices [57][58].

Precision Scaling: Lowers arithmetic complexity without altering the network
geometry. Model Quantization converts high-precision floating-point weights into
low precision integers, drastically shrinking the memory footprint [57][58].

Architectural Transfer and Search: Generates inherently lightweight models.
Knowledge distillation transfers the learned degradation dynamics from a massive
Teacher model to a compact Student [59], while Neural Architecture Search (NAS)
automates the discovery of custom hardware-optimized network topologies [8][60].

2.3.1 Network Pruning and Sparsity
Deep neural networks are fundamentally over-parameterized, often containing extra
numbers of redundant weights that encode identical information. Network pruning
systematically removes these unwanted connections to reduce the model’s physical
memory footprint and floating-point operations (FLOPs). This process is classified
into two distinct paradigms:
Unstructured Pruning: This approach evaluates and eliminates individual weights
independently. Using magnitude based criteria such as the iterative thresholding
method established by Han et al [61]. computationally insignificant weights are ex-
plicitly set to zero, followed by network retraining to compensate for the removed
connections. While this achieves extreme compression rates with minimal accuracy
loss, it generates highly irregular sparse matrices. Because standard embedded mi-
crocontrollers within a Battery Management System (BMS) cannot efficiently pro-
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cess irregular memory accesses, unstructured pruning rarely yields actual latency or
energy reductions without specialized hardware accelerators.

Figure 2.12: Illustration of unstructured pruning [6]

Structured Pruning Instead of picking off isolated weights, it takes a more holistic
approach: it removes entire architectural building blocks, such as complete neurons,
channels, or convolutional filters [62]. This is the key to unlocking actual inference
speed on standard edge hardware. Because this method systematically slices out
entire rows or columns, the network’s weight matrices shrink but remain perfectly
dense and organized [63]. This elegantly avoids the messy, sparse connectivity bot-
tlenecks that standard microcontrollers typically struggle to process.
Modern implementations have made this optimization process highly intelligent.
For instance, Huang et al. [64] introduced data-driven pruning agents algorithms
that iteratively test and remove different filter combinations to reduce the compu-
tational heavy lifting. Crucially, these agents operate under a strict drop bound,
which acts as a safety net to ensure the model’s predictive accuracy never falls be-
low a predefined limit. Ultimately, for real-time State of Health (SoH) estimation,
this structured methodology is not just optional; it ensures the neural network is
custom-tailored to physically fit within the strict memory and latency budgets of
the target microcontroller [65].

Figure 2.13: Illustration of structured pruning [6]

2.3.2 Quantization
While pruning reduces the number of parameters, quantization decreases the physi-
cal size of the weights that remain. Exploiting a neural network’s inherent resilience
to numerical noise, quantization maps high-precision 32-bit floating-point (FP32)
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weights and activations to lower-bit discrete formats, most commonly 8-bit integers
(INT8). By binning or clustering weights based on their layer-wise distributions,
techniques like those pioneered by Han et al. [58] can instantly compress a model’s
physical memory footprint by a factor of four.
To achieve true hardware acceleration, the network’s mathematical operators must
also be quantized. This requires careful calibration of intermediate activation ranges
to prevent bit-overflows during inference[66]. Ultimately, mapping the model to
INT8 precision strictly aligns it with the integer-optimized Arithmetic Logic Units
(ALUs) of standard microcontrollers. By completely bypassing memory-heavy float-
ing point operations, quantization allows models to execute fast, power-efficient
State of Health (SoH) predictions directly on an embedded Battery Management
System (BMS)[22].

Figure 2.14: Illustration of Quantization

2.3.3 Low Rank Approximation (LoRA)
Low-rank approximation tackles over-parameterization by exploiting the inherent
cross-channel and cross-filter redundancy within deep neural networks. It mathe-
matically decomposes massive, full-rank weight tensors into a linear combination of
smaller, computationally efficient sub-matrices. For standard 2D weights (in our
case fully connected or LSTM layers), this is typically achieved via Singular Value
Decomposition (SVD), while multi-dimensional convolutional filters utilize tensor
factorizations like CP or Tucker decomposition. For instance, Kim et al. utilized
Tucker decomposition to drastically reduce floating-point operations (FLOPs) and
energy consumption for mobile processors [67]. Similarly, Jaderberg et al. demon-
strated that factorizing full-rank filters into rank-1 vectors can yield a 4.5× compu-
tational speedup with minimal accuracy loss [68].
Crucially for deployment on an embedded Battery Management System (BMS),
low-rank approximation yields an architecture composed entirely of smaller, dense
matrices. Because it avoids the irregular sparsity patterns generated by unstructured
pruning, it requires no specialized hardware accelerators. Standard automotive mi-
crocontrollers can natively execute these factorized models, achieving immediate
reductions in memory footprint and inference latency [67][68][69].

2.3.4 Knowledge Distillation (KD)
Knowledge Distillation bridges the performance gap between high-capacity neu-
ral networks and resource-constrained edge hardware. While achieving high pre-
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Figure 2.15: Illustration of LoRA

dictive accuracy for complex battery degradation dynamics requires large, over-
parameterized models, microcontrollers are severely limited by strict Flash, SRAM,
and latency budgets. Knowledge Distillation resolves this conflict by allowing a mas-
sive, highly accurate Teacher model to transfer its generalized representations and
rich output distributions into a compact, structurally independent Student model
[21]. To achieve this, Hinton etal. introduced a temperature parameter (T ) to
the Teacher’s softmax output, generating a softened probability distribution. This
reveals latent relational patterns within the incorrect predictions, providing the Stu-
dent with a much richer gradient signal than standard ground-truth targets alone
[70].

Knowledge transfer also extends to the network’s internal structure; Romero et
al. demonstrated that a Student can minimize the mathematical distance to the
Teacher’s intermediate layers [71]. Because the Student does not have to share
the Teacher’s topology, KD provides immense architectural flexibility. For State of
Health (SoH) estimation, complex degradation trajectories can be mapped offline by
massive network ensembles, and then seamlessly distilled into a lightweight archi-
tecture custom-built for the computational limits of a Battery Management System
(BMS).

Figure 2.16: Illustration of Knowledge Distillation [7]
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2.3.5 Neural Architecture Search (NAS)
Combining multiple compression techniques creates a design space too vast for man-
ual trial-and-error. Neural Architecture Search (NAS) automates this optimization
by using machine learning to systematically discover architectures that outperform
human-designed models. As defined by Elsken et al., NAS relies on a search space
of possible operations, a search strategy (Reinforcement Learning) to explore it,
and a performance estimation strategy to evaluate candidates [8]. When applied to
compression, NAS dynamically tailors networks to exact hardware budgets. For ex-
ample, He et al. developed AutoML for Model Compression (AMC), which uses an
agent parameterized by target latency and memory limits to automatically output
bespoke, layer-by-layer pruning ratios [72].

To bypass the immense computational cost of training every candidate from scratch,
advanced NAS employs predictive modeling such as Bayesian Optimization to es-
timate the accuracy of randomly shrunk architectures, ensuring only the most
promising models undergo full evaluation [73]. Ultimately, for real-time State of
Health (SoH) estimation, NAS eliminates edge-deployment guesswork. By encod-
ing the exact RAM and processing constraints of a Battery Management System
(BMS)/Embedded systems directly into the search space, NAS automatically engi-
neers a custom neural network that balances accurate degradation tracking with the
physical limits of automotive hardware.

Figure 2.17: Illustration of Neural Architecture Search[8]

2.4 Embedded AI Deployment Frameworks
Deploying compressed models onto edge hardware requires specialized software eco
systems to bridge the gap between high-level training environments and bare-metal
microcontrollers. These toolchains convert pre-trained models into statically al-
located C/C++ code, bypassing the need for dynamic memory allocation or an
underlying operating system.
For broad hardware compatibility, models are often exported to intermediate rep-
resentations like ONNX and optimized via compilers like Apache TVM. On ultra-
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low-power devices, TensorFlow Lite for Microcontrollers (TFLM) serves as the in-
dustry standard. TFLM executes models on microcontrollers with mere kilobytes of
memory, minimizing runtime binary size while natively supporting INT8 quantized
operations [74]. However, TFLM relies on an interpreter-based architecture where
a micro-runtime parses a serialized model flatbuffer during execution. While highly
compatible, the interpreter introduces inherent parsing overhead and limits the deep
fusion of sequential mathematical operations.
For automotive Battery Management Systems (BMS), engineers rely on proprietary
frameworks—such as STMicroelectronics STM32Cube.AI or NXP’s eIQ—to explic-
itly exploit specific microcontroller architectures. These tools automatically map
network layers to internal DSP instructions and memory hierarchies [75]. Crucially
for real-time State of Health (SoH) estimation, they enable precise pre-deployment
validation of flash memory footprints and execution latencies, ensuring the AI safely
coexists with critical battery control protocols on the same chip.
To achieve maximum optimization and bypass the limitations of interpreter-based
runtimes, modern compiler-based frameworks like Apache TVM fundamentally lower
the neural network into an intermediate representation (IR), subsequently generat-
ing heavily optimized, hardware-specific source code before deployment. Modern
deployments utilizing Apache TVM leverage the latest Relax framework, which
supersedes the legacy Relay architecture. Relax introduces first-class support for
dynamic shapes and highly customized computational graphs, which is particularly
beneficial when handling specialized W8A32 quantization strategies where weights
and activations operate in mixed precisions.
For bare-metal microcontrollers, TVM utilizes an Ahead-of-Time (AOT) compila-
tion strategy combined with the Relax Virtual Machine (VM) execution engine to
generate a self-contained, static C application. A critical advancement in this run-
time is the modernized tvm.nd.array Application Programming Interface (API).
By mapping input features and long-term LSTM hidden states directly through
these ND arrays, the framework drastically reduces data movement overhead and
ensures deterministic memory access during real-time inference.

2.5 Real-Time Embedded Systems and Concur-
rency

The translation of a deep learning model into C code is only a partial solution for
automotive Battery Management Systems (BMS). The generated AI engine must
be integrated into a rigorous real-time embedded ecosystem where computational
determinism, strict latency deadlines, and fault tolerance are mandatory.

2.5.1 Bare-Metal Execution and Static Memory Manage-
ment

In critical automotive edge applications, software is often deployed in a "bare-metal"
configuration executing directly on the MCU without the scheduling overhead or
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Figure 2.18: Illustration of Frameworks workflow [3]

context-switching jitter of a Real-Time Operating System (RTOS). This ensures
that control loops and inference tasks execute with absolute temporal predictability.
A fundamental constraint in bare-metal safety-critical systems is the prohibition of
dynamic memory allocation. Dynamic allocation introduces unpredictable execution
times and highly risks heap fragmentation, which can cause the system to unexpect-
edly run out of memory (Out-Of-Memory fault) during continuous operation. To
satisfy this requirement, neural network deployments must employ static memory
management. Techniques such as a Static Bump Allocator reserve a contiguous,
highly aligned block of SRAM at compile time. During inference, temporary acti-
vation tensors are sequentially allocated from this static pool, and the entire pool is
instantly reclaimed by resetting a single offset pointer at the end of the execution
step, guaranteeing mathematical safety and absolute memory stability.

2.5.2 Asynchronous Data Streams and Double-Buffering
In a real-world BMS, operational data (voltage, current, temperature) is acquired
asynchronously via high-speed vehicular networks such as the Controller Area Net-
work (CAN) bus. These data packets arrive as hardware interrupts. A critical archi-
tectural challenge arises because the AI inference process—which requires millions
of clock cycles—cannot block the rapid execution of the Interrupt Service Routine
(ISR) capturing the sensor data. Conversely, the ISR cannot be allowed to overwrite
the sensor buffers while the AI model is actively reading them, which would cause
severe data corruption (Race Conditions).
To decouple asynchronous data acquisition from synchronous AI computation, a
Double-Buffering (or Ping-Pong buffering) architecture is utilized. This concurrency
control mechanism employs two identical memory arrays. The ISR writes incoming
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sensor data exclusively into the "active" buffer. Simultaneously, the main application
loop reads from the "ready" buffer to execute feature extraction and LSTM inference.
Once the active buffer is filled and the inference on the ready buffer is complete,
the roles of the two buffers are atomically swapped using strict concurrency locks.
This ensures zero data loss during high bus loads and isolates the computational
bottlenecks from the communication interfaces.

2.5.3 Functional Safety and Mathematical Fault Isolation
Edge AI algorithms are inherently brittle to corrupted inputs. In automotive envi-
ronments, electromagnetic interference (EMI), sensor degradation, or communica-
tion glitches can easily introduce invalid numerical values—such as Not-a-Number
(NaN) or Infinity (Inf)—into the data stream.
For recurrent architectures like LSTMs, this vulnerability is amplified. Because the
network’s hidden state and cell state are recursively fed back into the model at
every time step, a single NaN value injected by a faulty sensor will mathematically
poison the entire long-term memory state. This corruption inevitably cascades,
causing the State of Health (SOH) predictions to collapse entirely. Consequently,
robust embedded implementations must enforce strict boundary enforcement and
mathematical fault isolation. All raw features must be sanitized through limit-
bounding (e.g., Min-Max clamping) and explicit floating-point validation functions
prior to inference. Furthermore, the generated output states must be verified for
mathematical finiteness before being authorized to overwrite the LSTM’s feedback
buffers for the subsequent sequence step.
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Figure 3.1 illustrates the end-to-end experimental workflow. The pipeline begins
with data partitioning into training and test sets, followed by battery-specific feature
extraction and selection. Subsequently, a compressed deep learning model is trained
to ensure high State of Health (SoH) prediction accuracy. Finally, the optimized
model is deployed onto target microcontroller hardware to jointly assess predictive
performance and resource efficiency.

Figure 3.1: Illustration of Frameworks workflow
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3.1 Data source and Data preparation

Developing a robust and generalizable model relies heavily on data quality. This
section details the dataset sources and data preparation process, including the pre-
processing and feature engineering pipelines.

3.1.1 Data source

As the core aim of this thesis is to develop a highly generalized model that remains
completely chemistry-agnostic, condition-agnostic with respect to varying operating
temperatures and current profiles. A comprehensive data collection strategy was
required. The gathered data consist of cyclic aging diverse range of operational
profiles, including constant-current constant-voltage (CCCV) charge and discharge
cycles, pulse tests and standard dynamic drive cycles. These datasets are collected
from various openly available public repositories and institutions, which include
three primary lithium-ion battery chemistries: Lithium Nickel Manganese Cobalt
Oxide (NMC), Lithium Nickel Cobalt Aluminum Oxide (NCA), and Lithium Iron
Phosphate (LFP).

A comprehensive breakdown of these sources detailing the specific chemistries, the
total number of batteries acquired from each institution, and the final count of vi-
able and non-damaged batteries validated for training and profile information which
is presented in Table 3.1.

Table 3.1: Summary of battery datasets used in this work.

Dataset Chem. Cells Profile

ECOLECENTRALELYON2024_WLTP LFP 13 WLTP driving charge and discharge
cycles

ECOLECENTRALELYON2024_CC LFP 3 Constant current (CC)
ATTIA2020TESTSC LFP 188 Fast charge + CC discharge
ATTIA2020 LFP 44 Fast charge + CC discharge
MIT LFP 138 –
HUST LFP 77 Constant-current cycling
LUHBLANK2024_CYCLIC NMC 96 Constant-current cycling
LUHBLANK2024_PROFILE NMC 31 Dynamic WLTP
XJTU NMC 44 Fast charge + CC discharge
SCHMITT2024 NMC 10 WLTP driving profile
RWTH NMC 24 –
GESLIN2025 NCA 92 Driving cycle, pulse discharge, CC

charging
NASA NCA 16 –
GRAZ2023 NCA 87 Dynamic load profile
STROEBL NCA 147 CC cycling
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3.1.2 Data preparation
The objective of the proposed methodology is to establish an early-life forecasting
approach for State of Health (SoH) prediction[76]. The raw input data consists of
the three primary parameters directly sensed from the battery voltage, current, and
temperature while the target variable is SoH. To develop a robust deep learning
model that operates independently of explicit cycle aging information, the model
must rely strictly on these three physical signals. Therefore, transforming the raw
data into a unified, mathematically consistent format is a prerequisite for effective
data-driven training [77].

To achieve this, the data undergoes a process to reshape, realign, and resample
the raw measurements. Because the datasets are from various independent labora-
tories, they are sampled at different frequencies. To resolve this inconsistency, all
datasets are resampled with an identical number of sample points [78]. This resam-
pling aligns batteries with vastly different lifespans onto a uniform sample point grid,
ensuring perfectly consistent feature dimensions across the entire training process.

Additionally, raw sensor data usually picks up noise and errors from the hardware.
A two-step filtering process is used to clean the time-based data before extracting
key features. First, a median filter is applied to catch and remove sudden, sharp
spikes in the readings [79].

For a given time-series sequence x, the median-filtered output y at time step n
utilizing a sliding window of size 2k + 1 is defined mathematically as:

y[n] = median (x[n− k], . . . , x[n], . . . , x[n + k]) (3.1)

Next, a Savitzky-Golay filter is used to smooth out any remaining background noise
[80].Its equation is given as:

yi =
m∑

j=−m

Cjxi+j (3.2)

This specific filter is highly valuable because it smooths the signal while keeping
the exact shape, height, and width of the data’s peaks and waves. Preserving these
physical details is necessary to accurately calculate advanced statistics features for
early life prediction [81].

Target side:
To ensure consistency across all datasets, every battery’s entire lifespan was resam-
pled to exactly 200 cycle points. Regardless of how many physical cycles a battery
actually completed during testing, its full degradation history is compressed into this
fixed 200-point window. This standardization gives the neural network a uniform
input size, ensuring the model learns the true physical signs of battery aging rather
than simply counting the number of cycles. And the series of figures demonstrates
some examples of raw data to preprocessed data.
Input side:
The input data of the model to the network and mapping the input to the target

32



3. Methodology

Figure 3.2: Illustration of preprocessed data of MIT Lab (LFP)

Figure 3.3: Illustration of preprocessed data of HUST Lab(LFP)

Figure 3.4: Illustration of preprocessed data of ECO Lab(LFP)
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Figure 3.5: Illustration of preprocessed data of LUHBLANK2024cyclic
Lab(NMC)

Figure 3.6: Illustration of preprocessed data of LUHBLANK2024profile
Lab(NMC)

Figure 3.7: Illustration of Raw data and preprocessed data of XJTU Lab(NMC)
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Figure 3.8: Illustration of Raw data and preprocessed data of TONGJI
Lab(NCA)

Figure 3.9: Illustration of Raw data and preprocessed data of NASA Lab(NCA)
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is built specifically around the earliest cycles of the battery. The network takes
the voltage (V), current (I), and temperature (T) readings strictly from the first
10 cycles of the battery’s life. Within this standardized preprocessing setup, the
data for every individual cycle is sampled to 200 points. Therefore, combining the
first 10 cycles creates a continuous sequence of exactly 2,000 data points for each
physical parameter (V, I, and T). This establishes a clear mapping strategy: a single
block of 10 cycles represented by these 2,000 sample points of V, I, and T serves as
the complete input used to predict one corresponding State of Health (SoH) target
value.

MIT Dataset HUST Dataset

Third Dataset Fourth Dataset

Figure 3.10: Comparison of early-cycle data from different datasets.

The specific data extracted from the initial 10 cycles is highlighted in blue in Figure
3.10. And figures 3.11 through 3.14 provide further examples of the extracted input
data profiles across different batteries.

36



3. Methodology

Figure 3.11: Illustration of input data sampling, LAB:MIT

Figure 3.12: Illustration of input data sampling, LAB:HUST

Figure 3.13: Illustration of input data sampling, LAB: XJTU

Figure 3.14: Illustration of input data sampling, LAB: NASA
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3.2 Feature engineering

This process transforms the preprocessed data (shape and time aligned) of charging
and discharging profiles into a condensed set of numerical descriptors and statistical
features. Rather than relying on raw high-dimensional inputs, this step extracts
over 28 specific features that effectively capture the underlying mechanisms of health
degradation [3].

3.2.1 Feature extraction
This step computes specific physical, statistical, and informational metrics from the
temporal data profiles[3][5]. The extraction processes for the primary feature cate-
gories are detailed below:

Energy, Capacity, and Power Metrics:
These metrics quantify the fundamental energy transfer characteristics and power
dynamics within the sampled window.

Window Capacity (Qwindow): Calculated by integrating the absolute current over
the selected window (scaled for Ah conversion):

Qwindow
∑ |It| ·∆t

3600 , (3.3)

Window Energy (Ewindow): Calculated by integrating the product of voltage and
absolute current over the selected window:

Ewindow
∑ |Vt · It| ·∆t

3600 , (3.4)

Power Variance: Measures the fluctuation in power delivery, defined as the variance
of the instantaneous power:

Var(P ) = Var(V · I), (3.5)

Statistical Indicators: Four primary statistical features are derived to quantify
the signal distributions from a mathematical perspective. These include the signal
mean (x̄), standard deviation (σ), skewness, and kurtosis

Mean:
x̄ = 1

n

n∑
i=1

x(i) (3.6)

Standard Deviation:

σ =
√√√√ 1

n− 1

n∑
i=1

(x(i) − x̄)2 (3.7)
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Skewness:

Skewness =
∑n

i=1

(
x(i) − x̄

)3

(n− 1)σ3 (3.8)

Kurtosis:

Kurtosis =
∑n

i=1

(
x(i) − x̄

)4

(n− 1)σ4 (3.9)

voltage entropy:

H(V ) = −
n∑

i=1
P (vi) log2 P (vi) (3.10)

Minimum and Maximum Parameters (V, I, T):

To capture the operational boundaries within each sampled window, the peak and
minimum values are extracted for the voltage, current, and temperature profiles.
Voltage:

Vmin = min(V ), Vmax = max(V ) (3.11)

Current:
Imin = min(I), Imax = max (|I|) (3.12)

where the absolute magnitude is used to capture the peak current flow.
Temperature:

Tmin = min(T ), Tmax = max(T ) (3.13)

3.2.2 Feature selection
While the feature extraction process yields over 28 distinct features, not all of them
contribute meaningfully to the final prediction. Considering the strict computa-
tional limitations of the target Microcontroller Unit (MCU) as well as the critical
need to prevent overfitting and eliminate redundant information, a three step fea-
ture selection pipeline is implemented to isolate the most robust predictors for State
of Health (SoH) forecasting.[82]:

As mentioned, this selection pipeline isolates the optimal variables through a com-
bination of three complementary techniques:

Pearson Correlation Analysis: This initial step identifies and eliminates multi-
collinearity among the extracted features. Features exhibiting a high linear correla-
tion with one another are filtered out to ensure the final set inputs contains unique
and independent markers, which reduces unnecessary clutter[83]. Mathematically,
the Pearson correlation coefficient rxy evaluates the linear relationship between two
feature vectors, x and y, of length n

rxy =
∑n

i=1(xi − x̄)(yi − ȳ)√∑n
i=1(xi − x̄)2∑n

i=1(yi − ȳ)2
(3.14)
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In the equation, x̄ and ȳ represent the average values of those features. If the corre-
lation score between any two features goes above a specific limit, they are considered
too similar. To keep the data completely independent, one of these overlapping fea-
tures is dropped.

Maximal Information Coefficient (MIC): Pearson correlation is well suited
to linear dependencies, while battery degradation is governed by highly non-linear
electrochemical dynamics. To capture such complex relationships, the Maximal
Information Coefficient (MIC) is incorporated into the pipeline [84]. MIC is a pow-
erful statistical tool to detect and measure the strength of linear and non-linear
associations between a single feature and the target variable (SoH). It does this by
overlaying a grid on the scatterplot of the two variables and computing the mutual
information at multiple resolutions of the grid. The MIC score is the maximal mutual
information, normalized to a scale between 0 (no relationship) and 1 (deterministic
relationship):

MIC(x, y) = max
a×b<B(n)

I∗(x, y, a, b)
log2(min(a, b)) (3.15)

Here, I∗(x, y, a, b) is the maximum mutual information achieved for a grid of a
columns and b rows, and B(n) represents the maximum allowed grid size as a func-
tion of the sample size n (typically B(n) = n0.6). Features that exhibit a low MIC
score with the SoH are discarded, ensuring that only variables possessing a strong
underlying physical or statistical relationship to battery degradation are retained
[85].

Random Forest Feature Importance: Following the correlation and non-linear
filtering, a Random Forest algorithm scores the remaining features based on their
predictive value for the battery’s State of Health (SoH) [86]. It measures how well
each feature reduces uncertainty (variance) across the model’s decision tree. This
reduction is called the Mean Decrease in Impurity (MDI) and is calculated at any
splitting node τ as:

∆I = p(τ)I(τ)− p(τL)I(τL)− p(τR)I(τR), (3.16)

Here, p(τ) is the fraction of data reaching the node, and I(τ) represents the current
impurity. The L and R subscripts denote the data proportions passed to the left
and right branches. A feature’s final importance score is simply the sum of these
impurity reductions across the entire forest.

3.3 Model Development
This section details the development, training, and evaluation of the predictive
model used to estimate the battery’s State of Health (SoH).

3.3.1 Baseline Model Architecture
A Long Short-Term Memory (LSTM) network was selected as the baseline architec-
ture. LSTMs were explicitly chosen to address the primary research question due
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to its success and robustness in battery state estimation tasks [87].Unlike standard
feedforward neural networks, LSTMs utilize internal memory mechanisms, specifi-
cally input, forget, and output gating units, that make them exceptionally capable
of capturing the longterm temporal dependencies and sequential degradation pat-
terns inherent in lithium ion battery cycling.

Although LSTMs are very accurate at predicting trends over time, their complex
design usually requires a lot of memory and processing [88]. Since the main goal
of this research is to shrink and optimize the model so it can run on small devices,
this standard LSTM acts as our starting point for comparison. It is carefully built
to find a balance between function of model and the limited hardware resources of
the target Microcontroller Unit.

Architecturally, the baseline network begins with an input layer specifically struc-
tured to accept the time-series sequences of the final optimized feature subset. This
structured data is then passed into one or more LSTM layers designed to process
the temporal dynamics of the battery’s electrochemical behavior over the recorded
cycles. Finally, a fully connected (dense) output layer maps these extracted tem-
poral features to a single, continuous numerical State of Health (SoH) prediction
[89].

3.3.2 Model Training
This section outlines the methodological approach utilized to train the LSTM net-
work, focusing on the dataset Splitting Strategy, selected loss function, the hyper-
parameter optimization strategy and the implementation of early stopping to ensure
generalization.

Dataset Splitting Strategy: Before optimizing the network weights, the bat-
tery dataset needs to be divided carefully. Since State of Health (SoH) forecasting
involves interconnected time-series data, a standard random split can easily lead
to data leakage. If individual measurements are randomly shuffled, data from the
same physical battery may end up in both the training and testing sets. In that case,
the model could simply memorize the degradation pattern of a particular battery
instead of learning aging patterns that can generalize to unseen batteries [21].

To avoid this issue, a two-stage splitting strategy is used at the Battery ID level.

First, the dataset is split into a 95% training and validation pool and a fixed 5%
test set. Importantly, the ID’s are selected in test set in such a way that it contains
battery IDs from every laboratory represented in the dataset. These batteries are
kept completely separate from the training and validation data. This ensures that
the final evaluation is performed on batteries the model has never seen before.

The remaining 95% of the batteries from all sources are combined into a single
pool. To minimize the risk of the model learning patterns specific to a particular
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laboratory or chronological order, the battery IDs in this pool are thoroughly shuf-
fled. This creates a more mixed training sequence, where batteries from different
sources are interleaved rather than being processed laboratory by laboratory. For
example, a battery from one facility may be followed by batteries from several other
laboratories.

After shuffling, a Stratified Group K-Fold cross-validation strategy is applied to
the 95% pool for model training and hyperparameter tuning, including the early
stopping process. This strategy is designed to satisfy three important requirements:
group isolation, laboratory-level stratification, and rotation between folds.

First, strict group isolation is maintained by using the unique Battery ID as the
grouping variable. This ensures that all measurements from a given battery remain
entirely within either the training or validation set and are never split between the
two [90]. Second, the laboratory information is used to stratify the folds so that each
fold contains a balanced and representative proportion of batteries from the differ-
ent laboratories. This prevents any individual fold from being dominated by data
from a particular source. Finally, the training and validation sets are rotated across
the different folds. For example, in one fold, a specific subset of batteries is used
for training while the remaining batteries are used for validation. In the next fold,
these groups are reassigned. This process allows every battery in the 95% pool to
contribute to both training and validation at different stages, while still maintaining
strict separation within each fold.
Overall, this combined strategy helps prevent data leakage, supports reliable hy-
perparameter tuning, and provides a more balanced and robust assessment of the
model’s ability to generalize to unseen batteries [91].

Loss Function and Mini-Batch Training: During the training phase, the ma-
chine learning model relies on an objective loss function to continuously evaluate its
predictions against the actual expected output. The network is trained over multiple
iterations, known as epochs, where one epoch represents a complete pass through
the entire training dataset. After each pass, the network’s internal parameters are
updated based on the calculated loss to incrementally improve prediction accuracy
for the next iteration. For this forecasting task, the error between the target State
of Health (SoH) and the model’s output is measured using the Mean Squared Error
(MSE) [92].
The objective function is defined using the Mean Squared Error (MSE), which mea-
sures the average squared difference between the predicted and actual State of Health
(SoH) values:

MSE = 1
n

n∑
i=1

(yi − ŷi)2 (3.17)

where n is the total number of samples, yi denotes the actual SoH value of the ith
sample, and ŷi represents the corresponding SoH value predicted by the model.

42



3. Methodology

Figure 3.15: Illustration of data split strategy

However, instead of calculating the MSE once per epoch over the entire dataset,
the data is randomly divided into smaller subsets called mini-batches. The size of
these subsets is dictated by the batch-size hyper-parameter. Calculating the loss
and updating the network weights per mini-batch rather than after the full dataset
is processed, allows for more frequent and granular adjustments. This approach
mimics the stabilizing effect of a smaller learning rate, ultimately improving the
robustness and efficiency of the model’s convergence [93].

Hyper-parameter Optimization: To maximize the model’s predictive perfor-
mance, it is crucial to determine the optimal configuration of its hyper-parameters.
These parameters govern both the physical architecture of the network, such as the
number of hidden layers and the amount of LSTM units per layer and the train-
ing mechanics, including the learning rate and batch size [94]. Because the ideal
configuration is rarely known in advance, a defined range of potential values must
be investigated for each variable. To accomplish this, a grid-search algorithm is
employed. This method systematically iterates through a defined grid of parameter
ranges, and does evaluate the model’s performance for every possible combination
to isolate the perfect parameter that achieves the best overall evaluation score.

Early Stopping Mechanism: A common challenge when training data-driven
models over extended periods is the risk of overfitting, where the network begins
to memorize the training data rather than learning generalizable degradation pat-
terns [95]. To mitigate this effect and simultaneously reduce unnecessary training
duration, an early stopping mechanism is integrated into the training routine [96].
Instead of forcing the model to complete a fixed, pre-defined number of epochs, the
MSE loss on the dataset is continuously monitored.
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Because the primary objective during training is to minimize this loss, the process
can be safely halted when the model ceases to make meaningful improvements.
Specifically, if the absolute total loss error difference falls below a minimal threshold
of 0.001 for 3 consecutive epochs, the training is automatically stopped. This ensures
the model halts and prevents it from overfitting to the training data [92].

3.3.3 Model Evaluation
Following the training and hyper-parameter optimization phases, the generalized
performance of the LSTM model is ultimately tested using the entirely unseen fixed
testing set. Evaluating the model strictly on this isolated subset ensures an objec-
tive measurement of how accurately the algorithm can predict the State of Health
(SoH) of batteries it has never encountered [97],[98]. To provide a comprehensive as-
sessment of the predictive accuracy and regression performance of the model, three
standard statistical metrics are used: the root mean square error (RMSE), the mean
absolute error (MAE), and the Coefficient of Determination (R2) [99],[100].

The Root Mean Square Error (RMSE) is utilized as a primary evaluation metric
because it measures the standard deviation of the prediction errors. By squaring
the errors before averaging them, RMSE gives disproportionately higher weight to
larger deviations. In the context of battery health monitoring, heavily penalizing
large estimation errors is critical, as a significant overestimation of the SoH could
lead to unexpected system failures in real-world applications [101], [102]. The RMSE
is mathematically defined as:

RMSE =
√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (3.18)

where n represents the total number of samples in the testing set, yi is the actual
expected SoH value, and ŷi is the model’s predicted SoH.

To complement the RMSE, the Mean Absolute Error (MAE) is also calculated.
Unlike RMSE, MAE calculates the average magnitude of the errors without con-
sidering their direction, treating all individual differences equally. This provides a
straightforward and highly interpretable measure of the average absolute discrep-
ancy between the model’s predictions and the true battery degradation state [103].
The formula for MAE is given by:

MAE = 1
n

n∑
i=1
|yi − ŷi| (3.19)

Furthermore, the Coefficient of Determination (R2) is used to evaluate the propor-
tion of the variance in the target SoH that is successfully explained by the model’s
input features. An R2 score approaching 1.0 indicates that the model fits the degra-
dation trends perfectly, whereas a lower score suggests that the model fails to capture
the underlying variance of the aging process [104]. The R2 metric is calculated as:
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R2 = 1−

n∑
i=1

(yi − ŷi)2

n∑
i=1

(yi − ȳ)2
(3.20)

where ȳ represents the mean of the actual expected SoH values.

Finally, because the overarching objective of this research is to develop a deploy-
able embedded model, predictive accuracy is not the sole criterion for success. The
model’s evaluation also encompasses computational metrics critical for Microcon-
troller Unit (MCU) integration. Alongside RMSE, MAE, and R2, the final eval-
uation framework measures the model’s total parameter count, memory footprint
(in kilobytes), and inference latency. This ensures a holistic assessment of how ef-
fectively the optimized LSTM balances high-fidelity SoH forecasting with the strict
hardware limitations of edge devices [105][106].

3.4 Model compression and Optimization Strate-
gies

3.4.1 Grow prune Train
Training standard neural networks usually are way too big and heavy for embedded
systems. To fix this and find a lean, sparse setup that runs well on embedded hard-
ware, we use a dynamic Grow-and-Prune (GP) training method see the figure 3.16.
Everything starts by setting up the network, either from a sparse starting point
or a fully trained dense model and running a short warm-up period. During this
time, standard forward and backward passes happen normally to settle the weights,
ensuring that initial gradient flow behaves reliably before any structural changes
take place [9]. Following warm-up, network enters GP-Active Phase, causing the

Figure 3.16: Illustration of GP training [9]

architecture to evolve continuously through automated alternating cycles. First,
gradient-based growth policy locates effective dormant connections reducing loss
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function L. Dormant connection possessing weight w activates strictly when gra-
dient magnitude (|w.grad| = |∂L/∂w|) surpasses (100α)-th percentile of gradient
magnitudes of the corresponding weight matrix. Targeted growth successfully min-
imizes loss while assisting algorithm in escaping local minima.
Immediately afterward, magnitude-based pruning policy removes redundancy. Ac-
tive connections featuring absolute magnitude (|w|) falling beneath (100β)-th per-
centile within layer mask back to zero, and entire neurons undergo pruning upon
losing all input or output connections [107].

Varying optimal architectural constraints require active phase governance through
multi-dimensional hyper-parameter grid search rather than static variables. Grid
systematically iterates across varying target sparsity loops (0.1 to 0.9), sensitivity
percentile thresholds determining α and β, plus operational frequency loops. Fi-
nally, network transitions into Refinement Phase. Structural growth and pruning
operations pause permanently, allowing finalized sparse model to undergo uninter-
rupted retraining for performance degradation recovery, yielding compact, highly
accurate inference architecture [6].

Figure 3.17: Illustration of GP training Framework [9]

3.4.2 Compression aware training
Instead of relying completely on post-training compression, which often leads to se-
vere accuracy degradation, Compression Aware Training explicitly encourages struc-
tural compactness during the active optimization process [69]. To ensure the net-
work is inherently compressible, the learning process is formulated as a regularized
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minimization problem:

min
Θ

[
1
N

N∑
i=1
L(yi, f(xi; Θ)) + r(Θ)

]
, (3.21)

where Θ encompasses all network parameters, L(·, ·) is the supervised loss function,
and r(Θ) is a specialized regularizer designed to enforce both sparsity and low-rank
properties within the parameter matrices To maximize the eventual compression
rate, the training algorithm combines two distinct regularization strategies. First,
a sparse group Lasso regularizer is utilized to explicitly zero out and remove entire
units (such as redundant neurons or gates), which reduces the absolute number
of input and output channels [108]. Second, to ensure the surviving parameter
matrices can be efficiently compressed, a low-rank regularizer is applied. Because
directly minimizing the rank of a matrix is NP-hard, a convex relaxation using the
nuclear norm is employed [69], [109]. For a network with L layers, the combined
regularizer is mathematically defined as

r(Θ) =
L∑

l=1

(1− α)λl

√
Pl

Kl∑
n=1
∥θn

l ∥2 + αλl ∥θl∥1

+ τ
L∑

l=1

∥∥∥θ̂l

∥∥∥
∗

, (3.22)

where α balances the influence of sparsity on entire groups versus individual pa-
rameters, λl is a layer-wise penalty hyper-parameter, Kl represents the number of
units in layer l, and τ dictates the influence of the nuclear norm ∥θ̂l∥∗. The model is
optimized using proximal stochastic gradient descent, applying a soft-thresholding
operator to the singular values of the weight matrices during training [69].

By mathematically forcing the parameter matrices into a low-rank state during
training, the network is perfectly ready for a post-processing Singular Value De-
composition (SVD) step [110]. Once trained, the parameter matrix of each layer is
decomposed (θ̂l ≈ UlMl). The algorithm truncates the matrices, keeping only the
top rl singular values based on a defined threshold.

This decomposition fundamentally changes how inference is executed on hardware.
Instead of a direct, heavy multiplication of weights and inputs (Ypred = W · X)
that demands a large block of temporary memory, the computation is evaluated
sequentially:

Ypred = U · (Σ · (V T ·X)),

By multiplying the input vector through the compressed factors step-by-step (V T ·X
first), this completely avoids generating or storing large matrices. This sequential
evaluation drastically cuts down temporary workspace requirements in SRAM, low-
ers active computational latency, and reduces Flash storage.

This dual approach explicitly removing zeroed-out units via group sparsity and
decomposing the remaining low-rank matrices via SVD results in massive memory
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and computational savings, enabling the complex model to execute efficiently on
resource-constrained microcontrollers [69],[110],[69].

Figure 3.18: Illustration of Compression Aware Training Framework

3.4.3 Relational Knowledge distillation
To compress the model without losing critical predictive capabilities, a hybrid Knowl-
edge Distillation (KD) framework is employed [70].

This strategy transfers knowledge from a highly accurate, high-capacity Teacher
model to a lightweight Student model suitable for edge Microcontroller Units (MCUs).
Unlike standard point-wise KD, this framework explicitly focuses on transferring
structural relationships between different data samples, which allows it to handle
latent representations of completely different dimensionalities [111].

Let M denote the batch size. For a given input Xi, the latent representations ex-
tracted from the final hidden layer of the Teacher and Student models are denoted
as hT,i and hS,i, respectively. To transfer relational knowledge, the framework com-
putes pairwise squared Euclidean distances and cosine similarities among hidden
features within each batch:

DT
B(i, j) = ∥hT,i − hT,j∥2

2 , DS
B(i, j) = ∥hS,i − hS,j∥2

2 , (3.23)
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Figure 3.19: Illustration of relation KD

where hT,i and hS,i denote the feature representations of the ith sample produced
by the teacher and student networks, respectively.
Similarly, the cosine similarity matrices are computed as

ST
B(i, j) =

h⊤
T,ihT,j

∥hT,i∥2 ∥hT,j∥2
, SS

B(i, j) =
h⊤

S,ihS,j

∥hS,i∥2 ∥hS,j∥2
, (3.24)

where (i, j) denotes the pairwise relationship between the ith and jth samples within
a mini-batch.

Because these relationships are transformed into scalars, the original dimensions
of the feature vectors become irrelevant, allowing direct comparison. Distillation
losses are calculated over a set of non-overlapping random cycle pairs, P , selected
from the mini-batch [111]:
The distance-preserving loss is defined as

Ldist = 1
|P|

∑
(i,j)∈P

(DT (i, j)−DS(i, j))2 , (3.25)

where P denotes the set of all sample pairs in the mini-batch.
Similarly, the cosine similarity preserving loss is given by

Lcos = 1
|P|

∑
(i,j)∈P

(ST (i, j)− SS(i, j))2 , (3.26)
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where DT (i, j) and DS(i, j) represent the pairwise Euclidean distances between the
teacher and student feature representations, respectively, while ST (i, j) and SS(i, j)
denote the corresponding pairwise cosine similarities.

The framework also uses the Teacher’s output as a soft target alongside the actual
ground truth [70]. The total loss function optimized during training is a weighted
combination of these objectives:

Ltotal = Lground_truth + λresponseLresponse + λdistLdist + λcosLcos (3.27)

To find optimal, hardware-constrained the Student model, a nested hyperparam-
eter sweep is conducted during this distillation phase. The Student architecture
maintains the same number of LSTM layers as the Teacher, while systematically
sweeping the hidden layer capacities to maximize model fidelity within the MCU’s
strict memory limits.

Concurrently, the sweep evaluates the optimal penalty weights for the loss func-
tion. Iterating through a primary coefficient (λresponse), the remaining weight ratio
is deterministically split to establish the relational penalty parameters: the distance
loss weight is defined as λdist = (1.0− λresponse)× 0.6, and the cosine loss weight is
defined as λcos = (1.0− λresponse)× 0.4. Candidate configurations are evaluated us-
ing raw sampled time-series data and derived statistical features to capture specific
voltage degradation profiles. This targeted sweep efficiently identifies the optimal
combination of hidden size, λdist, and λcos that minimizes validation error without
exceeding embedded hardware constraints [112].
Following distillation, the Student model is further compressed via structured prun-
ing. This process targets the LSTM layer by evaluating the importance of each
hidden unit based on the L2-norm of its corresponding weights in the subsequent
linear layer connecting the hidden state to the output [63]:

Ik = ∥Wlinear(:, k)∥2 , (3.28)

where Ik is the importance score of the k-th hidden unit, and Wlinear represents the
weight matrix of the linear layer. A binary mask, mk, is generated to identify which
units to retain:

mk =

1, if Ik ≥ τ,

0, otherwise
(3.29)

The threshold τ is dynamically determined by a target pruning ratio [61]. Letting
K ′ represent the set of indices for surviving hidden units (mk = 1), the model
parameters are systematically reduced. The linear layer is compressed by selecting
only columns associated with K ′:

W′
linear = Wlinear(:, K ′) (3.30)
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For each gate g in the LSTM layer, the weight matrices and bias vectors are strictly
pruned to match the dimensions of the surviving units [4]. Specifically, the input-
to-hidden weights are reduced to (W(g)

ih )′ = W(g)
ih (K ′, :), and the hidden-to-hidden

weights are compressed to (W(g)
hh )′ = W(g)

hh (K ′, K ′). Furthermore, the corresponding
bias vectors are pruned to match these dimensions, resulting in (b(g)

ih )′ = b(g)
ih (K ′)

and (b(g)
hh )′ = b(g)

hh (K ′).

3.4.4 PINN-Knowledge distillation

As detailed in Section 2.2.6, the Physics-Informed Neural Network (PINN) models
battery aging via a dual-network [113]. The primary high-capacity LSTM, F(·),
maps input features and time to the predicted State of Health (SoH), û. Concur-
rently, a secondary network, G(·), captures the physical dynamics of the SoH decay
rate. The architecture is jointly optimized using a composite loss function compris-
ing empirical data fidelity (Ldata), a monotonicity constraint for irreversible capacity
fade (Lmono), and a partial differential equation residual (LPDE) [53].

Once this dual-network PINN is fully trained offline, the secondary network (G(·))
is discarded. And the remaining primary network responsible for SOH prediction,
physics-guided LSTM (F(·)) is considered as the Teacher model. However, even
after removing the secondary network, this Teacher LSTM remains highly parame-
terized and is still far too computationally complex and memory-hungry for direct
inference on a resource-constrained Microcontroller Unit (MCU).

To bridge this hardware gap without sacrificing physical consistency, PINN-Knowledge
Distillation (PINN-KD) is integrated into the compression framework [114]. The ob-
jective of the KD phase is to perform a soft-penalty transfer of the complex Teacher’s
physics-informed latent representations to a purely data-driven, heavily compressed
LSTM Student model designed specifically for small device inference.

In this distillation process, the Student model implicitly inherits the critical battery
physics and electrochemical knowledge during the PINN’s dual-network training
phase. This acts as a final safeguard; it showcases that even under extreme spar-
sity and dynamic quantization, the student model remains stable to irregular sensor
noise and is mathematically constrained from predicting impossible SoH trajectories
during real world MCU operation [114][115].

To achieve this, the final distillation loss ensures the student model learns from
both the correct data and the physics-based predictions of the PINN through spe-
cific loss functions:

Hard Loss: Hard labels represent the actual ground-truth SoH measured at each
cycle. The hard loss calculates the Mean Squared Error (MSE) between the student
model’s predictions and these labels. Its primary purpose is to ensure training sta-
bility and anchor the student with independent, data-driven predictive capabilities
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[70]:

Lhard = 1
N

N∑
i=1

(ŷs,i − yi)2 (3.31)

where N represents the batch size, ŷs,i denotes the SoH predicted by the student
model at index i, and yi is the corresponding hard label.

Soft Loss: Soft labels are the predictions generated by the highly complex, physics-
guided PINN teacher, F(·). The soft loss calculates the Mean Squared Error (MSE)
between the outputs of the compressed student model and this teacher. Its pri-
mary purpose is to force the student to adopt the physics-informed reasoning and
predictive patterns inherent to the teacher [70]:

Lsoft = 1
N

N∑
i=1

(ŷs,i − yPINN,i)2 (3.32)

where yP INN,i represents the SoH predicted by the PINN teacher model at index i.

Total Distillation Loss:The final loss function allows the lightweight student
model to simultaneously learn from empirical ground truth and teacher predictions.
While the hard loss provides direct guidance from real-world data, the soft loss
transfers the teacher’s higher-level physical representations. Weighting these two
components defines the total distillation loss:

Ltotal = αLsoft + (1− α)Lhard (3.33)

where α ∈ [0, 1] is a hyperparameter that controls the weighting between the soft
loss and the hard loss.

Building upon the hardware-constrained sweep methodology established during the
Relational KD phase, the PINN-KD process executes a dedicated search to optimize
the soft-penalty transfer of physical boundaries from the PINN Teacher. While the
Student architecture remains strictly constrained to the Teacher’s LSTM layer count,
this phase systematically evaluates discrete hidden layer capacities alongside spe-
cific loss-balancing and regularization coefficients (α ∈ {0.01, 0.05, 0.1} and (1− α)
= β ∈ {0.01, 0.05, 0.1}). By evaluating these candidate configurations against the
previously defined time-series data and statistical features, the sweep efficiently iden-
tifies the optimal balance of physical consistency and predictive accuracy without
exceeding the embedded hardware constraints.

3.4.5 Post-Training Quantization
As a complementary compression step, Static Post-Training Quantization (PTQ) is
employed to convert the remaining high-precision floating-point weights and acti-
vations of all resulting models into low-precision integer values [10].This drastically
reduces the physical memory footprint and, depending on the model’s structure,
accelerates inference speed on the MCU.
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Figure 3.20: Illustration of relation PINN-KD [5]

For a given weight tensor W , a symmetric scaling factor s is computed based on the
target bit-width b

s = max (|W|)
2b−1 − 1 (3.34)

The weights are mapped to discrete integer values q during the quantization process[116]

q = round
(W

s

)
(3.35)

During real-time inference, the pre-calculated static scale factors are utilized, and
an approximation of the original weights is recovered for output computation via
dequantization (Ŵ = s · q). This the model achieves memory efficiency with degra-
dation in State of Health estimation accuracy [10].

Figure 3.21: Illustration of Post quantization Training [10]
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3.5 Resource Metrics Profiling
To systematically evaluate the compression framework on resource-constrained Mi-
crocontroller Units (MCUs), an analytical baseline of inference latency, memory
footprint, and computational complexity must be established prior to applying com-
pression [65]

When data transfer and computation execute concurrently on edge hardware, total
inference latency is governed by the bottleneck between execution time and memory
transfer time [105]:

Latency ≈ max (Tcomputation, Tmemory, ) (3.36)

Computation Time (Tcomputation):

Tcomputation ≈
Total Operations in Neural Network Model

Processor Execution Capacity (OPS) , (3.37)

Memory Transfer Time (Tmemory): The time required to fetch the static network
weights depends heavily on the model size and the processor’s memory bandwidth
[117]:

Tmemory ≈ Tdata movement of activations + Tdata movement of weights, (3.38)
Similarly, the time required to read input features and write output activation ten-
sors to dynamic memory across all layers is defined as:

Tdata movement of weights ≈
Neural Network Model Size (Bytes)

Memory Bandwidth of Processor (Bytes/s) , (3.39)

Tdata movement of activations ≈
Input Activation Size + Output Activation Size

Memory Bandwidth of Processor (Bytes/s) , (3.40)

Architectural Parameter Formulation:
The total model size is directly proportional to the network’s topological parameters.
For the time-series models utilized in this study, the parameter count is dominated
by the Long Short-Term Memory (LSTM) layers and the fully connected linear
projections. For an LSTM layer with an input feature dimension din and a hidden
unit size h, the parameter count accounting for the four internal gates, recurrent
weights, and biases is:

NLSTM = 4×
(
dinh + h2 + 2h

)
, (3.41)

The parameter count for a subsequent dense linear layer mapping a hidden state to
an output dimension dout:

NLinear = (h× dout) + dout, (3.42)
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Memory Footprint (Flash):
Model size measures the required non-volatile storage (Flash memory) for storing
all network weights and biases. Assuming uniform data precision across all layers,
the total model size in bits is defined as the product of the total parameter count
and the numerical precision of those:

Model Size = #Parameters× Bit Width, (3.43)

For the uncompressed baseline, this bit width is typically 32 (FP32), whereas the
quantized student model utilizes an 8-bit width (INT8). To evaluate compatibility
with target edge hardware, this metric is converted into Bytes and Kilobytes (KB):

Model Size (Bytes) = #Parameters× Bit Width
8 (3.44)

Model Size (KB) = #Parameters× Bit Width
8× 1024 (3.45)

Dynamic Memory (Peak Activations): Maximum runtime SRAM required across
layers during execution [65]:

SRAMpeak = max
l∈Layers

(Size(Activationinput, l) + Size(Activationoutput, l)) (3.46)

Computational Workload and Operations:The core computational complexity
of the neural network is quantified by the Multiply-Accumulate (MAC) metric, which
forms the basis of the tensor algebra executed within the network’s layers (such as
LSTM gates and dense projections). Because each MAC operation consists of two
fundamental mathematical steps—one addition and one multiplication the absolute
operation count (OPs or FLOPs) is generally double the total MAC count Multiply-
Accumulate (MAC) Operation [118][105]:

a← a + b · c

Matrix Operations:
Matrix-Vector Multiplication (MV):

MACs = m · n (m× n matrix by n× 1 vector)

General Matrix-Matrix Multiplication (GEMM):

MACs = m · n · k (m× k matrix by k × n matrix)

Operations Count:
OPs ≈ 2×MACs

FLOPs ≈ 2×MACs (32-Bit Baseline Floating-Point Operations)
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Throughput and Roofline Constraints: To evaluate the actual hardware per-
formance during inference, the total operational volume is measured as an execution
rate over time (OPS or FLOPS). However, a processor’s theoretical peak execution
speed is often bottlenecked by how quickly it can fetch weights and activations from
memory. The Roofline Performance Model visualizes this bottleneck by calculating
the arithmetic intensity (operations per byte of memory traffic) and bounding the
attainable performance by either the processor’s peak compute limit or its memory
bus bandwidth [119].
Throughput Rates:

OPS = OPs
Second (Quantized Integer Operations Per Second)

FLOPS = FLOPs
Second (Floating-Point Operations Per Second)

Arithmetic Intensity (I):

I = Total Operations (OPs)
Total Memory Traffic (Bytes)

Roofline Attainable Performance (P ):

P = min (Ppeak, I × Bandwidthpeak)

where Ppeak represents the peak processor compute capability (OPS) and Bandwidthpeak
represents the maximum memory bus throughput (Bytes/s) [119].
Power and Energy Consumption:
For embedded systems, the energy efficiency of the neural network inference is a
critical metric. The total energy consumed per inference (E) is determined by the
active power drawn by the microcontroller (Pactive) and the total inference latency
(Tlatency):

E = Pactive × Tlatency (3.47)

The baseline active power is a hardware-specific constant dependent on the core
clock frequency (fcore), the active current density of the processor (Idensity), and the
supply voltage (Vsupply)[120]:

Pactive = fcore × Idensity × Vsupply (3.48)

3.6 Model Compilation and Runtime Engine Se-
lection

To bridge the gap between high-level deep learning frameworks and resource con-
strained embedded environments, Apache TVM is employed as the core compilation
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toolchain. The deployment pipeline translates the trained PyTorch models (both
full-precision and quantized variants) into statically allocated C/C++ code, bypass-
ing the need for a traditional operating system or dynamic memory allocation.

3.6.1 Intermediate Representation and Compilation Back-
end

The conversion process begins by tracing the PyTorch model into TVM’s Intermedi-
ate Representation (IR). To accommodate the evolution of the model architecture,
the compilation backend leverages the modern TVM Relax framework. The PyTorch
models are converted to generate the Relax IR, which natively supports advanced
dynamic shape handling and custom quantized operators.
For the deployment of the models, a bare-metal Ahead-of-Time (AOT) compilation
strategy is utilized alongside the Relax Virtual Machine (VM) engine. Because
this study targets two fundamentally different microcontroller architectures, the
compilation pipeline is distinctly bifurcated:
For the NXP MCXN947, which is based on the ARM Cortex-M33 architecture, the
TVM compiler leverages the LLVM backend. The target string is explicitly con-
figured to enable hardware-specific code generation and vectorization optimizations
natively supported by the ARM instruction set.
Conversely, the Infineon TC4D7 utilizes the proprietary TriCore architecture. Since
TriCore is not natively supported by the standard LLVM deployment pipelines in
TVM, the model is compiled using the generic C backend. This approach generates
platform-agnostic, pure ANSI C source code representing the network graph and
operators. The generated C code is subsequently compiled and linked into a bare-
metal binary using a dedicated TriCore cross-compilation toolchain.
During both compilation phases, patches are applied to the TVM C Run-Time
(CRT) templates to prevent structural signature conflicts, ensuring a seamless inte-
gration into the respective standalone bare-metal applications [121].

3.6.2 Memory Management and Weight Handling
To bridge the gap between high-level deep learning frameworks and resource con-
strained embedded environments, an automated compilation pipeline is employed.
Figure 3.22 illustrates this end-to-end transformation process, translating the trained
PyTorch models into statically allocated bare-metal C code while decoupling the
network’s mathematical operators from its static parameters [122].
A critical challenge in edge AI deployment is accommodating the strict volatile mem-
ory constraints of the MCU. The compilation pipeline addresses this bottleneck by
explicitly decoupling the model’s static weights from its executable logic. Rather
than initializing massive parameter arrays within the limited SRAM, the weights are
exported as independent data structures. Depending on the precision stage, these
weights are either exported as external binary structures or encoded as constant ar-
rays within an auto-generated C header file. By applying specific hardware memory
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alignment attributes, the computational engine maps its input pointers directly to
these parameters stored in the Read-Only Flash memory. This architectural design
enables highly efficient bus access and drastically minimizes the runtime memory
footprint without consuming volatile SRAM [123].
Furthermore, dynamic memory allocation operations are strictly prohibited during
bare-metal execution to prevent unpredictable latency and heap fragmentation. To
manage the temporary memory required for intermediate activation tensors, the
pipeline implements a custom static bump allocator via the TVM backend API
(TVMBackendAllocWorkspace). A structurally aligned, contiguous block of SRAM
is reserved at compile time, and the allocator safely cycles through this bounded
pool by resetting its offset pointer at the beginning of each inference step. This
deterministic memory architecture guarantees mathematical safety and completely
eliminates the overhead associated with dynamic memory management under con-
tinuous operation [123][124].

Figure 3.22: Apache TVM compilation pipeline translating PyTorch models into
bare-metal C code and aligned weight structures.

3.6.3 Custom W8A32 Dynamic Quantization Pipeline
Standard full-integer (INT8) quantization frameworks often struggle to deploy re-
current architectures like LSTMs onto bare-metal microcontrollers. The recursive
nature of LSTM cell states means that minor quantization errors in intermediate
activations accumulate rapidly over time, frequently leading to vanishing repre-
sentations or catastrophic accuracy degradation. Furthermore, automated mixed-
precision compilation passes can encounter operator support failures on highly con-
strained proprietary hardware targets.
To overcome these deployment bottlenecks, a custom W8A32 (Weight-8 bit, Activa-
tion 32 bit) dynamic quantization strategy was engineered. The W8A32 paradigm
leverages the statistical robustness of neural network weights by compressing the
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static parameters, while preserving the dynamic activations and temporal accumu-
lations at full precision [125].

Explicit Graph Tracing and Quantization Mechanics

Rather than relying on automated post-training quantization compilers, the W8A32
semantics were explicitly integrated into the model’s computational graph prior to
compilation.
First, symmetric quantization is applied to the static weights of the fully connected
layers and LSTM gates offline. The 32-bit floating-point weights are scaled and
clamped into 8-bit integers. To completely bypass limitations in the compiler’s au-
tomated parameter handling, these compressed weights are decoupled from standard
neural network parameters and registered as static constant buffers.
Crucially, dynamic dequantization logic is explicitly embedded directly into the for-
ward pass of the model. The network is subsequently traced into the TVM Relax
IR using symbolic graph tracing (torch.fx). By capturing the explicit dequantiza-
tion nodes within the IR, the pipeline intentionally bypasses default mixed-precision
translation passes that might fail during C code generation[126].

Runtime Execution and Hardware Benefits

During real-time inference on the edge device, the execution follows a strict W8A32
flow:

1. Memory-Efficient Fetching: The 8-bit weights are fetched directly from the
read-only Flash memory, achieving a theoretical 75% reduction in non-volatile
storage requirements compared to a standard FP32 model.

2. Dynamic Dequantization: Immediately before the core matrix multiplica-
tion operations, the fetched 8-bit weights are dynamically cast back to 32-bit
floating-point values using their respective scaling factors.

3. High-Fidelity Accumulation: All subsequent operations—including in-
put matrix multiplications, gating activations, and long-term cell state up-
dates—are executed at full FP32 precision utilizing the microcontroller’s hard-
ware Floating-Point Unit (FPU).

This custom compilation pipeline successfully bridges the gap between deep com-
pression and mathematical stability. It guarantees that the generated bare-metal C
application benefits from the drastic storage reductions of INT8 quantization, while
entirely averting the temporal precision loss typically associated with integer-only
recurrent [124].

3.7 Hardware Deployment and Validation on NXP
MCXN947

Following the successful TVM compilation and static resource profiling, the deploy-
ment transitioned to a physical execution architecture. While the Software-in-the-
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Loop (SIL) architecture was qualitatively validated on the Infineon TC4D7, the com-
prehensive real-time benchmarking—including both deterministic latency profiling
and asynchronous Processor-in-the-Loop (PIL) stability testing—was consolidated
on the NXP MCXN947 platform.

3.7.1 Isolated Inference Benchmarking via Feature Injection
To rigorously benchmark the pure computational performance of the AI models
on the MCU without compounding errors from dynamic sensor noise or real-time
feature scaling limits, an isolated testing protocol was established. For performance
profiling, pre-computed and normalized features from independent test datasets were
directly injected into the static SRAM allocated for the TVM engine.
The MCXN947’s Cortex-M33 Data Watchpoint and Trace (DWT) cycle counter was
utilized to profile the exact clock cycles and millisecond latency consumed by the
inference functions. This decoupled approach ensures an objective measurement of
the algorithmic efficiency and absolute execution latency for both the Expert and
Distilled [127].

3.7.2 FlexCAN Double-Buffering and Concurrency Control
To handle high-frequency sensor data without halting the AI inference engine in
a real-world scenario, a non-blocking double-buffering (ping-pong) architecture was
implemented over the FlexCAN interface. The system captures raw voltage, current,
and temperature packets inside a high-priority Interrupt Service Routine (ISR) and
pushes them into an active sub-window array.
To prevent data corruption and race conditions without introducing blocking RTOS
primitives, a lock-free buffer swapping mechanism is enforced. Buffer pointers are
exchanged atomically within a minimal critical section using global interrupt mask-
ing, ensuring that the ISR and the background TVM inference loop never access
the same memory buffer simultaneously. Under standard operation, this guarantees
reliable data ingestion. However, if the AI engine is still processing a window when
the next window fills up during extreme bus congestion, an overrun_counter logs
the dropped frame. This graceful degradation allows the system to isolate transient
timing overruns without triggering a hard [128].

3.7.3 On-Device Feature Engineering and System Safety
To enable a real-time SOH estimator, the MCU continuously captures raw volt-
age, current, and temperature streams from the CAN bus into active sub-window
buffers. Rather than relying on external preprocessing, a dedicated on-device routine
dynamically extracts degradation-relevant features directly from these raw buffers.
Because edge AI models are highly sensitive to corrupted sensor data or transient
bus errors, multiple architectural safety barriers were established:

• Mathematical Fault Isolation: The system implements real-time validation
checks on all normalized input features, intermediate recurrent states, and final
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predictions. If non-finite numerical values are detected, the system intercepts
the error and resets the LSTM hidden and cell states. This mechanism prevents
mathematical corruption from propagating across subsequent sequence steps.

• Workspace Overflow Protection: To avoid heap fragmentation and un-
predictable latency, dynamic memory allocation is strictly prohibited. Inter-
mediate tensor computations are managed by a static bump allocator. This
allocator enforces rigorous boundary checks, ensuring that any computation
exceeding the statically reserved SRAM pool is safely trapped before causing
adjacent memory region overwrites.

• Direct Flash Weight Mapping and Hardware Alignment: To strictly
conserve volatile SRAM, the network’s quantized parameters are not loaded
into RAM. Instead, the computational engine maps its pointers directly to
the read-only Flash memory. Furthermore, to support the MCU’s FPU safely,
all memory buffers and state tensors are aligned to meet specific hardware
requirements, enabling safe vectorized execution [129].
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Results and Discussion

4.1 Features selection

4.1.1 List of Features Extracted
Applying the theory and equations detailed in Section 3.2.1, a total of 28 statistical
and physics-based features are derived from the raw time-series sampled data. The
complete list of extracted features is summarized in the Table 4.1 below:

Table 4.1: Extracted Feature Set

No. Feature Name No. Feature Name
1 global_CC_Q 15 current_std
2 global_CV_Q 16 current_min
3 global_CC_Time 17 current_max
4 global_CV_Time 18 current_last
5 voltage_mean 19 current_skew
6 voltage_std 20 current_kurt
7 voltage_min 21 temperature_mean
8 voltage_max 22 temperature_std
9 voltage_last 23 temperature_min
10 voltage_slope 24 temperature_max
11 voltage_skew 25 temperature_last
12 voltage_kurt 26 capacity_window
13 voltage_entropy 27 energy_window
14 current_mean 28 power_var

4.1.2 Selected Features
Following the methodology detailed in Section 3.2.2, a multi-evaluation strategy is
employed to identify the most useful variables from the total extracted features.

The bar plot in Figure 4.1 presents the results of the random forest feature impor-
tance analysis, showcasing the relative contribution of each variable in predicting the
State of Health (SoH). From this evaluation, the features are ranked by their predic-
tive strength, allowing for the direct identification of the most influential variables
that dictate capacity fade. Furthermore, the circular bar plot in Figure 4.3 details
the individual predictive strength of each feature against the target SoH, capturing
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complex, non-linear relationships via Maximal Information Coefficient (MIC) scores.
Because battery degradation dynamics are highly non-linear, relying solely on linear
metrics is insufficient; the MIC scores ensure that features with intricate but highly
predictive patterns are properly recognized.

Figure 4.1: Illustration of Feature importance using random forest

To further support this selection and optimize the computational efficiency of the
model, a Pearson correlation heat map (Figure 4.2) is utilized to illustrate internal
collinearity and eliminate redundant data. By analyzing the Pearson collinearity
results, overlapping features carrying the same statistical information are system-
atically filtered out to prevent overfitting and reduce noise. Specifically, when the
collinearity value between two or more features exceeds a threshold of 0.85, their
predictive rankings from the feature importance and MIC evaluations are cross-
referenced. The higher-ranked feature is retained as the primary information carrier,
while the less influential, redundant features are removed from the final dataset.

Through this rigorous elimination process, the initial feature pool was successfully
reduced to a final optimized subset of 12 highly predictive features. These variables,
which serve as the final inputs for the model, are summarized in Table 4.2.
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Figure 4.2: Illustration of Maximal Information Coefficient

Figure 4.3: Illustration of Feature multicollinearity check
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Table 4.2: Selected Features

No. Feature Name No. Feature Name
1 global_CC_Q 7 voltage_slope
2 global_CV_Q 8 current_max
3 global_CC_Time 9 temperature_std
4 global_CV_Time 10 temperature_max
5 voltage_std 11 capacity_window
6 voltage_max 12 voltage_kurt

4.2 Baseline model evaluation
The default baseline model is the Long Short-Term Memory (LSTM) network intro-
duced above in Section 2.2.3, in line with the key research questions that motivate
this study. The baseline assessment is important as it provides a common perfor-
mance reference point for the rest of the study.

4.2.1 Architecture and Hyperparameter Optimization
The macro-architecture of the model to two sequential LSTM layers followed by a
single fully connected (dense) output layer is fixed, to ensure a strict and controlled
evaluation. A thorough hyperparameter sweep with a fixed structural depth was
performed to improve the predictive capability of the model. Specifically, the search
considered batch sizes of 16, 32 and 64 and four different capacity settings for the
dual LSTM layers: [32, 32], [64, 32], [64, 64] and [128, 64] hidden units. The system-
atic tuning process was used to find the best trade-off between model complexity
and generalization in describing the degradation dynamics of the battery.
Throughout the evaluation, key training hyperparameters were held constant to
maintain a consistent baseline. The maximum number of training epochs was set to
2500, supplemented by an early stopping mechanism with a patience of 150 epochs
to mitigate overfitting. Additionally, the initial learning rate was fixed at 1 × 10-3,
utilizing a scheduled learning rate adaptation strategy. This allowed the model to
dynamically adjust the step size as training progressed, ensuring stable and efficient
convergence.
From the results of the hyperparameter sweep, the most robust performance was
obtained from the configuration with a batch size of 32 and a layer capacity of [64,
32] hidden units. Hence, this architecture is chosen as the final baseline model for
all the subsequent evaluations.
The first evaluation is performed on the Lithium Iron Phosphate (LFP) dataset
after fixing the architecture. The model was trained and tested only on LFP data
to provide a clear baseline. In this step we show the LSTM’s ability to capture the
specific aging patterns of LFP cells before introducing other battery chemistries.
The following figures visualize this baseline performance, comparing the model’s
predicted State of Health (SoH) against the actual experimental degradation data.
Next, we evaluated the baseline model on the NMC dataset, training and testing it
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Figure 4.4: Baseline Model architecture [3]

Figure 4.5: HUST dataset results

Figure 4.6: MIT dataset results

Figure 4.7: Attia dataset results.
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exclusively on NMC data. This provides a direct baseline for the model’s ability to
learn NMC-specific aging dynamics.

The following figures The Figures 4.8, 4.9, 4.10 and 4.14 display the predicted SoH
trajectories compared against the actual experimental NMC degradation data.

Figure 4.8: luhblank2024 Cyclic dataset results.

Figure 4.9: luhblank2024 profile dataset results.

Figure 4.10: RWTH dataset results.

Finally, we evaluated the baseline model on the NCA dataset. By training and
testing exclusively on NCA data.

The Figures 4.11, 4.12, 4.13 and 4.14 below compare the predicted SoH with the
actual experimental data for the NCA cells.
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Figure 4.11: XJTU dataset results.

Figure 4.12: GESLIN2025 dataset results.

Figure 4.13: GRAZ2023 dataset results.

Figure 4.14: STROEBL dataset results.
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4.2.2 Experimental Design for Condition Agnostic Feasibil-
ity

Following the initial experimentation, specifically the training and testing on in-
dividual battery chemistries and evaluating their isolated performance. The next
objective of core research question: Is it feasible to develop a condition-agnostic,
generalized LSTM Architecture for SoH estimation?

To test this, we designed a carefully controlled experiment. The main approach
was to keep the test data completely separate while gradually adding more variety
to the training data. For testing, we only used a specific group of LFP batteries that
the model had never seen, having set them aside during the initial random data split.

As the training data expanded from a specialized LFP domain to a universal,
condition-agnostic domain, a clear trend emerged in the model’s predictive accu-
racy on the isolated LFP test set.

Training and Testing only on LFP data:

The baseline model, which was trained and evaluated solely on LFP datasets, is
described in this section. This domain-specific model accurately tracked the real
SoH trajectories, as shown in Figures 4.15 and 4.16. The forecasts relatively close
match to the ground-truth data.

Figure 4.15: LFP dataset results specialized LFP domain

Figure 4.16: LFP dataset results specialized LFP domain
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Table 4.3: Performance of the specialized LFP domain LSTM model on Test
battery datasets.

Chemistry Battery ID RMSE MAE R2

LFP HUST-41 0.0284 0.0266 0.8500
LFP HUST-42 0.0153 0.0131 0.9534
LFP HUST-43 0.0205 0.0158 0.9103
LFP HUST-44 0.0192 0.0169 0.9318
LFP MIT-34 0.0156 0.0154 0.6846
LFP MIT-35 0.0098 0.0090 0.9580
LFP MIT-38 0.0232 0.0219 0.8514
LFP MIT-39 0.0318 0.0305 0.7132

Training and Testing on mix of LFP and NMC data:

In the second experimental phase, NMC datasets were introduced into the training
pool while the test set remained strictly isolated to the same LFP batteries. Forcing
the network to simultaneously learn the degradation mechanics of both LFP and
NMC chemistries resulted in a visible drop in local accuracy. The predicted SoH
curves began to deviate from the ground truth, reflecting a decrease in precision
compared to the specialized baseline results shown in Figures 4.17 and 4.18.

Figure 4.17: LFP dataset results specialized LFP and NMC domain

Training and Testing on mix of LFP, NMC and NCA data:

In the final phase of the experiment, the training pool was expanded to its maximum
diversity by integrating NCA datasets alongside LFP and NMC. The model was then
evaluated on the exact same isolated LFP test batteries. Here forcing the network
to simultaneously learn the degradation mechanics of both LFP,NMC and NCA
chemistries resulted in a considerable drop shown in Figures 4.19 and 4,20 .
The results show a major limitation of standard LSTMs: they struggle to general-
ize across different battery types. While an LSTM can spot general capacity-fade
trends, its architecture cannot perfectly handle the conflicting voltage profiles of
LFP, NMC, and NCA batteries all at once. To understand exactly why building a
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Figure 4.18: LFP dataset results of specialized LFP and NMC domain

Figure 4.19: LFP dataset results of specialized LFP, NMC and NCA domain

Figure 4.20: LFP dataset results of specialized LFP, NMC and NCA domain

71



4. Results and Discussion

Table 4.4: Performance of the specialized LFP and NMC domain LSTM model
on Test battery datasets.

Chemistry Battery ID RMSE MAE R2

LFP HUST-41 0.0388 0.0186 0.7192
LFP HUST-42 0.0958 0.0605 -0.8166
LFP HUST-43 0.0522 0.0438 0.4169
LFP HUST-44 0.1147 0.0657 -1.4355
LFP MIT-34 0.0437 0.0397 -1.4766
LFP MIT-35 0.0391 0.0361 0.3263
LFP MIT-38 0.0578 0.0505 0.0762
LFP MIT-39 0.0998 0.0821 -1.8330

Table 4.5: Performance of the specialized LFP,NMC and NCA domain LSTM
model on Test battery datasets

Chemistry Battery ID RMSE MAE R2

LFP HUST-41 0.0417 0.0273 0.6756
LFP HUST-42 0.0698 0.0500 0.0365
LFP HUST-43 0.0644 0.0501 0.1100
LFP HUST-44 0.0507 0.0337 0.5237
LFP MIT-34 0.0741 0.0550 -6.1260
LFP MIT-35 0.0805 0.0596 -1.8520
LFP MIT-38 0.0730 0.0590 -2.9433
LFP MIT-39 0.1219 0.0960 -3.2245

chemistry-agnostic model is so difficult for chosen Network, we analyzed the internal
weights of the LSTM’s.

Gradient dominance

A diagnostic analysis is conducted on the model weights. When an LSTM model
attempts to learn multiple distinct behaviors simultaneously, a specific battery chem-
istry that dominates the training process will induce gradients with relatively large
magnitudes.This phenomenon is gradient dominance[130].
As illustrated in Figure 4.21, an analysis of the backpropagated gradient magni-
tudes (measured via the L2 Norm) reveals a severe imbalance between the three
chemistries:
NCA acts as the dominant domain, producing the largest gradient magnitude (0.0790).
LFP follows with a heavily influential gradient magnitude (0.0518). NMC produces
a nearly negligible gradient magnitude (0.0074).
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Figure 4.21: Illustration of Gradient Dominance in the gradient updates

Gradient cosine

The second analysis of the gradients focuses on the direction of the gradient updates.
In multi-domain learning, as demonstrated by Yu et al [131], it is critical that gradi-
ents from different datasets align to learn a shared, universal representation. When
gradients fail to align, the model struggles to find common latent features which
leads to poor generalization.

As shown in Figure 4.22, the absolute cosine similarities between the backpropa-
gated gradients are severely low across all chemistry pairings. Because these values
are close to zero, it indicates that the gradient updates are nearly orthogonal.

Figure 4.22: Illustration of Gradient cosine similarity

Specifically, the alignment between LFP and NMC gradients peaks at just 0.316,
while the similarities between LFP vs. NCA (0.248) and NMC vs. NCA (0.234) are
even lower.
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Consequently, the network’s updates do not align. Instead of working together
to learn a common aging pattern, the different battery chemistries pull the model’s
weights in other directions. When this misalignment is combined with the magnitude
imbalances observed earlier, it actively disrupts the network’s ability to converge on
a unified, chemistry-agnostic model.

Representational dissimilarity

To understand how the network internally perceives the different battery chemistries,
we analyzed its hidden states (latent features) using Representational Similarity
Analysis (RSA). Dissimilarity is measured as 1− r (where r is the Pearson correla-
tion); higher values indicate completely distinct internal representations[132].
As shown in Figure 4.23, a clear representational divide emerges within the net-
work’s hidden layers:

Figure 4.23: Illustration of Representational Similarity Analysis (RSA)

The model processes NMC and NCA almost identically (scoring 0.038), reflecting
their similar, sloping voltage profiles. In contrast, LFP is processed entirely differ-
ently, showing a massive representational gap when compared to NMC (0.224) and
NCA (0.207).

To visually confirm this, we applied t-Distributed Stochastic Neighbor Embedding
(t-SNE) to the LSTM’s hidden states. As illustrated in Figure 4.24, basically pre-
senting the high-dimensional feature space into two dimensions reveals a clear clus-
tering of latent features. The LFP chemistry forms a distinctly isolated cluster,
whereas the NMC and NCA chemistries exhibit partial overlap. The presentation of
these features highlights the difficulty of building a single, unified model across these
domains. The distinct voltage profiles of the different chemistries force the network
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into conflicting internal representations, preventing the model from converging on a
truly chemistry-agnostic feature space[133].

Figure 4.24: Illustration of Latent/hidden state features in 2d space

Ultimately, these backpropagated gradient conflicts, combined with the fragmented
latent space, prove that using only LSTM architecture across multiple battery types
causes bad interference. The model simply struggles to balance the distinct charac-
teristics of all chemistry simultaneously. Therefore, developing generalized models
within a single chemistry domain is a much more reliable approach for accurate
State of Health (SoH) estimation. By focusing on one battery chemistry at a time,
the network can learn a consistent set of physical relationships without having to
continually reconcile conflicting patterns.

Stratified groupkfold results for baseline model

However, we need to make sure that this chemistry-specific model truly learns the
aging patterns across different conditions, rather than just memorizing the training
batteries. To test this, we used the Stratified Group K-Fold cross-validation method
(described in Section 3.3.2). Since this approach keeps unique Battery IDs com-
pletely separate during testing, it proves the model works reliably on new, unseen
data. The results of this cross-validation are presented in Table 4.6.

Cross-validation results show lower accuracy compared to other published research
papers. This is because the primary goal was complete generalization for a single
battery chemistry under many different conditions.

The dataset combines several profiles such as CC-CV, constant charge and discharge,
pulse tests, HPPC tests, and standard drive cycles into a single chunk. Furthermore,
this data comes from different labs and uses cells with varying basic features, like
capacity. Despite these challenges, the results remain promising, making it possible
to continue with this approach.
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Table 4.6: Performance of the model across different folds of LFP cells only.

Folds Chemistry Number of Batteries (IDs) RMSE MAE R2

1 LFP 44 0.0250 0.0202 0.8684
2 LFP 44 0.0247 0.0201 0.8441
3 LFP 44 0.0221 0.0180 0.8680
4 LFP 44 0.0242 0.0193 0.8668
5 LFP 44 0.0283 0.0238 0.8242
6 LFP 44 0.0269 0.0230 0.8460

4.3 Model Compression, quantization and Com-
pressed model evaluation

4.3.1 Grow prune strategy

Grow prune framework

Building upon the theoretical framework in Section 3.4.1, the Grow-and-Prune (GP)
strategy was executed to compress the baseline LSTM’s memory footprint without
much compromising model accuracy.

To identify the optimal sparse architecture, the GP-Active Phase was governed by a
comprehensive hyperparameter tournament. This grid search swept target sparsity
thresholds from 0.1 to 0.99, while keeping the growth threshold fixed at 0.95 to
reactivate only the top 5% of dormant connections with the highest gradient magni-
tudes. Furthermore, the tournament evaluated structural update frequencies of 10,
20, and 30 epochs to balance training stability with compression speed, along with
sparse structural updates and dynamic weight scaling.

As illustrated in Figure 4.25, SOH prediction accuracy across varying pruning ra-
tios showcases three distinct operational regimes for both the Sparse FP32 baseline
and the dynamic INT8 Quantization (PTQ) models. In the mild-to-moderate prun-
ing regime (10% to 60% parameter removal), the sparse FP32 model consistently
achieves positive relative accuracy gains over the unpruned baseline, peaking at a
+7.5% improvement near 40% sparsity. This demonstrates that targeted parame-
ter pruning acts as an effective regularizer, reducing network over-parameterization
without loss of predictive capacity.

Furthermore, dynamic INT8 quantization demonstrates remarkable resilience, closely
tracking the FP32 trajectory up to 99% parameter removal while staying above or
near baseline performance. However, pushing parameter reduction beyond 95%
triggers a sharp performance degradation the sparsity cliff where both FP32 and
INT8 models collapse to approximately −20% relative accuracy change near 95%
pruning ratio. This sharp threshold identifies the absolute structural limit of the
LSTM, beyond which the network loses the capacity to retain core battery aging
features. Based on these findings, a pruning ratio of 90% to 95% provides the op-

76



4. Results and Discussion

timal trade-off, achieving maximum memory compression while maintaining high
accuracy relative to the full-precision baseline. Figures 4.26, 4.27 and 4.28 shows

Figure 4.25: Illustration of Pruning ration vs Relative accuracy

examples of comparison results of Dense model, sparsed model and Int8 model :

Figure 4.26: HUST dataset results of GP model

Stratified groupkfold results for Sparsed GP(F32) model and Sparsed
INT8 GP model

Tables 4.7 and 4.8 present the Stratified Group K-Fold cross-validation results for
the Grow-and-Prune (GP) models.
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Figure 4.27: HUST dataset results of GP model
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Figure 4.28: MIT dataset results of GP model
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As shown in Table 4.7, the standard sparsed GP model shows predictive perfor-
mance across all six folds, confirming that the pruned network generalizes well to
unseen batteries. Table 4.8 displays the results after converting this sparse model
into an 8 bit integer (INT8) format for microcontroller deployment. While the INT8
quantization naturally causes an increase in prediction error (RMSE) and a drop in
the R2 score due to the loss of numerical precision,the quantized model successfully
preserves overall stability and remains viable for resource-constrained execution.

Table 4.7: Performance of the Sparsed GP model across different folds of LFP
cells only.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.01369 0.01089 0.8856
2 44 0.03649 0.02519 0.7368
3 44 0.02136 0.01510 0.8337
4 44 0.03510 0.02233 0.7264
5 44 0.02139 0.01660 0.7938
6 44 0.03123 0.01932 0.7666

Table 4.8: Performance of the Sparsed int8 GP model across different folds of
LFP cells only.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.0438 0.0280 0.5552
2 44 0.0422 0.0264 0.5814
3 44 0.0457 0.0303 0.5331
4 44 0.0418 0.0257 0.5904
5 44 0.0442 0.0284 0.5501
6 44 0.0431 0.0275 0.5636

Profiling metrics of Grow Prune

In the pruned model, redundant weights are simply set to zero, but the overall
structure of the network remains exactly the same. Because the matrix dimensions
do not change, the hardware still exerts the same computational effort, resulting in
RAM consumption that is nearly identical to the baseline model.

4.3.2 Compression Aware training
Following the theory from Section 3.4.2, we applied Compression Aware Training
(CAT) to the baseline model to shrink its size while maintaining predictive accuracy.
To find the best configuration, we controlled the level of compression using the reg-
ularization factor (τ). We tested τ values of [0.0009, 0.001, 0.005, 0.009, 0.01]. This
parameter acts as a penalty during training, dictating how aggressively the network
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is forced to reduce its internal capacity and adapt to the compression.

We evaluated each τ value using the Stratified Group K-Fold cross-validation method
to observe its direct impact on the final model size and the predictive error (RMSE).
The results demonstrate a clear trade-off between compression and accuracy.

As the τ penalty increases, the network is forced to discard more parameters from
its original baseline of 32,545. For example, a lower penalty of τ = 0.0009 reduced
the parameters by 43.52% (leaving 18,382 parameters), maintaining a low RMSE of
0.0303. A slight increase to τ = 0.001 resulted in a 46.96% reduction (17,262 param-
eters) with an RMSE of 0.0332. Pushing τ to 0.005 led to a much more aggressive
89.23% reduction (leaving only 3,506 parameters), but this loss of capacity natu-
rally increased the RMSE to 0.0520.The results also reveal a physical limit to this
compression technique. At τ = 0.009, the model reaches a maximum parameter re-
duction of 93.66% (2,062 parameters) with an RMSE of 0.0589. Increasing τ further
to 0.01 does not compress the model any further, as the parameter count remains
exactly 2,062, but the prediction error continues to degrade, reaching an RMSE of
0.0663. This indicates that pushing the regularization penalty too high eventually
damages the network’s predictive ability without providing any additional memory
savings.

Based on these findings, we selected τ = 0.001 as the final configuration, as it
provided the best balance of stable predictions and a significantly reduced weight
count. Some example of results plot of compression aware training shown in figure
4.29 and 4.30.
As shown in Table 4.9, the Compression-Aware Training (CAT) student model
demonstrates strong predictive performance across all six folds.

Table 4.9: Performance of the CAT model (tau = 0.001) FP32 model across
different folds.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.01804 0.01508 0.86400
2 44 0.02101 0.01759 0.85457
3 44 0.02484 0.02027 0.82313
4 44 0.02323 0.01840 0.84509
5 44 0.02055 0.01691 0.87810
6 44 0.02415 0.01892 0.81455

4.3.3 Knowledge Distillation

4.3.3.1 Relational Knowledge distillation

To identify the optimal configuration for Relational Knowledge Distillation (RKD),
an experimental grid search was conducted to balance the transfer of latent feature
relationships from the dense teacher model, which utilizes a two-layer [64, 32] LSTM
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Figure 4.29: HUST dataset results of CAT
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Figure 4.30: MIT dataset results of CAT
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architecture, to a compressed student model. While there were no strict capacity
restrictions imposed during this selection, the primary objective was to discover the
minimal architecture that successfully maintained predictive performance while pre-
serving the fundamental two-layer LSTM structure.

Consequently, the search evaluated the student’s hidden dimension capacity (sweep-
ing across 4,8,16 and 32 hidden size) alongside a combination of distillation penalties.
The response loss weight (λresponse) was iteratively swept from 0.1 to 0.8 in incre-
ments of 0.1 to determine exactly how heavily the student is penalized for diverging
from the teacher’s output distributions versus learning from the raw training data.
Concurrently, the relational distance (λdistance) and angle (λcosine) loss weights were
tuned to govern the structural mapping of the latent feature space.

From the results of the grid search, we identified the most effective and minimal
configuration of student architecture is [8,8] hidden units, paired with the specific
loss weighting formulation of λresponse = 0.8, λdistance = 0.12, and λcosine = 0.08.
Examples in figures 4.31 and 4.32 shows the comparison results of Teacher basline
results, Student F32 model results and Student INT8 results

Stratified groupkfold results for Relational-KD student model

As shown in Table 4.11, the Relational KD student model shows predictive perfor-
mance across all six folds, confirming that the distilled network effectively captures
the teacher model’s representations and generalizes well to unseen batteries. Table
4.12 displays the results after converting this distilled model into an 8-bit integer
(INT8) format for microcontroller deployment. While the INT8 quantization natu-
rally causes a slight increase in prediction error (RMSE) and a drop in the R2 score
due to the loss of numerical precision, Still the still remains highly stable across the
different folds.

Table 4.10: Performance of the R-KD student model across different folds.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.019882 0.015360 0.891133
2 44 0.020501 0.016156 0.879280
3 44 0.022715 0.018783 0.819519
4 44 0.018705 0.015103 0.878988
5 44 0.023404 0.018317 0.849594
6 44 0.023599 0.017760 0.817788

4.3.3.2 PINN Knowledge distillation

To find the best setup for the Physics-Informed Knowledge Distillation (PINN KD)
model, a grid search was conducted where the model is tested with a range of hidden
sizes of [4,8,16,32]. At the same time, tested with different penalty weights for the
physics-based loss function, specifically trying α and β values of [0.001, 0.005, 0.01,
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Figure 4.31: HUST dataset results of Relational KD
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Figure 4.32: MIT dataset results of Relational KD
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Table 4.11: Performance of the INT8 model with relational knowledge
distillation across different folds.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.020504 0.015669 0.889392
2 44 0.023794 0.018913 0.803239
3 44 0.023384 0.018820 0.820828
4 44 0.020250 0.016433 0.853731
5 44 0.025257 0.020293 0.794764
6 44 0.023480 0.017783 0.816934

0.05]. These α and β weights control how much hardloss and softloss need to be
considered. The search showed that the most effective configuration is a student
model with 8 hidden units, using physical constraint penalties of α = 0.05 and
β = 0.05.

Stratified groupkfold results for PINN-KD student model

Tables 4.15 and 4.16 showcase the cross-validation results for PINN-KD model F32
and PINN-KD model INT8.

Table 4.12: Performance of the PINN-KD student FP32 model across different
folds.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.02326 0.01728 0.89347
2 44 0.01957 0.01525 0.92351
3 44 0.02368 0.01747 0.85229
4 44 0.01958 0.01496 0.89507
5 44 0.01668 0.01306 0.92474
6 44 0.01191 0.00917 0.95177

Table 4.13: Performance of the PINN-KD student INT8 model across different
folds.

Fold Number of Batteries (IDs) Average RMSE Average MAE Average R2

1 44 0.02305 0.01658 0.88854
2 44 0.02085 0.01635 0.91075
3 44 0.02760 0.02167 0.81893
4 44 0.02215 0.01647 0.84451
5 44 0.01811 0.01465 0.90502
6 44 0.01498 0.01182 0.91736
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Figure 4.33: HUST dataset results of PINN-KD.
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Figure 4.34: MIT dataset results of PINN-KD.
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4.4 Models Performance profiling and Final model
selection

Building upon the analytical framework and resource metric equations established
in Section 3.5, this section presents the empirical hardware profiling results for
the State of Health (SoH) estimation models. While baseline deep learning archi-
tectures achieve high predictive fidelity in unconstrained environments, successful
deployment on an embedded Battery Management System (BMS) requires strict
adherence to the target microcontroller’s physical limitations.

4.4.1 Hardware Target Constraints (NXP MCXN947)
The deployment platform for this evaluation is the NXP MCXN947 microcontroller,
powered by a dual-core ARM Cortex-M33 architecture. During standard infer-
ence operations, the core runs at 150 MHz, drawing an active current density of
0.47 mA/MHz under a nominal supply voltage of 3.3 V. To accommodate resource-
constrained edge applications, the physical memory boundaries provide a maximum
of 2048 KB of non-volatile Flash storage for static model parameters and 512 KB
of volatile SRAM for dynamic runtime activations.

4.4.2 Empirical Profiling and Comparative Analysis
Testing candidate designs against hardware limits means converting math formulas
for power usage, memory (Flash and SRAM), and processing speed into real-world
measurements. This analysis shows the actual effects of model compression. Specif-
ically, it compares structural weight pruning (using the Grow-Prune framework)
with smaller architectures built through Knowledge Distillation (Relational-KD and
PINN-KD), as well as post-training INT8 quantization.

Grow-Prune (GP) Framework Profiling

Table 4.14 summarizes the hardware metrics for the Grow-Prune framework. While
the uncompressed baseline maintains 0.0% sparsity with 32,545 parameters, intro-
ducing 90.2% sparsity reduces active parameters to 3,181. This structural reduction
shrinks the static Flash footprint from 131.30 KB down to 14.91 KB, drops total
latency from 61.11 ms to 6.25 ms, and lowers inference energy from 14.22 mJ to 1.45
mJ. Applying INT8 quantization to the pruned architecture further optimizes the
footprint, compressing Flash size to 3.73 KB and peak SRAM to 47.84 KB.

Table 4.14: Comparison of model compression and deployment metrics.

Stage Format Units Sparsity Params Flash Size Peak SRAM Lat (Sum) Energy

Baseline FP32 [64, 32] 0.0% 32,545 131.30 KB 167.38 KB 61.11 ms 14.2178 mJ

Pruned FP32 [64, 32] 90.2% 3,181 14.91 KB 167.38 KB 6.25 ms 1.4546 mJ

INT8 INT8 [64, 32] 90.2% 3,181 3.73 KB 47.84 KB 6.18 ms 1.4376 mJ
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Knowledge Distillation Frameworks (Relational-KD and PINN-KD) Pro-
filing

In contrast to sparse training, the Knowledge Distillation framework alters network
topology by scaling hidden layer dimensions down from [64, 32] to [8, 8]. Because
hardware profiling metrics are strictly a function of structural parameter counts,
network topology, and data precision rather than the underlying training loss func-
tion, the physical execution footprint remains identical across different distillation
strategies. Consequently, the profiling results for Relational-KD and PINN-KD yield
matching performance metrics, as presented in Table 4.15 and Table 4.16. Through
structural reorganization, the distilled student network reduces the total parameter
count to 1,289. Combining knowledge distillation with INT8 quantization achieves
the most aggressive footprint reduction, scaling static Flash memory down to 1.29
KB, reducing peak SRAM to 15.03 KB, dropping total latency to 1.61 ms, and
lowering inference energy consumption to 0.3751 mJ.

Table 4.15: Comparison of model compression and estimated profiling metrics of
Relational-KD.

Stage Format Units Params Flash Size Peak SRAM Total Latency (Sum) Energy

Teacher Baseline FP32 [64, 32] 32,545 131.3 KB 167.38 KB 60.40 ms 14.05 mJ

Dense Distilled Student FP32 [8, 8] 1,289 5.16 KB 36.13 KB 4.61 ms 1.0726 mJ

Structural Pruned (0%) FP32 [8, 8] 1,289 5.16 KB 36.13 KB 4.61 ms 1.0726 mJ

Final (KD + INT8) INT8 [8, 8] 1,289 1.29 KB 15.03 KB 1.61 ms 0.3751 mJ

Table 4.16: Comparison of model compression and estimated profiling metrics of
PINN-KD

Stage Format Units Params Flash Size Peak SRAM Total Latency (Sum) Energy

PINN Teacher Baseline FP32 [64, 32] 32,545 131.3 KB 167.38 KB 60.40 ms 14.05 mJ

PINN Distilled Student FP32 [8, 8] 1,289 5.16 KB 36.13 KB 4.61 ms 1.0726 mJ

Structural Pruned (0%) FP32 [8, 8] 1,289 5.16 KB 36.13 KB 4.61 ms 1.0726 mJ

PINN Student (KD + INT8) INT8 [8, 8] 1,289 1.29 KB 15.03 KB 1.61 ms 0.3751 mJ

4.4.3 Final Model Selection
Testing four compression strategies—Grow-and-Prune (GP), Compression-Aware
Training (CAT), Relational Knowledge Distillation (RKD), and Physics-Informed
Knowledge Distillation (PINN-KD)—showed that the student model from the PINN-
KD framework is reliable for embedded deployment.

While heavy 8-bit integer (INT8) quantization usually hurts accuracy because of
noise, the PINN-KD student model stayed remarkably resilient. Furthermore, the
PINN-KD student model achieved greater and promising results across all six-fold
comparisons compared to the other approaches. Because the distillation process
regularizes the model using fundamental laws of battery physics, the architecture
gains extra structural robustness.
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Consequently, the PINN-KD student model successfully maintained its baseline pre-
diction accuracy even after conversion to the heavily compressed INT8 format. This
makes it the ideal choice for real-time edge execution: it achieves the extreme mem-
ory and energy reductions required for resource-constrained microcontrollers without
sacrificing predictive performance.

4.5 Model Compression and Resource Optimiza-
tion

This section evaluates the effect of the applied optimization pipeline, quantifying
the reduction in memory utilization and the mathematical fidelity of the compiled
TVM C-engine against the original PyTorch environment.

4.5.1 Flash Storage and SRAM Footprint Reduction

The physical memory limits of automotive microcontrollers necessitate a severe re-
duction in both non-volatile storage (Flash) for model weights and volatile memory
(SRAM) for intermediate tensor workspaces. The profiling data collected during the
TVM compilation phase demonstrates a dramatic decrease in resource consumption
across the three model iterations.

In the Figure 4.35 illustrates the uncompressed, full-precision Physical-Informed
Neural Network (PINN) expert model requires 130,180 bytes (approximately 127.13
KB) of Flash storage. Furthermore, the static tensor workspace required by the
Ahead-of-Time (AOT) executor for the expert model peaks at 156,256 bytes (152.59
KB) in SRAM. This memory requirement exceeds the capacity of many low-tier BMS
microcontrollers.

Following the knowledge distillation phase, the compressed FP32 model exhibits a
massive reduction in size. The distilled model’s weights consume only 5,156 bytes
(5.04 KB) of Flash memory. Similarly, the SRAM workspace requirement drops
significantly to 5,280 bytes (5.16 KB).

As detailed in the custom W8A32 pipeline(Section 3.6.3), by keeping activations in
FP32 while compressing weights to INT8, the model achieved a massive reduction
in Flash storage without suffering the temporal precision collapse typically seen in
fully quantized LSTM networks.The final optimization stage, employing a W8A32
quantization strategy, further shrinks the physical storage footprint. The quantized
model’s weights, exported directly as a C-header array, occupy merely 1,289 bytes
(1.26 KB) of Flash memory. For this variant, the SRAM is managed dynamically
by the TVM Relax Virtual Machine Memory Arena, replacing the static workspace
allocation.
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Figure 4.35: Comparison of Flash and SRAM memory footprints across the
models.

4.5.2 Mathematical Fidelity and Inference Accuracy (PC
SIL)

Translating a high-level PyTorch model into a bare-metal C application introduces
the risk of numerical degradation, particularly when managing the long-term tempo-
ral states of an LSTM. To validate the mathematical fidelity of the TVM-generated
engine prior to physical deployment, a batch execution diagnostic was performed
across the 200 time-step feature sequences in a PC environment.
The AOT-compiled FP32 PINN Expert model achieved a remarkably low Mean
Absolute Error (MAE) of approximately 2.83 × 10−7 against the native PyTorch
predictions, with a maximum absolute error bounded at 8.33× 10−7. The Distilled
FP32 model maintained a similar level of precision, demonstrating an MAE of 2.63×
10−7 and a maximum error of 5.49× 10−7.
Crucially, the W8A32 Quantized model, running within the Relax VM engine via
symmetric quantization and dynamic dequantization strategies, exhibited an ex-
ceptional MAE of approximately 3.32 × 10−8 against the PyTorch baseline. These
negligible error margins confirm that the TVM compiler completely preserved the
mathematical integrity of the SoH estimations, clearing the path for real-world edge
execution.
We can see that the quantized model has a smaller MAE. For full-precision (FP32)
models, the translation from PyTorch to bare-metal C introduces slight floating-
point drifts due to platform-specific rounding mechanisms and operation reordering.
Conversely, the W8A32 quantized model relies on discrete integer formats for its
core weights, which drastically minimizes these continuous floating-point alignment
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discrepancies. Ultimately, this discrete mathematical structure enforces stricter ex-
ecution determinism between the TVM engine and the native PyTorch baseline,
resulting in superior cross-platform mathematical alignment.In any case, they all
fall within the range of negligible error.
As visually demonstrated in Figure 4.36, the output trajectories of the native Py-
Torch prediction and the TVM Relax VM engine are virtually indistinguishable
across multiple testing datasets, further confirming the robustness of the applied
symmetric quantization strategy. The distilled results are relatively closer to the
ground truth, but the numerical differences between the two are very small.

(a) Dataset 41 (b) Dataset 42

(c) Dataset 43 (d) Dataset 44

Figure 4.36: Mathematical fidelity validation of the W8A32 Quantized model.

4.6 Real-Time Embedded Performance
Having mathematically validated the compiled AI engines, the deployment transi-
tioned to real-time physical execution on the target automotive edge hardware.

4.6.1 Execution Validation on Infineon TC4D7
The Software-in-the-Loop (SIL) deployment on the Infineon TC4D7 successfully
validated the deterministic execution of the compiled TVM models in a bare-metal
environment. Utilizing a similar feature-injection protocol, the inference loop was
verified to execute smoothly without dynamic memory allocation or RTOS context-
switching overhead. This qualitative validation confirmed the fundamental compat-
ibility of the generated C-engine with strict automotive MCU constraints. Following
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this architectural validation, the comprehensive quantitative latency benchmarking
and concurrent PIL execution testing were consolidated on the NXP MCXN947
platform.

4.6.2 Inference Performance Benchmarking on MCXN947
By isolating the TVM inference engine and feeding pre-computed features directly
into the network, the absolute execution latency was measured across 10 indepen-
dent battery datasets on the MCXN947. This methodology explicitly controls for
CAN communication overhead and dynamic feature scaling floating-point variations,
focusing purely on the computational limits of the models.
As illustrated in Figure 4.37, the PINN-KD Distilled model achieved a dramatic
reduction in inference time compared to the heavily parameterized Expert model.
While the Expert model successfully executed without memory overflow, its complex
matrix multiplications consumed a significant number of CPU cycles, increasing the
risk of violating hard real-time deadlines under high bus loads. In contrast, the
Distilled model completed execution in strictly deterministic timeframes, ensuring
highly responsive BMS control loop integration.

Figure 4.37: Latency comparison between the Expert Model and Distilled Model
across 10 independent datasets executed on the NXP MCXN947.

4.6.3 Cross-Platform Mathematical Fidelity (Silicon vs PC)
To further validate the physical edge deployment, it is critical to ensure that the
execution on the ARM Cortex-M33 silicon matches the mathematical outputs gen-
erated by the PC-based TVM simulation. Using the same isolated feature injec-
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tion protocol, the SoH prediction trajectories were recorded directly from the NXP
MCXN947.

As illustrated in Figure 4.38, the physical execution on the microcontroller estab-
lishes exceptional mathematical fidelity when compared to both the PC-based TVM
simulation and the experimental Ground Truth. The PC SIL predictions (dashed
lines) and the physical MCU outputs (dotted lines) are nearly indistinguishable.
This confirms that the custom W8A32 dynamic quantization pipeline successfully
mitigates hardware-induced floating-point drift and preserves computational deter-
minism across distinct architectures.

Quantitatively, the deployed model shows highly robust predictive performance. A
critical indicator of this stability is the tight bounding of the RMSE to the MAE.
For instance, Dataset 41 yields an RMSE of 0.0168 alongside an MAE of 0.0131,
while Dataset 44 achieves an exceptional RMSE of 0.0127 and an MAE of 0.0055.
Because RMSE strictly penalizes extreme deviations, this minimal discrepancy cru-
cially indicates the absence of severe outlier predictions. It proves that the model
maintains absolute mathematical stability under edge hardware execution, averting
any catastrophic miscalculations that could compromise the safety of the Battery
Management System.

Furthermore, the model’s capacity to capture complex, long-term degradation tra-
jectories remains completely intact. Across the evaluated datasets, the Coefficient
of Determination (R2) consistently exceeds 0.93 in scenarios, peaking at 0.9696
for Dataset 44, and maintains a solid 0.8776 even in the most challenging profile
(Dataset 43). Ultimately, this comprehensive evaluation proves that the physical
edge deployment faithfully captures the entire physical aging variance, validating
the algorithmic robustness of the PINN-KD Distilled model on bare-metal silicon.

4.6.4 Concurrency and End-to-End Challenges in System
Integration

Since the isolated inference engine was proven to be both mathematically accurate
(Section 4.5.2) and computationally deterministic (Section 4.5.1), the end-to-end
data acquisition pipeline was subsequently validated utilizing the FlexCAN double-
buffering architecture.

The system demonstrated exceptional software-hardware stability. The high-priority
ISR successfully captured high-frequency asynchronous sensor streams without block-
ing the AI execution loop, and the overrun_counter confirmed zero frame drops.
Additionally, the vector_is_finite boundary checks effectively prevented NaN-
induced cascade failures within the LSTM.

However, despite this architectural stability, the real-time on-device feature extrac-
tion yielded sub-optimal numerical predictions in the final SoH estimation. With the
neural network itself ruled out as the source of error, this degradation is definitively
attributed to the amplification of transient bus noise during on-device statistical
calculations, coupled with floating-point accumulation errors during real-time ca-
pacity integration. Static normalization boundaries derived from clean laboratory
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Figure 4.38: Cross-platform mathematical fidelity. The physical execution on the
NXP MCXN947 closely aligns with the PC simulation, with minor acceptable

hardware drift stemming from MCU floating-point rounding mechanisms.

data struggled to adapt to the dynamic noise inherent in live CAN traffic. This high-
lights a critical boundary between mathematically sterile validation environments
and dynamic physical edge deployments.
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In conclusion, this research successfully established an end-to-end framework for
deploying highly compressed, physics-informed State of Health (SoH) estimation
models onto resource-constrained embedded microcontrollers. The primary findings
and contributions of this work are summarized as follows:

• Multi-Chemistry Limitations & Specialization: The investigation proved
that standard LSTM architectures fail to build a unified, chemistry-agnostic
model across mixed chemistries (LFP, NMC, and NCA) due to severe gradi-
ent dominance and representational misalignment, confirming that specialized
single-chemistry modeling remains the most reliable path.

• Compression Strategy Benchmarking: Out of four benchmarked com-
pression frameworks, the Physics-Informed Knowledge Distillation (PINN-
KD) approach emerged as the most resilient, successfully preserving high pre-
dictive performance even after aggressive 8-bit integer (INT8) quantization.

• Deterministic Edge Compilation: By transitioning the deployment pipeline
to the Apache TVM compiler stack for ahead-of-time (AOT) bare-metal C
generation, the optimized model achieved extreme memory reduction and de-
terministic execution timing.

• Rigorous Hardware Validation: The complete edge deployment workflow
was successfully validated through Processor-in-the-Loop (PIL) testing, prov-
ing that physics-informed compressed models can reliably meet the strict real-
time constraints of resource-constrained automotive and industrial microcon-
trollers.

While this thesis successfully established a robust framework for deploying highly
compressed, physics-informed LSTM models onto embedded microcontrollers, sev-
eral avenues remain open for future research and optimization:

• Advanced Architectures and Feature Engineering for Chemistry-
Agnostic Generalization: While this study utilized a compact LSTM base-
line, training a universal model across mixed battery chemistries (LFP, NMC,
and NCA) introduced severe gradient dominance—particularly driven by NCA
data—that degraded generalized accuracy. Future research should explore ad-
vanced modeling paradigms, such as attention-based Transformers or enhanced
physics-informed architectures, which are better equipped to capture complex,
multi-domain electrochemical dynamics. Furthermore, incorporating explicit
auxiliary inputs such as chemistry-specific one-hot encodings, learned cate-
gorical embeddings, and dynamic operational indicators (e.g., charging versus
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discharging states or fast-charging profiles) can provide the network with vital
contextual information. Combining these richer feature spaces and advanced
architectures with gradient balancing techniques (such as GradNorm) or Un-
supervised Domain Adaptation (UDA) will be critical to achieving a robust,
high-performance, chemistry-agnostic edge estimator.

• Hardware-in-the-Loop (HIL) and Real-Vehicle Validation: The cur-
rent verification framework relies on Software-in-the-Loop (SIL) and Processor-
in-the-Loop (PIL) architectures using static operational data fed via CAN bus
simulators. The logical next step is transitioning to a full Hardware-in-the-
Loop (HIL) setup connected to a physical battery pack and a complete BMS
prototype. This will allow for the evaluation of the quantized model’s resilience
against real-world electromagnetic interference (EMI), dynamic temperature
fluctuations, and highly erratic driving profiles.

• Exploration of Advanced Lightweight Architectures: While LSTMs are
effective for time-series forecasting, they suffer from sequential bottlenecking.
Future work should explore the deployment of emerging lightweight sequence
models, such as State Space Models (e.g., Mamba) or efficient Transformers
with linear attention mechanisms. Investigating the compilation and bare-
metal deployment behavior of these modern architectures via Apache TVM
could yield even lower inference latencies without sacrificing the ability to
capture long-term degradation dependencies.

• On-Device Continual Learning: The compiled TVM models in this study
are statically allocated Ahead-of-Time (AOT), meaning their weights are frozen
post-deployment. Given that battery aging mechanisms can shift unpredictably
due to user habits or extreme environmental exposure over years of operation,
future iterations of this framework should explore lightweight, on-device con-
tinual learning. Implementing partial weight updating or bias correction mech-
anisms directly on the MCU would allow the SoH estimator to dynamically
adapt to unforeseen degradation trajectories during the vehicle’s lifespan.

• Robust On-Device Feature Engineering: While the neural network in-
ference proved highly efficient and deterministic on the MCXN947, the end-
to-end pipeline revealed a high sensitivity to raw sensor noise during live CAN
execution. Future work must focus on optimizing the on-device feature ex-
traction algorithms. Implementing dynamic moving-average filters, advanced
outlier rejection directly within the CAN ISR, and fixed-point safe accumula-
tion logic will be strictly required to bridge the numerical gap between isolated
feature injection and live vehicular data streams.
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