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Abstract

Accurate state of charge (SOC) estimation is essential for battery management systems
(BMSs) in heavy-duty vehicles (HDVs), where batteries are exposed to high voltage and
current stress, heavy loads, and dynamic operating conditions. In the context of company-
oriented BMS development, the SOC estimator should be accurate, suitable for real-time
embedded implementation, scalable to large battery systems, and transparent enough for
engineering validation. Lithium iron phosphate (LFP) batteries are attractive in HDV appli-
cations because of their safety, relatively low cost, and long cycle life, but the long plateau
region in the voltage–SOC curve limits the reliability of voltage-based SOC correction and
calibration. For this reason, Coulomb Counting (CC) is selected as the basic SOC propa-
gation framework in this thesis. CC is practical and industrially relevant because it directly
uses measured current and has low computational burden, but its sensitivity to initial SOC,
current measurement error, and battery capacity mismatch creates challenges for reliable
BMS implementation.

The thesis develops a Simulink-based benchmark framework to evaluate selected CC-
based SOC estimation and correction strategies for LFP batteries under heavy-duty vehicle
operating conditions. A conventional CC estimator, two literature-based correction meth-
ods, an improved bias-compensation strategy, and a bias-capacity-aware correction method
developed in this thesis are implemented and compared under controlled error cases. The
results show that no single correction mechanism is optimal under all conditions: initial
SOC correction depends on voltage observability, cycle-level capacity correction is more
effective under capacity mismatch, and current-bias compensation is necessary when cur-
rent sensor drift causes accumulated SOC error. These findings demonstrate that reliable
CC enhancement for LFP-based heavy-duty battery systems requires not a stronger cor-
rection mechanism, but one matched to the dominant error source and constrained by the
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reliability of the available correction signals. The benchmark provides an early-stage evalu-
ation platform for future company BMS development, supporting the selection of correction
strategies before experimental validation and embedded implementation.
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Chapter 1

Introduction

1.1 Electrification of Heavy-Duty Road Transportation

Heavy duty vehicles (HDVs), including trucks, buses, and coaches, are responsible for more than
a quarter of greenhouse gas (GHG) emissions from road transport in the European Union (EU)
and contribute over 6% to total EU GHG emissions according to the ACEA fact sheet [1]. In
response to the disproportionate environmental impact, the EU proposed a regulation regarding
CO2 emission that sets the target of reducing average GHG emissions by at least 55% by 2030
compared to 1990 levels [2]. To meet these regulatory emissions targets and environmental
calls, the electrification of heavy-duty road transport has become a key issue in both Europe and
beyond.

However, electrification is not simply achieved by replacing only the architecture of the
propulsion and energy systems. The high energy demand and intensive operating conditions
impose demanding requirements on energy storage systems, making the performance and man-
agement of battery systems the central problem in electrification.

1.2 Heavy-Duty Battery Systems and BMS Requirements

Compared to light-duty electric vehicles (EVs), such as passenger cars, HDVs require signifi-
cantly higher energy storage capacity and power delivery due to their larger vehicle mass, pay-
load requirements, longer operating hours, and more intensive duty cycles [3, 4]. Depending on
the application, their operation can often involve frequent acceleration and regenerative brak-
ing, resulting in a dynamic discharge current profile [5]. These conditions require more robust
battery systems with high power capability and reliable operation during extended periods.

To meet these requirements, HDV battery packs often employ either high-voltage or high-
current architectures and include a large number of cells connected in series and/or parallel.
While this battery configuration offers the necessary power and energy, it also brings more chal-
lenges to the monitoring, sensing, balancing, and protection of the battery pack. Therefore, the
electrification of HDVs depends not only on robust hardware, but also on a reliable and durable
control mechanism to ensure smooth operation. In this context, the battery management sys-
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1. INTRODUCTION

tem (BMS) becomes critical as it connects battery measurements with control, protection, and
communication decisions at the system level.

Although there is no universally accepted definition of a BMS, it is typically considered
any system designed to take care of a battery’s operation, safety and longevity [6]. In vehicle
applications, its main functions can be summarized as monitoring, state estimation, protection,
balancing, thermal management, fault diagnosis, and communication [7, 8, 9, 10, 11, 12, 13].
These functions allow the BMS to process measured signals and support safe, efficient, and
reliable battery operation under varying load, temperature, and aging conditions.

A typical BMS architecture is illustrated in Figure 1.1. The BMS receives measured signals
such as cell voltage, pack voltage, pack current, and temperature. These measurements are used
for battery state estimation, protection decisions, balancing control, thermal management, and
communication with higher-level vehicle controllers through interfaces such as CAN communi-
cation [14].

Figure 1.1: General architecture of a battery management system. Adapted from [14].

Among all the functions of BMS, battery state estimation is a vital task because many control
and protection decisions depend on the estimation of the battery internal state. In particular,
state of charge (SOC) estimation is one of the most important state estimation functions. SOC
represents the remaining charge of the battery and is closely related to usable energy, charging
decisions, and protection actions [15].

In heavy-duty applications, where vehicle operation is strongly tied to BMS functions, an
inaccurate SOC estimation may lead to unsuitable charging decisions, conservative or even ex-
treme available capacity usage. Therefore, reliable SOC estimation under dynamic operating
conditions is an important requirement for heavy-duty vehicle electrification. For a company-
developed BMS, the SOC estimator should also be suitable for real-time embedded implemen-
tation, scalable to large battery packs with many cells and modules, and transparent enough for
engineering validation [13, 16].
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1.3. Challenge of LiFePO4 Batteries for SOC Estimation

1.3 Challenge of LiFePO4 Batteries for SOC Estimation

The difficulty of SOC estimation is strongly dependent on the battery chemistry and its electro-
chemical characteristics. For heavy-duty vehicle applications, the choice of battery chemistry
is not determined by energy density alone. Safety and cycle life are more important factors be-
cause, compared to EVs, HDVs pose challenges on the safety and durability of battery packs.
Lithium-ion batteries consist of several different chemistries such as lithium nickel manganese
cobalt oxides (NMC), lithium nickel cobalt aluminum oxides (NCA), and lithium iron phosphate
(LFP). Table 1.1 summarizes the representative trends of major lithium-ion battery chemistries
based on literature and market reports [17, 18, 19, 20].

Table 1.1: Indicative comparison of representative lithium-ion battery chemistries

Property LFP NMC NCA

Specific energy (Wh/kg) 90–160 150–250 200–260
Volumetric energy density (Wh/L) 300–400 500–700 550–750
Cycle life 3000–5000 1000–2000 1000–2000
Thermal stability High Moderate Low
Safety Excellent Good Fair
Low-temperature performance Poor Good Good
Relative cost Lower Higher Higher

Note: The numerical values are indicative ranges. They vary with manufacturer, cell format, operating condition,
temperature, depth of discharge, and production year.

As shown in Table 1.1, compared to NMC and NCA, LFP generally offers longer cycle
life, higher thermal stability, stronger safety characteristics, and lower relative cost, although
with lower energy density and weaker low-temperature performance [21, 22]. This trade-off is
particularly relevant for HDV applications, where batteries are large, expensive, and exposed to
intensive operating schedules. Therefore, LFP is considered suitable for the electrification of
heavy-duty vehicles.

From an SOC-estimation perspective, however, the key limitation of LFP is its low voltage-
SOC sensitivity in the flat plateau region [23, 24, 25]. Figure 1.2 shows the dynamic charging
and discharging curves of EVE battery LF100LA based on the product specification data pro-
vided by the manufacturer.
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0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
SOC

2.6
2.8

3
3.2
3.4
3.6

V
ol

ta
ge

 (
V

)

Charging @0.5C, 25°C

00.10.20.30.40.50.60.70.80.91
SOC

2.5

3

3.5

V
ol

ta
ge

 (
V

)

Discharging @0.5C, 25°C

Figure 1.2: Dynamic charging and discharging voltage curves of the LF100LA LFP cell at 0.5C
and 25◦C.

As shown in Figure 1.2, the cell voltage changes only slightly over a wide SOC region (2̃0%
to 80%). As a consequence, a small voltage variation may correspond to a large SOC interval,
bringing more difficulty to SOC estimation and calibration. In addition, during dynamic opera-
tion, the measurement of terminal voltage will also be influenced by current, internal resistance,
temperature, polarization, and relaxation effects, which means that during operation, voltage
measurements alone are insufficient for accurate SOC estimation [22]. This limitation motivates
the use of current-based SOC propagation, especially Coulomb Counting, which is discussed
from an industrial BMS perspective in the following section.

1.4 Industrial Motivation for CC-Based SOC Estimation

The LFP voltage plateau discussed in the previous section limits the reliability of voltage-based
SOC estimation and correction over a wide SOC range. For a company-developed BMS, the
SOC estimator must operate in real time, rely on continuously available measurements, scale to
large battery packs with many cells and modules, and remain transparent for engineering vali-
dation. Since pack current is a standard measured signal in a BMS, current integration provides
a practical basis for tracking the charge entering and leaving the battery pack.

This practical choice is consistent with existing industrial battery-management and battery-
monitoring products. For example, the Orion BMS describes its SOC calculation as primarily
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1.5. Problem Statement and Research Gap

tracking the current entering and leaving the battery, which is Coulomb Counting [26]. Similarly,
commercial battery monitors such as the Victron SmartShunt determine the net charge added or
removed by measuring and integrating the current flow [27]. At the fuel-gauge IC level, Texas
Instruments describes gas-gauge devices that include ADC-based Coulomb counters together
with voltage and temperature measurements [28]. These examples show that Coulomb Counting
is an industrial building block for practical battery state estimation. As a consequence, this thesis
selects CC as the basic SOC propagation framework.

1.5 Problem Statement and Research Gap

After selecting CC as the basic SOC propagation framework, its accumulated error becomes the
main technical problem addressed in this thesis. SOC estimation directly affects energy manage-
ment, charging decisions, protection limits, and the usable capacity reported to the vehicle-level
controller. Therefore, the limitations of CC must be understood before CC-based SOC estima-
tion can be applied to LFP-based HDV battery systems.

Since CC relies on open-loop current integration, its accuracy depends on the initial SOC,
current measurement accuracy, available capacity, Coulombic efficiency, and sampling or timing
accuracy. Errors in these quantities can accumulate over time and lead to SOC drift. Movassagh
et al. [29] systematically analyzed the possible error scenarios that might occur in real CC
applications. The mismatch of initial SOC, the drift in current measurement sensor, and battery
aging can all contribute to an incorrect SOC estimation. In real heavy-duty vehicle operations,
these error cases may become more relevant over long operating periods, repeated cycles, and
battery aging problems, adding uncertainty to SOC estimation.

Several studies have proposed various enhancement or correction methods for different types
of errors. Das et al. [30] proposed a least-squares-regression-based algorithm using standby
windows to correct the initial SOC before the calculation begins. Lee and Won [31] introduced
a method that estimates battery capacity and Coulombic efficiency of each cycle, combining
with an SOC reset from OCV inversion at the beginning of the cycle.

However, there are two gaps. First, existing CC calibrations and corrections are often devel-
oped and verified under different assumptions and settings. In other words, there is no systematic
comparison for these enhancement methods within a common framework under the same bat-
tery model, error cases and evaluation metrics. Second, many existing CC enhancement and
SOC correction methods are developed or validated using battery chemistries such as NMC or
NCA, often under operating profiles that are not specifically representative of heavy-duty ve-
hicle applications. Their performance cannot be directly assumed for LFP-based HDV battery
systems, because of the plateau region of LFP and the dynamic operation profiles of HDVs.
Therefore, the applicability and limitations of these methods in the LFP-based HDV context are
not sufficiently understood.

1.6 Research Question and Thesis Structure

Based on the research gaps, the main research question of the thesis is:

5



1. INTRODUCTION

How do selected CC-based SOC correction methods compare in terms of estima-
tion accuracy and applicability under representative LFP-based heavy-duty vehicle
operating and error scenarios?

This main question leads to three sub-questions:

1. How can an existing Simulink battery example be adapted into a unified benchmark for
evaluating CC-based SOC estimation and enhancement methods for LFP batteries under
dynamic heavy-duty operating conditions?

2. How do the selected CC-based enhancement methods perform compared with basic Coulomb
Counting under the same battery model, operating profile, error scenarios, and evaluation
metrics?

3. What are the advantages, limitations, and applicable conditions of these methods for LFP-
based heavy-duty battery management systems?

The structure of the thesis is constructed as follows. Chapter 2 explains the technical back-
ground of BMS, SOC estimation, Coulomb Counting, and its error mechanisms. Chapter 3 de-
velops the Simulink example into a unified benchmark platform by defining the battery model,
operating cycles, error injection cases, and evaluation metrics. Chapter 4 introduces the se-
lected CC-based correction methods from literature and explains how they are implemented or
adapted in the benchmark. Chapter 5 evaluates the methods under the predefined benchmark
cases and presents the simulation results. Chapter 6 summarizes the main conclusions, answers
the research questions, and points out future work.

6



Chapter 2

Coulomb Counting and Error
Mechanisms

This chapter introduces the technical background required for SOC estimation in the thesis.
Since Chapter 1 has introduced the practical motivation for selecting CC-based SOC estimation
in a company-developed LFP/HDV BMS context, this chapter further explains the technical
background of CC. First, representative SOC estimation methods are briefly reviewed to position
CC among alternative approaches. Then, the continuous-time and discrete-time formulations of
Coulomb Counting are derived. Finally, the main error mechanisms of CC are analyzed, which
motivate the benchmark error scenarios used in the following chapters.

2.1 Overview of State of Charge (SOC) Estimation Methods

Battery state estimation refers to the calculation of the battery’s current state and the prediction
of future performance that cannot be directly measured from the sensors [32]. Typical examples
include state of charge (SOC), state of health (SOH) and state of power (SOP). Among them,
SOC is the most critical one because it is directly related to the energy usage of the battery and
therefore is a vital input for thermal management and protection [15, 33].

SOC is commonly defined as the ratio between the remaining available charge and the max-
imum available capacity:

SOC(t) =
Qavail(t)

Qn
(2.1)

It is an indicator of how much energy is stored in the battery at the moment. SOC estimation
is used to determine when to charge or discharge the battery, optimize the charge and discharge
strategy, and prolong the battery life.

SOC estimation algorithms can be generally divided into four categories [32]. These cate-
gories are briefly reviewed in the following sections.

7



2. COULOMB COUNTING AND ERROR MECHANISMS

2.1.1 Open-Circuit Voltage (OCV) Mapping

OCV-based method estimates SOC according to the look-up table of the relationship between
the voltage and the SOC. The look-up table can be obtained by measuring the static voltage in
different SOC states. During the actual operation, SOC is determined based on its position on
the OCV–SOC curve.

OCV-based estimation is the simplest method compared to other methods. However, the
OCV–SOC relationship can be influenced by multiple factors such as battery aging and different
temperatures, and therefore will easily lose its accuracy after several cycles [34]. Also, for
LFP batteries, the flat OCV–SOC plateau reduces the sensitivity of SOC to voltage over a wide
operating range. As a result, the OCV mapping is used as a correction method rather than a
standalone estimator during dynamic operation [22, 35].

2.1.2 Coulomb Counting

This method estimates battery SOC by counting the amount of charge (coulombs) entering or
leaving the battery. The calculation is simple; as long as the starting point is known, the integra-
tion during operation could give the estimation result at the endpoint. Section 2.2 will explain
the mechanism in detail.

Coulomb Counting stands out because of its simplicity and accuracy especially in the short
term. Its inputs only contain initial SOC, current and battery capacity. The main limitation of
Coulomb Counting, however, is that the accuracy highly depends on the initial SOC, current
measurement, battery capacity, and sampling time [36]. Therefore, the error mechanisms should
be considered in advance and different calibration methods are proposed.

2.1.3 Model-Based Observer Method

Model-based observer methods estimate SOC by combining the measured signals with a battery
model [37]. Equivalent circuit models (ECMs), such as the Rint model, first-order RC model and
second-order RC model, are commonly used to describe the dynamic response of the battery.

The selected battery model is used by an observer or filter to estimate internal states that
cannot be directly measured. Common observers include the Kalman Filter (KF), Extended
Kalman Filter (EKF), Particle Filter (PF), and sliding mode observer [38]. Typically, these
observers compare the voltage measurement and estimation to estimate SOC, and the error is
then sent back to the observer for correction.

Model-based observer methods can improve SOC estimation by correcting the accumulated
error that may occur in open-loop methods such as Coulomb counting. However, their perfor-
mance depends strongly on the accuracy of the battery model, the model parameters, and ob-
server tuning. As a result, although model-based observer methods are widely used in advanced
BMS applications, they usually require more modeling effort and computational resources than
simple Coulomb-Counting-based methods. Recent LFP studies further show that observer-based
estimators may require bias compensation or adaptive correction because the flat OCV–SOC
curve weakens voltage-based observability and increases sensitivity to measurement bias [35].

8



2.2. Coulomb Counting Principle

2.1.4 Data-Driven Methods

Data-driven methods estimate SOC by learning the relationship between measurable battery sig-
nals and SOC from pre-obtained experimental and/or operational data. Eleftheriadis et al. [39]
describe different categories of data-driven methods in detail. These methods can be classi-
fied into different groups such as Support Vector Machine (SVM), Gaussian Process Regres-
sion (GPR) and Neural Network (NN). Recent studies have further explored machine-learning
and physics-informed deep-learning models for SOC estimation using measured voltage, cur-
rent, and temperature sequences, including LFP-specific approaches designed to address the flat
OCV–SOC platform [39, 40].

Compared with model-based methods, data-driven algorithms are black-box models that do
not require clearly predefined physical models. Instead, battery behavior is learned from data.
This allows them to deal with more complicated non-linear cases as long as the captured data are
sufficient. In contrast, the strict requirement for a large amount of training data makes validation
and calculation more challenging.

The SOC estimation methods reviewed above differ in their required inputs, implementa-
tion complexity, dependence on battery-specific data, and correction capability. They are not
completely independent in practical BMS applications because CC can be used as the basic
SOC propagation method, while OCV correction, model-based observers, or data-driven com-
pensation can be introduced to reduce accumulated errors. The following section introduces the
principle of Coulomb Counting and the main error sources that affect its estimation accuracy.

2.2 Coulomb Counting Principle

2.2.1 Continuous Time Calculation

Assume that positive current refers to charging. Coulomb Counting can be derived from the
relationship between battery charge and terminal current:

I(t) =
dq(t)

dt
(2.2)

For a rechargeable cell, we are interested in its reversible, usable charge, which is defined
here as Qavail(t). The rated capacity Qn (Ah) is defined under a specific test condition as the
total amount of charge that can be extracted when the cell is discharged from full to the cut-off
voltage. By definition:

Qn =− 1
3600

∫ tcuto f f

t f ull

I(t)dt (2.3)

When the battery pack is charged, the available capacity increases; when it is discharged,
the available charge decreases. In addition, not all terminal charge contributes to the reversible
capacity due to side reactions and inefficiencies. This phenomenon is captured by coulombic
efficiency η(t) ∈ (0,1]. Therefore, the time derivative of the available capacity

dQavail(t)
dt

=
η(t) I(t)

3600
(2.4)
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Combining this with the definition of SOC Eq. (2.1) gives

Qn
dSOC(t)

dt
=

η(t) I(t)
3600

(2.5)

Hence, the continuous-time SOC dynamics

dSOC(t)
dt

=
η(t)

3600Qn
I(t) (2.6)

The integral form

SOC(t) = SOC(t0)+
1

3600Qn

∫ t

t0
η(τ)I(τ)dτ (2.7)

This is the fundamental continuous-time equation behind Coulomb Counting.

2.2.2 Discrete-Time Implementation for BMS

The battery management system operates in a discrete time with a sampling period ∆t. During
a sampling interval [tk−1, tk], the current can be approximated as a constant value Ik. Therefore,
the charge increment

∆qk ≈ Ik ∆t [C] (2.8)

In practice, the rated capacity Qn is specified in ampere-hours (Ah), while the current is mea-
sured in ampere (A) and time in seconds (s). To work in Ah, the charge increment is converted
as

∆Qk =
Ik∆t
3600

[Ah], (2.9)

because 1Ah = 3600C.
Convert the continuous-time relationship Eq. (2.1) into discrete-time, the equation becomes

SOCk = SOCk−1 +
ηk

Qn
∆Qk = SOCk−1 +

ηk Ik∆t
3600Qn

(2.10)

Starting from the initial SOC, the cumulative SOC calculation is:

SOCk = SOC0 +
k

∑
i=1

ηiIi∆t
3600Qn

. (2.11)

Under the chosen sign convention, this updated rule has the desired behavior:

• when Ik > 0 (charging), the term ηk Ik∆t
3600Qn

> 0 and SOC increases;

• when Ik < 0 (discharging), the term is negative and SOC decreases.

Eq. (2.10) is the recursive update used in the discrete-time BMS application, while Eq. (2.11)
shows that SOC estimation is accumulated from the initial SOC and all previous current sam-
ples. This cumulative form also reveals the main weakness of Coulomb Counting: errors in the
initial SOC, current measurement, coulombic efficiency, sampling time and capacity value may
increase the estimation error during accumulation. These error mechanisms are discussed in the
following section.
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2.3 Error Mechanisms of Coulomb Counting

The discrete-time Coulomb Counting formulation shows that the SOC estimation is obtained by
accumulating current over time from an initial SOC value. Therefore, the accuracy of Coulomb
Counting depends on multiple factors such as current measurement, initial SOC, and battery
capacity.

Movassagh et al. [41] explicitly analyze the major error sources in Coulomb Counting,
which will be briefly reviewed in the following sections. These error sources can generally be
categorized as either time-cumulative errors or SOC-proportional errors.

2.3.1 Initial SOC Error

Coulomb Counting requires an initial SOC value to start the integration. If the initial SOC is not
accurate, the error is directly inherited by all subsequent estimation. Assuming that the current
measurement, capacity, efficiency and sampling time are accurate, an initial SOC error can be
written as:

e0 = ŜOC0 −SOC0 (2.12)

where SOC0 is the true SOC and ŜOC0 is the initial SOC used by BMS.
The SOC estimation then contains this offset throughout the entire process:

ŜOCk = SOCk + e0 (2.13)

Pure CC does not have a feedback system, and therefore cannot eliminate this kind of error.
The initial SOC error is a one-time error at t = 0, and will remain as a bias during the Coulomb
Counting session. When considered independently, it remains as an offset and can be reduced
using a reliable voltage anchor.

2.3.2 Current Measurement Bias

Current measurement error is one of the most important error sources of SOC estimation. When
current measurement error is included, the measured current would become

Îk = Ik + eI,k (2.14)

where Ik is the true current, eI,k is the measurement error and Îk is the value that enters the
Coulomb Counting integration.

Substituting the expression into Eq. (2.10) gives

eSOC,I(k) =
k

∑
i=1

ηieI,i∆t
3600Qn

(2.15)

If the current error comes from a constant current bias, the expression becomes:

eSOC,I(k)≈
ηbIk∆t
3600Qn

(2.16)
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where bI is the constant current bias.
This equation shows that if there is a constant current bias in the current sensor, the error

will accumulate in the process and continuously increase the estimation error.

2.3.3 Capacity Mismatch

Coulomb Counting also depends on the battery capacity value used in the integration. Batteries
gradually age during operation, and therefore the capacity will drop as operating time increases.
However, if the estimator still uses the nominal capacity Qn for estimation, the mismatch be-
tween the actual battery capacity and the capacity used in the calculation introduces error to
SOC estimation. The SOC calculation can be expressed as:

ŜOCk = ŜOCk−1 +
ηkIk∆t

3600Q̂n
(2.17)

If Q̂n >Qn, the estimator underestimates the SOC change for a given period of time. Unlike cur-
rent bias, capacity mismatch is not time-cumulative, because it is also related to the accumulated
SOC change. [41] classified it as an SOC-proportional error source.

2.3.4 Secondary Error Sources: Efficiency, Integration Approximation, and
Timing

In addition to the mentioned error sources, Coulomb Counting can also be affected by Coulom-
bic efficiency, current integration approximation, and timing uncertainty. The current integration
approximation error is due to the transfer from continuous current integral to discrete samples
in real operation, for example using a rectangular approximation. This error becomes more rele-
vant when the current significantly changes within one sampling interval. Timing uncertainty, in
contrast, refers to error in the sampling duration itself, such as oscillator drift or synchronization
error. Although both effects are related to the discrete-time implementation, they have different
physical meanings.

The uncertainty of the Coulombic efficiency is another possible source of error. It represents
uncertainty in the fraction of terminal charge that contributes to reversible charge storage. If
the assumed efficiency differs from the actual efficiency, the SOC change during charging or
discharging would be incorrect.

Movassagh et al. [41] identify current integration approximation error, Coulombic-efficiency
uncertainty, and timing oscillator error as possible Coulomb Counting error sources. However,
these effects are not independently varied in the benchmark of this thesis. The sampling time
and numerical integration setting are fixed by the simulation environment, and the Coulombic
efficiency is assumed to be close to unity under the considered operating conditions. Therefore,
the benchmark focuses on the dominant and controllable error sources: initial SOC error, current
measurement bias, and capacity mismatch.
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2.3.5 Summary of Error Mechanisms

The error mechanisms discussed above affect Coulomb Counting in different ways. Table 2.1
summarizes the main effects and the specific treatment in the thesis.

Table 2.1: Coulomb Counting error mechanisms and benchmark treatment

Error source Main effect Treatment in this thesis
Initial SOC error Persistent offset Injected as initial SOC mismatch
Current measurement bias Time-cumulative drift Injected as current sensor bias
Capacity mismatch Throughput-dependent scaling error Injected as capacity mismatch
Integration, efficiency,
and timing uncertainty Secondary implementation/scaling errors Discussed; not independently varied
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Chapter 3

BMS Modeling in Simulink:
Benchmark Framework and Model

Adaptation

This chapter introduces the Simulink-based benchmark framework used for the simulation study
in the thesis. The simulation framework used in this thesis is derived from the MathWorks Bat-
tery Management System Demo for MATLAB/Simulink R2022b [42]. The theoretical back-
ground and SOC estimation have been introduced in Chapter 2, and this chapter is intended to
describe how these concepts are represented in the selected Simulink model.

3.1 Benchmark Framework and Simulation Environment

The Simulink demo used in the thesis provides a reference environment for model-based BMS
development and includes battery pack modeling, thermal effects, current limit calculation, SOC
estimation, cell balancing, and fault management. The top-level structure of the benchmark
model is shown in Figure 3.1.

Figure 3.1: Top-level structure of the Simulink-based BMS benchmark framework adapted from
the MathWorks Battery Management System Demo [42].

As shown in the figure, the top-level model consists of three main parts: the test scenarios,
the BMS algorithms, and the battery plant model. The Test Scenarios block provides the
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requested system state through the StateRequest signal. This signal is passed to both the BMS
algorithm subsystem and the plant model, so that the controller and the physical battery model
operate under the same requested mode.

The BMS Algorithms subsystem represents the software part of the BMS. It receives the
StateRequest signal and the sensor feedback from the plant model. Based on these inputs, it
generates two main output buses: BMS Info and BMS Cmd. The BMS Info bus contains moni-
toring and diagnostic information, such as estimated SOC, current limits, BMS state, and fault-
related signals. The BMS Cmd bus contains control commands sent to the plant model, such as
contactor commands and balancing commands.

The Battery Model subsystem represents the physical battery plant. It receives the BMS
command bus and the state request, and returns the sensor bus to the controller. The sensor
feedback includes the measured quantities required by the BMS algorithms, such as current,
voltage, temperature, and cell-related signals. A unit delay is included in the sensor feedback
path to avoid an algebraic loop between the plant model and the BMS controller.

The model also provides a KnownSOC output from the plant model. This signal is not a
directly measurable quantity in a real battery system, but it is useful in simulation because it
can be used as a reference value for evaluating SOC estimation performance. Therefore, the
benchmark framework allows the estimated SOC from the BMS to be compared with the known
plant-model SOC under identical simulation conditions.

Overall, this top-level structure forms a closed-loop BMS simulation environment. The BMS
algorithms process sensor information and generate control commands, while the plant model
responds to these commands and returns updated measurements. This closed-loop interaction is
important for this thesis because the SOC estimation block is evaluated within the same operat-
ing context as the other BMS functions, rather than as an isolated mathematical calculation.

3.2 Battery Pack Configuration and Test Scenario

3.2.1 Battery Cell and Pack Configuration

The battery pack model is based on the A123 ANR26650M1 Li-ion cell parameterization avail-
able in the Simscape battery library. The cell has a nominal voltage of 3.3 V and a nominal
capacity of 2.341 Ah. The battery pack is built using the builtBattery function, constructed
from parallel assemblies, modules, and module assemblies.

Each parallel assembly includes six cells in parallel, each module includes six parallel as-
semblies connected in series, resulting in a 6s6p module. Each module assembly consists of
four modules, and the battery pack contains four module assemblies. Therefore, the complete
battery pack configuration is 96s6p, leading to a pack nominal voltage of 3̃16.8 V and a nom-
inal capacity of 14.046 Ah. The details of the battery pack configuration are summarized in
Table 3.1.

3.2.2 Benchmark Test Scenario

The benchmark simulation uses a repeated charge-discharge-standby test scenario to evaluate
the SOC estimation during dynamic operation. The test setting is generated by Test Scenarios
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Table 3.1: Battery pack configuration used in the benchmark model.

Category Parameter Value

Cell Type A123 ANR26650M1
Nominal voltage 3.3 V
Capacity in Simscape model 2.341 Ah

Module Cells per parallel assembly 6
Parallel assemblies per module 6
Module configuration 6s6p

Pack Modules per module assembly 4
Module assemblies per pack 4
Overall configuration 96s6p
Total number of cells 576
Nominal voltage 316.8 V
Nominal capacity 14.046 Ah
Approximate nominal energy 4.45 kWh

block, providing the operating states for both BMS algorithms and the battery plant model.
In the thesis, a 10-cycle scenario is used. Each cycle has a duration of 5000 s and consists

of three phases: a driving / operating state from the beginning, a charging state afterwards, and
finally a standby period. The repeated cycles are set to analyze the redundancy and reliability of
Coulomb Counting and the algorithms. The benchmark test scenario is concluded in Table 3.2.

Table 3.2: Benchmark test scenario used in the simulation.

Parameter Value

Number of cycles 10
Cycle duration 5000 s
Driving/load phase 3500 s
Charging phase 1000 s
Balancing/standby phase 500 s
Total simulation time 50000 s
Scenario type Repeated charge-discharge-standby cycling

3.2.3 Drive-Cycle Current Characteristics

The current profile used in the simulation is shown in Figure 3.2.
In order to simulate real-world HDV operation, the operating current is applied intermit-

tently. Although the peak current reaches 2 C, the average value of operating current is not as
high. Also, the pack current is shown with the charge and discharge current limits preset based
on battery parameters. These limits define the allowable current range of the battery pack and are
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Figure 3.2: Pack current and BMS current limits over the ten-cycle benchmark scenario.

retained as part of the benchmark operating constraints. A representative single-cycle zoom-in
is shown in Figure 3.3.

During the driving period, the current profile contains dynamic discharge pulses to simulate
the real operating condition, while the charging phase remains the typical CC-CV charging.

To quantify the severity of the current profile, the current signal is evaluated by the pack
nominal capacity. The main current characteristics are summarized in Table 3.3.

Table 3.3: Key current characteristics of the benchmark drive cycle.

Quantity Value

RMS current over ten cycles 9.62 A
RMS C-rate 0.69 C
Initial peak discharge current -30 A
Initial peak discharge C-rate 2.14 C
Peak charge current 14.4 A
Peak charge C-rate 1.03 C

The current characteristics indicate that the selected profile represents a high-load dynamic
operating condition. The initial peak discharge current corresponds to approximately 2.14 C,
but the RMS C-rate over the ten-cycle simulation is only about 0.69 C. Therefore, the profile
contains short high-power transients without imposing an unrealistically high continuous load
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Figure 3.3: Representative single-cycle zoom-in of the pack current and BMS current limits.

on the battery pack. This makes it suitable as an HDV operation current profile for the evaluation
of SOC estimation under realistic dynamic conditions.

3.2.4 Voltage and Thermal Operating Context

The cell voltage response is from the battery model settings. The initial SOC is set to 0.98 and
slight variations are injected in each parallel assembly to simulate the imbalance that may occur
in real operation. The voltage response of the first cycle is shown in Figure 3.4.

As shown in the figure, the initial spread between the cell voltage traces is caused by the
intentionally introduced initial SOC differences between the cells. After this, the cell voltages
follow the repeated phases of the test scenarios. A relatively flat voltage plateau can be ob-
served during most of each cycle, which is exactly the reason that makes SOC estimation more
challenging.

The benchmark model also includes thermal dynamics. During the repeated cycle scenario,
the cell temperature gradually increases, leading to a reduction of the allowed discharge current
limit in the eighth cycle (as shown in Figure 3.2). This effect is retained as the benchmark setting
for the system.
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Figure 3.4: Representative single-cycle zoom-in of the cell voltage response.

3.3 SOC Estimation: Coulomb Counting Implementation

After defining the battery pack and test scenario, this section focuses on the Coulomb Counting
implementation used in the default BMS model. The theoretical formulation of Coulomb Count-
ing has been introduced in Chapter 2, and this section focuses on how the recursive discrete-time
Coulomb Counting equation (Eq. (2.10)) is realized in the model.

3.3.1 Mapping to the Default CC Model

The Coulomb Counting subsystem used in the model is shown in Figure 3.5.

Figure 3.5: Simulink implementation of the Coulomb Counting SOC estimation block in the
default BMS model.
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As shown in Figure 3.5, the measured pack current is first combined with a current drift in-
put. In the default configuration, this drift input is set to zero, so the estimator uses the measured
pack current directly. This input is retained in the subsystem because it allows current bias to be
introduced in later simulation cases.

The current signal is then multiplied by the factor 1/3600, which converts ampere-seconds
to ampere-hours. The capacity block provides the nominal battery capacity Qn used for nor-
malization. The resulting signal represents the SOC rate contribution per unit time, and the
discrete-time integrator accumulates this value from the initial SOC SOC0 using the simulation
time step. In this way, the summation implied by the Coulomb Counting equation is realized by
the integrator block.

The default BMS model is implemented according to the above recursion. The CC block
operates under the following procedure:

1. Ampere-second to ampere-hour conversion: Given the measured battery pack current
Ik (A) and the simulation time step Ts (s), it computes the capacity change and converts
the unit from ampere-second to ampere-hour:

∆Qk =
IkTs

3600
(3.1)

2. Capacity normalization and SOC calculation: Using the nominal capacity of the bat-
tery pack Qn (Ah), the SOC variation

∆SOCk =
ηk∆Qk

Qn
=

ηkIkTs

3600Qn
(3.2)

3. SOC state update with saturation: The SOC state is updated as

SOCraw
k = SOCk−1 +∆SOCk (3.3)

Moreover, to make sure that the SOC estimation does not exceed the maximum value
SOCmax (SOCmax < 1), a saturation block is added before the final result:

SOCk = sat
(
SOCraw

k , 0, SOCmax
)

(3.4)

In other words, the default CC model is an exact implementation of discrete-time application.
The main difference between the theoretical expression and the Simulink block diagram is that
the multiplication by the sampling time is performed inside the discrete-time integrator.

3.3.2 Assumptions Underlying the Default Model

The above derivation relies on the following model assumptions:

1. The rated capacity Qn is known and constant;

2. The current measurement Ik has no systematic bias;

3. The initial SOC SOC0 is accurate.
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3.4 Model Adaptation for This Study

The original BMS demo contains a large range of editable settings, including contactor manage-
ment, state-machine control, cell balancing, and fault management. However, the main focus of
the thesis is on Coulomb Counting for SOC estimation, so the main adaptation is on the battery
model, operating scenario, SOC estimation and data logging setup. Other parts of the BMS are
not modified unless relevant to these functions. For example, the charge current limit, discharge
current limit and their temperature-dependent behavior were calibrated to reflect the allowable
operating range of the battery cells, while the basic logic is kept.

The SOC estimation path is the main part adapted for further analysis. The default CC
subsystem is used as a baseline estimator, and additional CC methods are evaluated externally
using the same logging signals. The measured pack current, cell voltage, cell temperature,
default SOC estimate, and plant-model known SOC are exported from the benchmark model.
The known SOC is used only as a simulation reference for evaluating the estimation error and is
not treated as a measurable signal in a real BMS.

3.5 Simulation Conditions and Evaluation Signals

The simulation conditions used in the thesis are concluded in Table 3.4.

Table 3.4: Simulation scenario and initial conditions.

Category Parameter Value

Scenario Profile Ten-cycle repeated charge–discharge
Cycle duration 5000 s
Total simulation time 50000 s

Cycle phases Driving/load phase 3500 s
Charging phase 1000 s
Balancing/standby phase 500 s

Initial conditions Initial SOC 0.98
Initial temperature 25 ◦C

BMS constraints Current limit logic Voltage- and temperature-dependent

The same simulation conditions are used for all the CC methods considered in the following
chapter. This ensures that the performance differences mainly come from the specific mecha-
nisms rather than from the simulation effect.

The main logged signals used for evaluation are the pack current, cell voltages and tempera-
tures, known SOC from the plant model, and the SOC estimation. The pack current is the direct
input for CC-based methods. The known SOC is only available in simulation and used for error
evaluation.
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3.6 Summary

This chapter describes the simulation framework that is based on and adapted from the Simulink
demo. The MathWorks demo is adapted to an A123-based LFP battery pack and operates under
a repeated charge-discharge-standby scenario for ten cycles. The current profile was considered
as a dynamic HDV-based benchmark condition with reasonable values and fluctuations.

The default Coulomb Counting model was implemented based on the recursive discrete-time
formula. Additionally, the model adaptation and simulation conditions are introduced, including
the retained BMS logic, adjusted operating limits, and logged signals used for evaluation. These
settings provide the basic common framework for the method comparison and improvement
presented in the next chapters.
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Chapter 4

Implemented and Developed CC-Based
SOC Estimation and Correction

Strategies

This chapter introduces the selected SOC estimation and correction strategies implemented and
evaluated in the benchmark. The methods include the conventional Coulomb Counting cal-
culation, two literature-based correction methods, one improvement on the LW method, and
the proposed Bias-Capacity-Aware (BCA) strategy. All methods are implemented in the same
benchmark so that their correction effects can be evaluated under the same battery model, oper-
ating profile, error scenarios, and performance metrics.

The methods are introduced in an order that reflects their correction role: from uncorrected
Coulomb Counting to initialization correction, cycle-level correction, current-bias compensa-
tion, and finally, bias-capacity-aware correction with region-aware voltage anchoring.

4.1 Method Selection Logic and Correction Targets

The methods in this thesis are selected according to their relationship with Coulomb Counting
and their correction targets. A method is considered Coulomb Counting-based if CC remains
the primary SOC estimation mechanism, while additional information is used for correction
and calibration. Such information may include voltage, resistance, capacity, operating state,
operating time, cycle-level capacity throughput, etc. Under this definition, the selected methods
are CC-based correction strategies rather than full SOC estimators.

The methods are organized according to their correction roles. Conventional Coulomb
Counting provides the uncorrected reference. The DS-inspired method corrects the initial SOC
before propagation. The LW method introduces cycle-level correction through parameter update
and voltage-anchor reset. The LW-improved method adds a guarded current bias compensation
to the original structure. Finally, BCA separates current-bias correction, effective-capacity adap-
tation, and region-aware voltage anchoring for LFP cells. Table 4.1 summarizes the role of each
method in the benchmark.

These methods will be explained in more detail in the following sections.
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Table 4.1: Correction role of the implemented SOC estimation strategies

Method Correction stage Main role in the benchmark

Conventional CC No correction Reference estimator that propagates SOC only by
current integration.

DS-inspired method Before CC propagation Representative method for initial SOC correction
before CC propagation.

LW method Cycle boundary Cycle-level correction method for assessing the ef-
fect of parameter update and voltage-anchor reset.

LW-improved
method

Cycle boundary with bias
diagnosis

Extension to test whether adding guarded current-
bias estimation improves the LW structure.

BCA method Propagation and guarded
slow update

Developed method for guarded multi-source correc-
tion in LFP-based SOC estimation.

4.2 Conventional Coulomb Counting

The conventional Coulomb Counting method is implemented as the baseline estimator in this
thesis. It provides the reference SOC trajectory against which all correction strategies are evalu-
ated. The baseline estimator follows the discrete-time current integration principle introduced in
Section 2.2. Its main inputs are the battery current, nominal capacity, initial SOC and sampling
time.

In the baseline implementation, SOC is propagated only by integrating the measured cur-
rent over time. No additional voltage-based recalibration, current-bias compensation, capacity
adaptation, or cycle-level correction is applied. Therefore, the baseline method represents the
simplest CC-based SOC estimation structure and provides a clear reference for evaluating the
effect of each added correction mechanism.

The conventional CC baseline is expected to perform well when the initial SOC is accurate,
the current measurement has no systematic bias, and the capacity used by the estimator matches
the actual usable capacity of the battery. Under these ideal conditions, the error between the es-
timated SOC and the reference SOC should remain small. However, as discussed in Section 2.3,
the baseline method is vulnerable to several practical error sources. An initial SOC error remains
as a persistent offset, current measurement bias accumulates over time, and capacity mismatch
causes incorrect scaling between charge throughput and SOC variation.

For this reason, conventional CC is not used as an improved method, but as a reference
case. The performance difference between conventional CC and correction strategies indicates
whether a method can reduce a specific CC error mechanism under the same benchmark condi-
tions.

4.3 DS-Inspired Initial SOC Correction Method

The first literature-based method implemented in this thesis is adapted from the modified Coulomb
Counting method proposed by Das et al. [30]. In this thesis, it is referred to as the DS-inspired
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method. Its role in the benchmark is to represent an initialization-level correction strategy. In-
stead of changing the CC propagation equation during operation, the method aims to improve
the initial SOC before Coulomb Counting begins.

The original study addresses one of the main limitations of conventional CC: the SOC tra-
jectory depends strongly on the initial SOC. Das et al. estimate battery ECM parameters and
OCV from terminal voltage and current data using least-squares estimation (LSE). The estimated
OCV is then converted into an initial SOC through the OCV–SOC relationship, after which SOC
is propagated by Coulomb Counting.

The original study uses experimental pulse-test data from an LFP battery and evaluates both
first-order and second-order RC equivalent circuit models. The second-order RC model is finally
used for SOC estimation because it represents the terminal voltage dynamics more accurately.
In the original procedure, voltage and current data are used to estimate the ECM parameters and
the OCV-related term. The estimated OCV is then related to SOC by a fitted OCV–SOC curve.
In this way, the method avoids relying only on a direct long-rest OCV measurement, while still
using OCV information to determine the initial SOC required by CC.

In this thesis, the DS correction principle is adapted to the unified benchmark simulation.
Since the benchmark uses a different battery model, drive-charge-rest operating cycle, signal
set, and OCV–SOC table, the implementation is formulated with the available simulated pack
and cell signals. A first-order RC approximation is used for the LSE calculation. Local voltage-
current windows are used to estimate the OCV-related term and the corresponding R0-related
behavior. The estimated OCV is then mapped to SOC using the benchmark OCV–SOC lookup
table, and this corrected SOC is used as the initial value for standard CC propagation. Therefore,
in this benchmark implementation, the DS-inspired method modifies the initialization of CC but
does not introduce additional current-bias estimation or adaptive capacity correction.

Because the benchmark cell chemistry is LFP, direct OCV–SOC inversion can be unreliable
in the flat voltage plateau. To keep the correction physically reasonable, the OCV–SOC inversion
is constrained to a local SOC window around the initial CC estimate. This follows the same cor-
rection logic as the original method, but adapts the OCV-to-SOC conversion to the observability
limitation of the benchmark cell. The resulting benchmark implementation is summarized in
Figure 4.1.

The main implementation steps are:

1. collect voltage and current samples from the benchmark simulation;

2. estimate the OCV-related quantity using a first-order RC LSE structure;

3. convert the estimated OCV to initial SOC through the benchmark OCV–SOC lookup table;

4. use the corrected initial SOC as the starting value for standard Coulomb Counting.

In the benchmark, the DS-inspired method represents an initialization-level correction strat-
egy. It is intended to reduce errors caused by an incorrect initial SOC, but it does not explicitly
compensate current sensor error or adapt the effective capacity during later operation. Its cor-
rection capability also depends on the reliability of OCV–SOC inversion, which can be limited
in the flat OCV–SOC plateau region of LFP cells.
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Figure 4.1: Flowchart of the LSE-based OCV initialization correction method.

4.4 LW Cycle-Based Correction Method

The second literature-based correction method is adapted from the cycle-based SOC estimation
method proposed by Lee and Won [31]. In this thesis, it is referred to as the LW method.
Different from the DS-inspired method, which corrects only the initial SOC, the LW method
applies correction at cycle boundaries. It updates correction parameters after each completed
cycle and uses them in the next cycle.

This cycle-based correction consists of two main steps. First, the Coulombic efficiency,
effective capacity, and internal resistance are calculated from the previous cycle and used for
SOC estimation in the next cycle. Second, at the end of each cycle, a voltage anchor is selected
and converted into an SOC value through OCV–SOC inversion. This SOC value is used as the
initial SOC for the following cycle. The general procedure is summarized in Figure 4.2.

Figure 4.2: Flowchart of the cycle-based correction method.

28



4.4. LW Cycle-Based Correction Method

In the benchmark implementation, the LW capacity update is calculated from the net charge
throughput and the SOC change between two cycle anchors. Since the sign convention in this
thesis defines positive current as charging, the net discharge throughput in cycle n is calculated
as

Qnet,n =− 1
3600 ∑

k∈n
Imeas,k∆tk (4.1)

The corresponding cycle-level SOC change is calculated from the SOC at the beginning of
the cycle and the anchor-derived SOC at the end of the cycle:

∆SOCn = SOC0,n −SOCanchor,n (4.2)

When Qnet,n and ∆SOCn are sufficiently large and have the same sign, a temporary effective-
capacity candidate is calculated as

Ctmp,n =
|Qnet,n|
|∆SOCn|

. (4.3)

The candidate is accepted only when it is finite, positive, within the predefined capacity
bounds, and does not exceed the allowed jump from the previous accepted capacity. In addition,
consecutive capacity candidates must be sufficiently consistent before the update is activated.
When the gate is passed, the effective capacity is updated using

Cb,n = (1−αC)Cb,n−1 +αCCtarget,n (4.4)

where Cb,n is the effective capacity used for the next cycle, Ctarget,n is the stable capacity target
obtained from accepted recent candidates, and αC is the capacity-update gain.

In the original study, the method was evaluated under controlled experimental conditions,
including a standard CC-CV charging process. Under such conditions, the charging and dis-
charging intervals are clearly identified, and the efficiency and capacity calculations can be
performed under relatively stable conditions. However, in this benchmark, the current profile
is more dynamic to simulate the real operation conditions in HDV application. Therefore, the
original update conditions are adapted to the available benchmark signals and cycle definition.

In the thesis, each cycle is defined as three stages: driving, charging, and standby. The net
charge throughput is calculated from the measured current over the cycle. A standby anchor is
selected at the end of each cycle for the SOC reset. Also, to avoid unrealistic capacity updates,
the temporary capacity candidate is accepted only when the net charge throughput, SOC change
within each cycle, and jump limit are satisfied. This adaptation keeps the original cycle-based
correction approach, while applying the algorithm to the benchmark setting.

In the benchmark, the LW method represents a cycle-level correction strategy. It is in-
tended to reduce accumulated CC propagation error by updating cycle-level parameters and
applying a voltage-anchor reset at cycle boundaries. However, since the cycle-level throughput
is still obtained from current integration, the method may remain sensitive to persistent current-
measurement bias. Its voltage-anchor reset can also be limited when the selected anchor lies in
the flat OCV–SOC plateau region of LFP cells.
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STRATEGIES

4.5 LW-Improved Method with Guarded Current-Bias
Compensation

The improved LW strategy is developed from a limitation observed in the original LW method.
Although the LW method introduces cycle-based capacity and efficiency updates, the charge
throughput used in the updates are still obtained by current accumulation. As a result, if a
persistent current-measurement bias is present, both the SOC propagation and the parameter
update will be affected.

To address this issue, the LW-improved method retains the original mechanisms of cycle-
level parameter update and voltage-anchor correction, but adds a guarded current bias estima-
tion mechanism. The added estimator evaluates whether the cycle-level charge inconsistency
is consistent with a persistent current-measurement offset. When the inferred bias satisfies the
predefined validity conditions, the estimated bias is used to correct the measured current in the
following cycle.

The main difference from the original LW method is that LW-improved introduces an explicit
current-bias state. In the original LW method, current-measurement bias can only influence the
cycle-level throughput and may be indirectly absorbed by parameter updates or anchor resets.
In LW-improved, the bias is estimated explicitly from the mismatch between current-integrated
charge and anchor-implied charge, and the measured current is corrected before the next cycle
propagation.

The current bias is inferred by comparing two cycle-level charge quantities. The first quan-
tity is the charge calculated by integrating the measured current over time, and the second quan-
tity is the charge implied by the SOC change between the initial SOC and the anchor-derived
SOC at the end of the cycle. A persistent difference between these two quantities is interpreted
as evidence of current-measurement bias. In the implementation, the anchor-implied charge
is obtained from the anchor-derived SOC change multiplied by the updated effective capacity.
Therefore, the raw bias is calculated as

braw,n =
3600(Qmeas,n −Qanchor,n)

Tn
(4.5)

where Qmeas,n is the current-integrated charge in cycle n, Qanchor,n is the anchor-implied charge,
and Tn is the cycle duration.

The raw bias is not used directly, because a single-cycle mismatch may also be caused by
an unreliable voltage anchor, capacity error, or transient operating condition. Instead, the raw
estimate is accepted only when the raw bias exceeds a predefined threshold and has a consistent
sign and comparable magnitude across cycles. When these validity checks are satisfied, the
filtered bias estimate is updated and used in the following cycle. The corrected current is then
given by

Icorr = Imeas − b̂I (4.6)

where Imeas is the measured current and b̂I is the filtered current-bias estimate.
Since the original LW cycle-based update procedure is retained, Figure 4.3 only shows the

additional bias-compensation logic introduced in the improved strategy.
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Figure 4.3: Additional guarded bias-compensation logic in the improved LW strategy.

In the benchmark, the LW-improved method represents a bias-compensated extension of the
original LW cycle-level correction structure. It is intended to reduce the effect of persistent
current-measurement bias while retaining the original LW parameter-update and voltage-anchor
mechanisms. Since the bias estimate is accepted only under predefined validity conditions, the
method is conservative. It avoids continuous bias correction based on unreliable single-cycle
evidence, but it may provide limited correction when the inferred bias is not persistent or when
the voltage anchor itself is unreliable.

4.6 Bias-Capacity-Aware (BCA) Correction Strategy

The above two methods both rely on voltage information through OCV–SOC inversion or voltage-
anchor reset. However, considering the voltage platform of LFP, this kind of relationship may
not be sufficiently reliable. Therefore, a correction strategy that relies too strongly on voltage-
derived SOC anchoring may become unreliable for LFP-based SOC estimation.

This motivates the proposed Bias-Capacity-Aware (BCA) strategy. The main design in-
tention is to reduce the dependence on voltage-derived SOC correction and keep the estimator
primarily current-driven. Instead of treating voltage as the main correction reference, BCA first
corrects the current input and adapts the effective capacity used in Coulomb Counting. Voltage
information is used only as a guarded and bounded correction source when the local OCV–SOC
relationship is sufficiently informative, i.e. when the operating point is outside the plateau re-
gion.

The general structure of the proposed BCA strategy is summarized in Figure 4.4. The
method is organized around a current-driven SOC propagation core. The first part is the fast
propagation loop, where SOC is updated by Coulomb Counting using a bias-corrected current
and the latest effective-capacity estimate. The second part is the slow-state update, where the
current bias and effective capacity are updated only when their validity conditions are satisfied.
The third part is the optional region-aware voltage-anchor logic, where voltage-derived SOC
correction is enabled only when the local OCV–SOC slope is sufficiently informative.
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4. IMPLEMENTED AND DEVELOPED CC-BASED SOC ESTIMATION AND CORRECTION

STRATEGIES

Figure 4.4: Flowchart of the BCA correction strategy.

BCA first focuses on the quantities that directly affect SOC estimation: measured current and
battery capacity. Therefore, in the fast propagation loop, SOC is updated using the bias-corrected
current and the latest effective capacity estimation. The current bias is estimated from low-
current standby windows, where the true current is expected to be close to zero. The effective
capacity is represented by a slowly varying capacity scale and can be updated when voltage
endpoint information or voltage residuals satisfy the corresponding validity conditions.

Although BCA is designed to reduce dependence on voltage-derived SOC correction, volt-
age information is not completely discarded. It is used as an optional anchoring source under
observability constraints. The direct voltage-derived SOC anchoring is activated only when the
local OCV–SOC slope is sufficiently high.

Compared with the LW-based methods, BCA separates the current-bias correction more
directly from the voltage-anchor mechanism by estimating bias from standby current instead of
from cycle-level anchor mismatch. At the same time, the region-aware voltage gate reduces the
risk of applying unreliable OCV–SOC inversion in the LFP plateau.

4.7 Summary of Correction Methods

This chapter introduced the CC-based SOC correction methods implemented in the benchmark.
The methods are organized as a progressive set of correction mechanisms. Conventional CC is
used as the uncorrected baseline. The DS-inspired method adds initialization-level correction
before CC propagation. The LW method introduces cycle-level correction through parameter
update and voltage-anchor reset. The LW-improved method retains the original LW mechanism
but adds a guarded cycle-level bias-compensation mechanism to reduce sensitivity to persistent
current bias. Finally, the developed BCA strategy reduces the dependence on voltage-derived
SOC correction by prioritizing current-bias correction and effective-capacity adaptation.

The methods differ mainly in the timing, information source, and target of their correction.
The DS-inspired method acts before propagation and targets the initial SOC. The LW-based
methods use cycle-level throughput and voltage anchors at cycle boundaries. The BCA strategy
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keeps the estimator primarily current-driven and treats voltage anchoring as an optional and
bounded correction source for LFP cells.

These differences provide the basis for the benchmark comparison in the next chapter. The
following results chapter evaluates the methods according to the dominant error source, includ-
ing initial SOC error, current-sensor bias, effective capacity mismatch, and mixed error condi-
tions. This case-based evaluation shows which correction mechanisms are effective under each
error scenario.
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Chapter 5

Results and Discussion

This chapter evaluates the conventional Coulomb Counting estimator and the selected CC-based
estimation strategies introduced in Chapter 4. The chapter uses a two-level analysis structure.
First, the methods are compared under each benchmark error case using common SOC error
metrics and trajectory plots. This provides a case-based evaluation of the external estimation
performance. Second, selected method-specific diagnostic variables are examined to explain the
internal correction mechanisms behind the observed trends because the methods rely on different
internal correction variables.

Therefore, the results are organized by error cases, including the baseline condition, initial
SOC error, current measurement bias, and capacity mismatch. Each case is analyzed by common
SOC metrics, and method-specific indicators are introduced after the case-based comparison
when they are helpful to explain why a method improves or fails under a particular error scenario.

5.1 Overview of Evaluated Cases and Metrics

This section summarizes the benchmark error cases and performance metrics used for the com-
parison. All methods are evaluated under the same battery model, operating profile, and error
injection settings. Table 5.1 summarizes the evaluated benchmark cases.

As shown in the table, the benchmark includes one reference case, three single-error groups,
and one mixed-error group. The single-error cases are set to isolate the effect of each dominant
error source, and the mixed-error cases are used to examine whether different error mechanisms
reinforce or compensate each other.

For a fair comparison, all methods use the same SOC error definition and quantitative met-
rics. The SOC estimation error is defined as

eSOC,k = SOCest,k −SOCref,k (5.1)

where SOCest,k is the estimated SOC at time step k and SOCref,k is the reference SOC obtained
from the battery model.

Three quantitative metrics are used in this chapter: root mean square error (RMSE), bias,
and maximum absolute error (MaxAbs). The RMSE is used to quantify the overall estimation
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Table 5.1: Summary of evaluated benchmark cases

Group Case ID Variation Purpose

Reference A0 No injected error Check baseline behavior and whether
correction methods introduce unneces-
sary disturbance.

Initial SOC er-
ror

B1–B3 Estimator SOC0 = 0.90; es-
timator SOC0 = 0.85; refer-
ence SOC = 0.80 with esti-
mator SOC0 = 0.90

Evaluate the influence of incorrect SOC
initialization and the ability of correction
methods to reduce initial offset.

Current bias C1–C3 +1 A; +0.5 A; −0.5 A Evaluate SOC drift caused by systematic
current measurement bias, including bias
magnitude and direction.

Capacity mis-
match

D1–D2 Capacity factor = 0.75; 0.85 Evaluate SOC scaling error caused by
mismatch between actual usable capac-
ity and estimator capacity.

Mixed errors E1–E3 0.85Qn + 1 A; 0.85Qn +
SOC0 = 0.90; SOC0 = 0.90+
0.5 A

Evaluate method robustness when two
practical Coulomb Counting error mech-
anisms coexist.

error:

RMSE =

√
1
N

N

∑
k=1

e2
SOC,k (5.2)

The bias is defined as the mean SOC error over the simulation period:

Bias =
1
N

N

∑
k=1

eSOC,k (5.3)

The MaxAbs is used to capture the worst-case deviation:

MaxAbs = max
1≤k≤N

|eSOC,k| (5.4)

The three metrics describe different aspects of performance. RMSE reflects the overall error
level, bias indicates the direction and magnitude of systematic deviation, and MaxAbs captures
the largest instantaneous error. Therefore, the comparison in the following sections is based on
these three metrics.

In addition to the common metrics mentioned above, method-specific diagnostic indicators
will be introduced when needed to explain the internal correction behavior of a method.
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5.2. Case A: Baseline Condition

5.2 Case A: Baseline Condition

5.2.1 Purpose and Setup

The baseline condition is used as the reference case for evaluating all the implemented methods.
In this case, no error is injected, and the initial SOC, measured current, and estimator capacity
are consistent with the reference battery model. Therefore, conventional CC is expected to
provide the lowest error.

The purpose is to provide a reference condition to verify the basic benchmark behavior and
to check whether the calibration mechanisms would introduce unnecessary disturbances when
no correction is required.

5.2.2 Results

Table 5.2 shows the quantitative results under the baseline condition.

Table 5.2: SOC estimation error metrics under the baseline condition

Method RMSE (%) Bias (%) MaxAbs (%)

Conventional CC 0.08 0.07 0.14
DS-inspired 1.21 1.21 1.28
LW 0.69 0.64 1.06
LW-improved 0.69 0.64 1.06
BCA 0.56 0.53 0.68

As expected, conventional CC estimation gives the lowest error under the baseline condition,
with an RMSE of 0.08% and a MaxAbs error of 0.14%. This is because no additional error is
injected, and the assumptions of conventional CC are nearly satisfied. The errors of all other
methods are slightly higher than the conventional CC calculation, but all errors remain below
1.5%. This indicates that the additional correction mechanisms do not introduce large artificial
disturbances under the no-error condition. Therefore, Case A is used as the reference condition
for the following error-injection cases.

5.3 Case B: Initial SOC Error

5.3.1 Purpose and Setup

Case B evaluates the effect of incorrect SOC initialization. Since conventional Coulomb Count-
ing propagates SOC by current integration, an initial SOC error appears as a persistent offset
unless an additional correction mechanism is applied. Therefore, this case examines whether
the selected methods can reduce an initial offset before or during SOC calculation.

Three initial condition variations are evaluated. In the first two cases, the reference initial
SOC is 0.98, while the estimator initial SOC is set to 0.90 and 0.85, respectively. These two
cases represent underestimated initial SOC values with different offset magnitudes. In the third
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case, the reference initial SOC is 0.80, and the estimator initial value is 0.90. This case represents
an overestimated initial SOC and also places the battery in the flat OCV–SOC region.

5.3.2 Results

The quantitative results under initial SOC error are summarized in Table 5.3.

Table 5.3: SOC estimation error metrics under initial SOC error

Initial condition Method RMSE (%) Bias (%) MaxAbs (%)

Ref. SOC0 = 0.98, est. SOC0 = 0.90

Conventional CC 7.93 -7.93 8.00
DS-inspired 1.21 1.21 1.28
LW 2.62 -0.15 8.00
LW-improved 2.62 -0.15 8.00
BCA 2.77 -0.84 8.00

Ref. SOC0 = 0.98, est. SOC0 = 0.85

Conventional CC 12.94 -12.94 13.00
DS-inspired 1.21 1.21 1.28
LW 4.17 -0.65 13.00
LW-improved 4.17 -0.65 13.00
BCA 6.34 -3.71 13.00

Ref. SOC0 = 0.80, est. SOC0 = 0.90

Conventional CC 10.07 10.07 10.14
DS-inspired 9.94 -9.94 10.00
LW 3.16 1.00 10.01
LW-improved 3.16 1.00 10.01
BCA 4.25 1.74 10.01

For conventional CC, the initial SOC error appears as a nearly constant offset. When the
estimator starts from SOC0 = 0.90 while the reference initial SOC is 0.98, the RMSE is 7.93%.
When the estimator starts from SOC0 = 0.85, the RMSE increases to 12.94%. These data con-
firm that without correction, the magnitude of the initial SOC error directly determines the esti-
mation error level.

The DS-inspired method shows the strongest improvement in the first two cases. Its RMSE
remains 1.21% for both underestimated initial SOC cases because the method recalculates the
initial SOC from the LSE-based OCV estimate before operation. As a result, the given estimator
initial value has limited influence as long as the same valid initialization windows and operating
conditions are used.

The third case exposes a different trend. When the reference initial SOC is 0.80 and the
estimator initial SOC is 0.90, the DS-inspired method no longer provides clear improvement
over conventional CC. This suggests that the effectiveness of OCV-based initial SOC correction
depends on the local OCV–SOC observability.

The case with reference SOC0 = 0.98 and estimator SOC0 = 0.90 is selected as a represen-
tative example. The SOC trajectories and error comparisons are shown in Figure 5.1.
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(a) SOC trajectory comparison

(b) SOC error comparison

Figure 5.1: Representative SOC trajectory and error comparison under initial SOC mismatch,
with reference SOC0 = 0.98 and estimator SOC0 = 0.90.

As shown in Figure 5.1, conventional CC preserves the initial offset because no later cor-
rection is applied, and the correction methods reduce the SOC error to different extents. The
DS-inspired method reduces most of the initial offset at the beginning of the estimation.

5.3.3 Discussion

Case B shows that an initial SOC error mainly behaves as an offset error. For conventional
CC, SOC estimation starts from the wrong initial value and follows the same current-integration
process as the reference. Without any additional correction, the initial offset is largely preserved

39



5. RESULTS AND DISCUSSION

during the simulation.
The DS-inspired method is the most directly targeted method for this case because its cor-

rection is applied before CC propagation begins. In the first two cases, where the reference
initial SOC is 0.98, the LSE-based OCV estimation provides an effective initial SOC correction,
so the DS-inspired method greatly reduces the initial offset. However, the case with reference
SOC0 = 0.80 and estimator SOC0 = 0.90 shows a clear limitation. In this region, the LFP OCV–
SOC curve is flat, so the same level of OCV estimation uncertainty can lead to a much larger
SOC ambiguity.

The LW, LW-improved, and BCA methods can also reduce part of the initial offset, but
their correction is applied later through cycle-level or slow-state mechanisms rather than by
directly recalculating the initial SOC. Therefore, the error reduction is delayed and depends on
the availability of valid correction conditions. Particularly, for BCA, the reduction of initial
SOC error should not be interpreted as a correct diagnosis of the injected error source. It may
reduce the SOC error during later operation through slow-state updates such as effective-capacity
adaptation, leading to a smaller error without directly identifying the original error source.

5.4 Case C: Current Measurement Bias

5.4.1 Purpose and Setup

Case C evaluates the influence of systematic current measurement bias on SOC estimation. Since
Coulomb Counting integrates the measured current over time, a persistent current offset is ex-
pected to produce accumulated SOC drift. Therefore, this case directly examines the sensitivity
of each method to propagation error caused by biased current measurement.

Three current bias conditions are considered: +1 A, +0.5 A and −0.5 A. The two positive
biases are used to examine the effect of the bias magnitude, and the negative current bias is set
to examine the influence of bias direction.

5.4.2 Results

Table 5.4 shows the error metrics of the cases.
As shown in Table 5.4, conventional CC calculation is strongly influenced by current mea-

surement bias. In all three bias cases, its RMSE exceeds 20%, and the bias sign follows the
direction of the injected current offset. This confirms that the current measurement error is time-
cumulative. The DS-inspired method does not reduce this drift because its correction is applied
only at initialization and does not compensate the biased current during operation. The +0.5 A
case is selected as a representative example because it shows the same drift mechanism with a
moderate bias magnitude. The SOC trajectory and error comparisons are shown in Figure 5.2.

As shown in Figure 5.2, conventional CC gradually deviates from the reference SOC because
the biased current accumulates throughout the simulation. The DS-inspired method shows an
even larger drift, once again indicating that initialization correction alone cannot compensate for
a persistent current-measurement bias. In contrast, the LW, LW-improved, and BCA methods
remain much closer to the reference trajectory. This agrees with the quantitative metrics in
Table 5.4, where the RMSE under +0.5 A drops from 23.18% for conventional CC to below
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Table 5.4: SOC estimation error metrics under current-measurement bias

Bias case Method RMSE (%) Bias (%) MaxAbs (%)

+1 A

Conventional CC 25.10 22.84 41.53
DS-inspired 31.68 23.22 64.43
LW 4.74 3.61 10.22
LW-improved 3.56 -0.46 10.22
BCA 3.53 2.99 8.77

+0.5 A

Conventional CC 23.18 20.62 37.42
DS-inspired 27.31 23.83 48.56
LW 2.65 2.08 5.54
LW-improved 1.90 0.00 5.54
BCA 2.13 1.75 5.02

−0.5 A

Conventional CC 27.27 -23.93 42.77
DS-inspired 27.85 -24.06 49.03
LW 2.02 -0.72 4.99
LW-improved 2.34 0.71 4.99
BCA 1.56 -0.63 4.99

3% for the three correction methods. The time-domain behavior also illustrates the difference
between a one-time initial correction and correction during operation.

5.4.3 Discussion

Case C confirms that current measurement bias is one of the most critical error sources for
Coulomb Counting. Since the biased current is accumulated at every timestep, the error grows
continuously. This behavior explains the large RMSE and MaxAbs values of Conventional CC
in all three bias cases.

The DS-inspired method is not designed or reproduced for this type of propagation error.
Its correction is applied before CC propagation begins, but the biased current continues to affect
SOC update during operation. In comparison, the LW, LW-improved, and BCA methods achieve
much lower errors because they include correction mechanisms during operation or at cycle
boundaries. The internal reasons for these differences are further examined in Section 5.7.

5.5 Case D: Capacity Mismatch

5.5.1 Purpose and Setup

Case D evaluates the influence of effective-capacity mismatch on SOC estimation. In Coulomb
Counting, the SOC change is calculated by scaling the integrated current with the capacity used
by the estimator. Therefore, if the actual usable capacity of the battery differs from the estimator
capacity, the SOC variation will be incorrectly scaled.
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(a) SOC trajectory comparison

(b) SOC error comparison

Figure 5.2: Representative SOC trajectory and error comparison under +0.5 A current measure-
ment bias.

In this case, the plant capacity is reduced to reflect the capacity loss caused by aging, and
the estimator initially uses the nominal capacity. Two capacity factors are used: 0.75 and 0.85 of
the nominal capacity, which represent different extents of usable capacity reduction. Capacity
increase is not considered because the main battery aging effect is capacity fade.

5.5.2 Results

The results are summarized in Table 5.5.
As listed in Table 5.5, capacity mismatch produces a clear estimation error in conventional
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Table 5.5: SOC estimation error metrics under capacity mismatch

Capacity case Method RMSE (%) Bias (%) MaxAbs (%)

Capacity factor = 0.75

Conventional CC 11.59 10.68 21.18
DS-inspired 12.95 12.14 22.63
LW 4.59 3.78 11.80
LW-improved 4.59 3.78 11.80
BCA 7.00 6.34 13.03

Capacity factor = 0.85

Conventional CC 6.16 5.68 11.22
DS-inspired 6.90 6.47 12.00
LW 3.12 2.76 6.71
LW-improved 3.12 2.76 6.71
BCA 4.27 3.93 7.63

CC. When the capacity factor is reduced to 0.75 of the nominal value, conventional CC reaches
an RMSE of 11.59% and a MaxAbs error of 21.18%. Under the milder capacity factor of 0.85,
the error decreases to 6.16%. This indicates that the severity of battery aging will directly affect
the SOC scaling error.

The DS-inspired method does not improve performance in this case. The errors are slightly
higher than those of conventional CC because the method does not adapt the capacity during
estimation. In contrast, the LW and LW-improved methods achieve the lowest errors in both
cases. BCA also reduces the error compared with conventional CC, although its improvement is
smaller than that of the LW and LW-improved methods.

The capacity factor of 0.75 is selected as the representative case in capacity mismatch. The
SOC trajectories and error comparisons are shown in Figure 5.3.

As shown in Figure 5.3, the estimated SOC trajectories remain above the reference SOC
under capacity mismatch. This indicates that the estimators underestimate the SOC change
produced by a given current input when the capacity used in the estimator is larger than the
actual usable capacity.

Figure 5.3b further shows a cycle-dependent error pattern. Within each cycle, the error
increases during the driving intervals and partially decreases during charging or standby periods.
For methods without capacity update, the error continuously grows. At the same time, for LW,
LW-improved and BCA, the same general pattern is still present, but the error magnitude is
reduced.

5.5.3 Discussion

The trend in Figure 5.3 is consistent with the nature of capacity mismatch in Coulomb Counting.
When the actual usable capacity is lower than the capacity used by the estimator, the denom-
inator in CC calculation is too large. As a result, the SOC changes more slowly than the true
trajectory, producing a positive accumulated error.

The results indicate that adaptive capacity update is necessary for this type of error. The
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(a) SOC trajectory comparison

(b) SOC error comparison

Figure 5.3: Representative SOC trajectory and error comparison under capacity mismatch.

LW and LW-improved methods perform best because their cycle-level update directly targets
effective-capacity estimation. BCA also reduces the error because effective capacity is included
as a slow correction state. However, the error is not fully eliminated because capacity updates
depend on reliable correction conditions, such as reliable anchors or endpoint information. If
these conditions are not sufficiently informative, a residual SOC error remains.
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5.6 Case E: Mixed Error Conditions

5.6.1 Purpose and Setup

Case E evaluates the robustness of the selected methods under mixed-error conditions. Unlike
cases B, C, and D, where only one dominant error factor is injected at a time, case E com-
bines two CC-related error sources in each subcase. This is closer to practical operation, where
different error sources may coexist.

Three mixed-error cases are considered. The first case combines effective-capacity mis-
match with current measurement bias. The second case combines effective-capacity mismatch
with initial SOC error. The third case combines initial SOC error with current measurement
bias. These cases are used to examine whether different error mechanisms reinforce each other
or partially compensate each other.

5.6.2 Results

The error metrics under mixed error sources are listed in Table 5.6.

Table 5.6: SOC estimation error metrics under mixed error conditions

Mixed case Method RMSE (%) Bias (%) MaxAbs (%)

0.85Qn & 1 A

Conventional CC 31.05 28.47 51.11
DS-inspired 37.27 28.86 75.90
LW 7.71 6.79 12.81
LW-improved 4.54 3.09 12.81
BCA 6.03 5.16 12.93

0.85Qn & SOC0 = 0.90

Conventional CC 3.34 -2.32 8.00
DS-inspired 6.90 6.47 12.00
LW 3.39 1.96 8.00
LW-improved 3.39 1.96 8.00
BCA 4.72 2.72 10.04

SOC0 = 0.90 & 0.5 A

Conventional CC 21.22 16.28 37.42
DS-inspired 27.31 23.83 48.56
LW 3.07 1.27 8.00
LW-improved 2.60 -0.51 8.00
BCA 2.19 0.55 8.00

As shown in Table 5.6, mixed-error conditions can produce larger errors than the corre-
sponding single-error cases when the error sources reinforce each other. In the case of combin-
ing capacity mismatch and +1 A current bias, conventional CC reaches an RMSE of 31.05%,
while the DS-inspired method reaches an RMSE of 37.27% and a MaxAbs error of 75.90%.

Mixed case 2, however, shows a different behavior. All the methods achieve a relatively
low error extent. Although conventional CC gives a relatively low RMSE of 3.34%, this should
not be interpreted as true robustness. In this scenario, the effects of the initial SOC offset and
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the capacity degradation produce errors in opposite directions, so the net SOC error is partly
reduced due to error cancelation.

Mixed case 1, which combines the capacity factor 0.85 with +1 A current bias, is selected
as the representative mixed-error example. Figure 5.4 shows the SOC trajectory and SOC error
comparisons for this case.

(a) SOC trajectory comparison

(b) SOC error comparison

Figure 5.4: Representative SOC trajectory and error comparison for mixed case 1: capacity
factor 0.85 with +1 A current bias.

Figure 5.4 shows that conventional CC and the DS-inspired method gradually drift away
from the reference SOC, and the SOC errors develop a growing positive baseline over repeated
cycles.

The LW, LW-improved, and BCA methods show smaller error growth. Their trajectories still
contain cycle-dependent fluctuations, but the accumulated error is more bounded. Among these
methods, the LW-improved method gives the lowest RMSE, and BCA provides a comparable
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but slightly more conservative result.

5.6.3 Discussion

Case E shows that mixed SOC estimation errors are not necessarily additive in a simple way. De-
pending on their signs and how they interact with the operating profile, different error sources
may either reinforce or partially compensate for each other. Mixed case 1 illustrates a rein-
forcing situation in which current measurement bias and capacity mismatch both contribute to
accumulated propagation error. As a result, conventional CC and the DS-inspired method show
large deviations.

Mixed case 2 shows the opposite situation. Although the numerical error is relatively small
for several methods, this should not be interpreted as true robustness. In this case, the initial SOC
offset and the capacity mismatch partially cancel each other, leading to a lower net SOC error.
Therefore, mixed-error cases should be interpreted together with the corresponding single-error
cases and, when available, method-specific diagnostic indicators.

5.7 Method-Specific Diagnostic

The previous sections evaluated the SOC estimation methods from a case-based perspective.
The tables and trajectory comparisons show the external estimation performance, but they do
not fully explain how each method produces its correction. Therefore, this section examines
selected method-specific diagnostic variables. The purpose is to connect the observed case-level
performance with the internal correction mechanisms of the methods.

Because the selected methods use different correction principles, their diagnostic variables
are also different. For the DS-inspired method, the relevant diagnostics are the OCV estimation
and initial SOC inversion. For the LW-based methods, the relevant diagnostics are the capacity
update, voltage-anchor reset, and current-bias estimate. For BCA, the relevant diagnostics are
the slow-state updates and the voltage-observability gate.

5.7.1 DS-Inspired Method: OCV-Based Initial SOC Diagnostic

The DS-inspired method is mainly an initialization-oriented correction method. Unlike other
selected algorithms, it does not continuously estimate parameters during operation. Instead, it
estimates an OCV-related quantity from voltage-current data using a first-order RC least-squares
approximation, and then maps the estimated OCV to SOC through the OCV–SOC lookup table.
As a result, the most relevant diagnostics for this method are the OCV fitting result and the initial
SOC inversion.

Two diagnostic cases are selected to illustrate the behavior. The first case shows effective
correction when the initial SOC error occurs in a region with useful OCV–SOC information.
The second case shows limited correction when the SOC lies in a flatter LFP voltage region,
where OCV–SOC inversion becomes less reliable.

Figure 5.5 shows the diagnostic result for the case with reference SOC = 0.98 and estimator
SOC = 0.85. The upper plot compares the LSE-estimated OCV with the fitted OCV model,
while the lower plot shows the OCV–SOC inversion used to obtain the corrected initial SOC.
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In this case, the estimated OCV leads to an initial SOC close to the reference condition, which
explains the strong improvement of the DS-inspired method in the initial SOC error cases.

(a) OCV fitting validation using valid LSE windows.

(b) Initial SOC inversion through the OCV–SOC lookup table.

Figure 5.5: DS-inspired initial SOC correction in the Ref. SOC0 = 0.98, est. SOC0 = 0.85 case.
The fitted OCV model agrees well with the valid LSE-estimated OCV samples.

Figure 5.6 shows a case where the DS-inspired correction is more limited. Although the
same OCV-based initialization procedure is applied, the resulting SOC correction does not fully
remove the initial offset. This is consistent with the weak voltage observability of LFP cells in
the plateau region. Even when the LSE step provides a smoother OCV estimate than a single
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voltage sample, the final SOC correction still depends on OCV–SOC inversion. In the flat plateau
region, a small OCV uncertainty can correspond to a large SOC ambiguity.

(a) OCV fit validation of the DS-inspired method.

(b) Initial SOC inversion

Figure 5.6: DS-inspired diagnostic for the limited correction case. The OCV fit has weak agree-
ment with the LSE-estimated OCV, and the resulting initial SOC inversion does not reduce the
initial SOC error.

These diagnostics explain the DS-inspired trends observed in the case-based results. The
method performs well when the dominant error is an initial SOC offset and the OCV–SOC map-

49



5. RESULTS AND DISCUSSION

ping is sufficiently informative. However, it is less effective when the SOC lies in a weakly ob-
servable plateau region or when the dominant error appears during propagation, such as current-
measurement bias or capacity mismatch.

5.7.2 LW and LW-Improved Methods: Capacity and Bias Diagnostics

The LW and LW-improved methods share the same cycle-level correction structure. Both meth-
ods use cycle-level information to update correction parameters and apply SOC reset. Therefore,
the relevant diagnostics are the effective-capacity update, the activation of update gates, and the
additional current bias estimation of the LW-improved method.

For the original LW method, the most relevant diagnostic is the effective-capacity update.
Figure 5.7 shows the capacity update behavior under the capacity mismatch case with the plant
capacity scaled to 0.75 of the nominal value. The upper plot shows the capacity used in the
Coulomb Counting update; the middle figure shows the capacity candidate value before accep-
tance, and the lower figure shows whether the update gate is active. The gate remains inactive
during the first two cycles and becomes active from the third cycle onward, after the validity
conditions are satisfied.

Figure 5.7: Capacity update diagnostics of the original LW method under the capacity mismatch
case with the plant capacity scaled to 0.75 of the nominal value.

The LW-improved method keeps the same capacity-update structure but adds a cycle-level
current bias detector. Figure 5.8 shows the raw bias estimate, the filtered bias estimate, and the
bias-update gate under the negative current-bias case. The raw estimate is only accepted when
it is sufficiently persistent and consistent across cycles.
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Figure 5.8: Bias update diagnostics of the LW-improved method under the negative current drift
case. The raw cycle-level bias estimate is accepted only when the gate condition is satisfied,
allowing the filtered estimate to gradually approach the injected current bias.

Together, these diagnostics show that the original LW method mainly improves SOC esti-
mation through cycle-level capacity update and voltage-anchor reset, while the LW-improved
method extends the same framework with guarded current-bias correction. This explains why
both methods perform well under capacity mismatch, and why LW-improved provides additional
benefit when persistent current-measurement bias is present.

5.7.3 BCA Method: Slow-State and Voltage-Observability Diagnostics

The BCA method is designed to reduce dependence on voltage-based SOC correction. Its diag-
nostics focus on two aspects: the slow-state updates for current bias and effective capacity, and
the voltage-observability gate that decides whether voltage anchor is allowed. Figure 5.9 shows
the BCA response under the −0.5 A current bias case. The upper plot shows the SOC error and
uncertainty band, and the lower plot shows the slow-state adaptation to current bias and effective
capacity.

As shown in Figure 5.9a, the SOC error remains much closer to zero after the slow correction
states are updated. The estimated current bias gradually approaches the injected bias of approxi-
mately −0.5 A, while the effective capacity also changes during the same cycles. This indicates
that BCA reduces current drift mainly through slow-state correction rather than through direct
voltage reset. The simultaneous change in effective capacity also shows that the slow states are
coupled, which helps explain the later variation in the SOC error.

A second diagnostic is used to illustrate the optional voltage anchor. Figure 5.10 shows the
BCA behavior under the case with reference SOC0 = 0.80 and estimator SOC0 = 0.90.

As shown in Figure 5.10, BCA-CC applies voltage anchoring only when the local OCV–SOC
slope is sufficiently informative. The voltage anchor gain αV increases in observable regions,
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(a) SOC error and uncertainty band.

(b) Slow-state adaptation.

Figure 5.9: BCA under the negative current drift case. The current-bias estimate converges
towards the injected bias, while the effective-capacity update acts as a secondary coupled state
and affects the later SOC error evolution.

while the applied correction ∆SOCanchor remains bounded. This behavior is consistent with the
design intention of BCA, where voltage information is not discarded but is only used as an op-
tional and supplementary correction source.

Overall, the diagnostic results provide a mechanism-level explanation for the performance
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(a) SOC trajectories.

(b) Voltage observability and anchor action.

Figure 5.10: BCA diagnostics under the SOC-higher case. The voltage-anchor gain is increased
only in regions where the OCV–SOC slope provides sufficient voltage observability, while the
applied SOC correction remains bounded.

trends. The DS-inspired method is mainly limited by the reliability of OCV–SOC inversion,
the LW-based methods depend on valid cycle-level updates and anchor conditions, and BCA
depends on the activation of slow-state correction and voltage-observability gates.
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5.8 Summary

This chapter evaluated the SOC estimation methods under baseline, initial-SOC, current-bias,
capacity-mismatch, and mixed-error conditions. The case-based results show that the relative
performance of each method strongly depends on the dominant error source. As summarized in
Figure 5.11, no single correction mechanism performs best in all cases.

Figure 5.11: Grouped SOC RMSE reduction relative to the conventional CC baseline. Positive
values indicate improvement, and boxed cells mark the best median performance within each
error group.

The grouped results indicate that each error type favors a different correction mechanism.
The DS-inspired method performs best when the dominant error is an incorrect initial SOC and
when a reliable OCV fit can be obtained outside the OCV plateau region. The LW method per-
forms well under capacity mismatch because its cycle-level update directly targets the dominant
error source. The LW-improved method retains the capacity update structure and adds guarded
current-bias compensation, which improves its performance under current-bias and mixed-error
conditions. The BCA method provides a primarily current-driven correction structure with slow-
state adaptation and optional voltage anchoring. It can reduce current-bias and capacity-related
errors, but its performance depends on the availability of valid standby, capacity-update, and
voltage-observability conditions.

Overall, the results confirm that CC-based SOC correction should be selected according
to the dominant error mechanism. Initial SOC error, current-measurement bias, and capacity
mismatch require different correction mechanisms, and the reliability of each correction also
depends on the available observability and validity conditions.
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Chapter 6

Conclusion and Future Work

6.1 Main Conclusions

This thesis investigates selected CC-based SOC correction methods from the perspective of fu-
ture BMS development for LFP-based heavy-duty battery systems. The main challenge is not
only to improve conventional Coulomb Counting, but also to determine which part of the SOC
error can be corrected under the available operating conditions. The results show that CC cor-
rection should be decomposed according to the underlying error mechanisms, such as initial
SOC error, current-measurement bias, and capacity mismatch. At the same time, each correc-
tion strategy must be constrained by the observability and reliability of the signals used in the
correction.

A key conclusion is that the LFP voltage plateau affects more than the accuracy of OCV-
based SOC lookup. It also narrows the usable correction bandwidth of the whole estimator.
Initial SOC correction, cycle-level anchoring, and capacity adaptation all become less certain
when the voltage signal does not provide a strong SOC reference. This means that voltage
information should not be treated as a continuously reliable SOC anchor for LFP cells. Instead,
it should be used as a conditional correction signal, depending on the SOC region, relaxation
condition, and local OCV–SOC slope.

Another conclusion is that peak accuracy in an isolated case and robustness across cases are
different design objectives. A method may achieve the lowest error when its assumptions match
a specific injected error, but the same assumptions may become invalid when the operating con-
ditions or error combinations change. Therefore, the most useful estimator is not necessarily the
one that gives the best RMSE in one case, but the one whose correction mechanisms can identify
when their supporting evidence is trustworthy and when correction should remain conservative.

Overall, CC remains a suitable propagation core because it is simple, efficient, and accu-
rate over short periods when its assumptions are satisfied. However, it should not be used as an
unguarded standalone estimator in LFP-based HDV applications. Current-bias compensation,
capacity adaptation, and voltage anchoring should be activated only when their diagnostic evi-
dence is sufficiently reliable. In this sense, the main conclusion of the thesis is that correction
strength should be limited by correction reliability.
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6.2 Answers to Research Questions

6.2.1 RQ1

How can an existing Simulink battery example be adapted into a unified benchmark for eval-
uating CC-based SOC estimation and enhancement methods for LFP batteries under dynamic
heavy-duty operating conditions?

The original MathWorks BMS example was adapted into a benchmark focusing on SOC
estimation by modifying battery model, operating scenario, and error case injection. The bat-
tery model was parameterized for an LFP cell, and the operating profile was reorganized into a
repeated HDV-oriented cycle consisting of driving, charging, and standby stages.

Controlled error cases were then introduced based on the main error sources of Coulomb
Counting, including current-measurement bias, initial SOC error, effective-capacity mismatch,
and mixed-error combinations. All evaluated methods were implemented under the same battery
model, operating profile, SOC error definition, and performance metrics. Therefore, the bench-
mark provides a controlled and repeatable platform for comparing CC-based SOC correction
strategies under representative LFP/HDV conditions.

From a company BMS development perspective, the benchmark can also serve as an early-
stage screening platform before experimental validation and embedded implementation.

6.2.2 RQ2

How do the selected CC-based enhancement methods perform compared with basic Coulomb
Counting under the same battery model, operating profile, error scenarios, and evaluation met-
rics?

The results show that the selected CC-based correction methods do not uniformly outperform
basic CC under all conditions. In the baseline case, basic CC gives the lowest error because its
assumptions are satisfied, and no correction is required. However, when propagation errors are
introduced, especially current measurement bias and capacity mismatch, basic CC accumulates
clear SOC drift because it has no self-correction mechanism.

The improvement of each correction method depends on the dominant error source. The
DS-inspired method is most effective for initial SOC error when the local OCV–SOC slope is
sufficiently large. The LW method performs well under capacity mismatch because its cycle-
level capacity update targets the dominant scaling error. The LW-improved method improves
current-bias and mixed-error cases through guarded bias compensation. The BCA method also
reduces current-bias and capacity-related errors through slow-state adaptation and region-aware
voltage anchoring, but its correction is more conservative.

The mixed-error cases further show that different error sources can reinforce or partially
compensate each other, so a low error in one mixed case does not necessarily indicate general
robustness. Overall, the selected CC enhancement methods improve basic CC only when the
correction mechanism matches the dominant error source and the correction signal is sufficiently
observable.
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6.2.3 RQ3

What are the advantages, limitations, and applicable conditions of these methods for LFP-based
heavy-duty battery management systems?

The applicability of each method depends on whether the signals required by its correc-
tion mechanism are observable and reliable during operation. Basic CC is suitable as a low-
complexity propagation core, but it cannot correct accumulated errors by itself. The DS-inspired
method is useful for initial SOC correction when a stable and informative OCV estimate is avail-
able, but it is limited in the flat LFP plateau and is not suitable as a general online correction
mechanism.

The LW method is useful when reliable cycle boundaries and voltage anchors are available,
especially under effective-capacity mismatch. However, its cycle-level update can be affected
by current bias and weak voltage observability. The LW-improved method addresses part of
this limitation by adding guarded current-bias compensation, but it still depends on valid cycle
segmentation and consistent bias evidence.

The developed BCA method is more conservative and reduces dependence on voltage-
derived SOC correction. It uses rest-window evidence for current-bias estimation, slow effective-
capacity adaptation, and voltage anchoring only when the local OCV–SOC slope is sufficiently
informative. Its limitation is that the slow correction states are not fully independent, and it does
not always give the lowest RMSE. Overall, for LFP-based HDV BMS development, the SOC
estimator should be designed as a guarded CC-based architecture rather than as a single fixed
correction rule.

6.3 Future Work

The benchmark developed in this thesis provides a controlled basis for comparing SOC correc-
tion methods according to their dominant error mechanisms. Future work should therefore focus
on validating this benchmark with experimental data and extending it to more realistic operating
conditions and more advanced estimator structures.

First, the evaluated methods should be validated using experimental LFP battery data. The
present study is based on a Simulink benchmark, which provides a repeatable comparison en-
vironment, but real measurements may affect the correction mechanisms through voltage noise,
current-sensor offset, relaxation behavior, and temperature variation. In particular, future ex-
periments should verify whether the limited DS performance in the LFP plateau remains under
real voltage noise and relaxation behavior, whether the LW and LW-improved update gates re-
main stable with measured current and voltage signals, and whether the BCA method can detect
reliable standby windows when current measurement contains noise and offset. Recent rest-
window-based LFP SOC estimation studies also show that short-term rest measurements can
be useful for improving Coulomb Counting initialization, which supports further experimental
investigation of this direction [43].

Second, the benchmark should be extended to more realistic and irregular HDV operat-
ing profiles. The operating scenario is organized into repeated driving, charging, and standby
stages. This structure is useful for controlled comparison, but real vehicles may have irregular
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rest periods, varying load intensity, and changing ambient conditions. Since several correction
mechanisms rely on valid rest windows, cycle boundaries, or update gates, future work should
test whether these conditions can be detected reliably in less regular operating conditions.

Third, the interaction between current bias estimation and capacity adaptation should be
further studied. In the BCA method, the corrected current affects the estimation of amount
of charge, while the effective capacity influences the response to that amount. As a result, an
imperfect update in one slow state may affect the other. Future work should develop a more
explicit decoupling strategy, such as separating bias estimation and capacity estimation over
different time scales or by adding stronger consistency checks before accepting capacity updates.

Fourth, future work should examine how short-term capacity correction can be distinguished
from long-term aging estimation. In the thesis, capacity mismatch is represented using fixed
capacity factors, and the adaptive methods are used to reduce the SOC scaling error. However,
in real operation, apparent capacity error may arise from battery aging, ambient temperature,
or incomplete relaxation. Therefore, a future framework should be able to identify whether the
observed capacity trend is stable enough to be interpreted as SOH-related degradation. This
direction is related to recent studies on online SOC and capacity co-estimation under different
aging states [44].

Finally, the benchmark can be extended beyond CC-based correction methods to model-
based and hybrid SOC estimators. Recent LFP SOC studies have proposed robust, bias-compensated,
information-aware, and adaptive model-based strategies to address the flat OCV–SOC plateau,
measurement bias, and limited voltage observability [22, 23, 25, 45]. Extending the same LF-
P/HDV benchmark to methods such as EKF, UKF, or hybrid model-based estimators would help
clarify the trade-off between accuracy, robustness, computational cost, and computational ef-
fort under the same error scenarios. This would further support the embedded BMS algorithm
selection for LFP-based heavy-duty battery systems.
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Appendix A

Benchmark Configuration and
Reproduction Details

This appendix provides the complete benchmark case definitions and common implementation
settings used for the simulations presented in Chapter 5. The battery model, operating profile,
pack configuration, and baseline Coulomb Counting implementation have already been intro-
duced in Chapter 3 and are therefore not repeated here.

A.1 Complete Benchmark Case Definitions

Table A.1 lists the complete input settings for all benchmark cases evaluated in Chapter 5. The
reference initial SOC denotes the initial SOC of the battery plant, whereas the estimator initial
SOC is the value supplied to the Coulomb Counting estimators.

Current measurement bias was introduced only into the estimator current path and did not
modify the physical current applied to the battery plant. The estimator current was defined as

Iest(k) = Iplant(k)+bI (A.1)

where bI is the injected constant current bias.
Capacity mismatch was introduced by scaling the usable capacity of the battery plant:

Qplant = γQQnom (A.2)

where γQ is the capacity factor listed in Table A.1.
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A. BENCHMARK CONFIGURATION AND REPRODUCTION DETAILS

Table A.1: Complete definitions of the benchmark cases evaluated in Chapter 5

Error group Case Reference
initial SOC

Estimator
initial SOC

Current
bias (A)

Capacity
factor

Baseline A0 0.98 0.98 0.0 1.00

Initial SOC B1 0.98 0.90 0.0 1.00
B2 0.98 0.85 0.0 1.00
B3 0.80 0.90 0.0 1.00

Current bias C1 0.98 0.98 +1.0 1.00
C2 0.98 0.98 +0.5 1.00
C3 0.98 0.98 −0.5 1.00

Capacity mismatch D1 0.98 0.98 0.0 0.75
D2 0.98 0.98 0.0 0.85

Mixed errors E1 0.98 0.98 +1.0 0.85
E2 0.98 0.90 0.0 0.85
E3 0.98 0.90 +0.5 1.00
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Appendix B

Detailed Implementation of the SOC
Correction Methods

Appendix B documents the numerical settings and implementation details of the SOC correction
methods in Chapter 4.

B.1 DS-Inspired OCV Initialization

The implemented DS-inspired method uses a first-order RC approximation rather than the final
second-order RC estimator of the original study. Therefore, the method is treated as an adapted
benchmark implementation.

For each local current window, the terminal voltage is estimated by the first-order discrete
structure

Uk = θ1 +a1Uk−1 +a2Ik +a3Ik−1, (B.1)

where Uk is the selected cell voltage, Ik is the estimator current, and θ1, a1, a2, and a3 are local
regression coefficients. Listing B.1 shows the core implementation of this local least-squares
step. The full script also contains signal loading, plotting, and diagnostic calculations, which are
omitted here for clarity.

1 % Build least-squares system from local voltage-current window
2 Y = Uk(2:end);
3 Phi = [ones(numel(Y),1), Uk(1:end-1), Ik(2:end), Ik(1:end-1)];
4
5 % Reject weakly informative or ill-conditioned windows
6 if range(Ik) < min_excitation_A
7 continue;
8 end
9

10 G = Phi’ * Phi;
11 if rcond(G) < 1/max_cond
12 continue;
13 end
14
15 theta = G \ (Phi’ * Y);
16
17 theta1 = theta(1);
18 a1 = theta(2);
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B. DETAILED IMPLEMENTATION OF THE SOC CORRECTION METHODS

19
20 if abs(1 - a1) < 1e-6
21 continue;
22 end
23
24 % OCV-related estimate from the local RC approximation
25 Uoc_k = theta1 / (1 - a1);

Listing B.1: Core local LSE step used in the DS-inspired implementation.

The valid local OCV estimates are then used to fit a benchmark-specific OCV relation based
on the measured voltage and current. Next, the fitted initial OCV is converted to an initial SOC
using the benchmark OCV–SOC lookup table. Since the OCV–SOC relation of LFP cells con-
tains a large plateau, the inversion is limited to a local SOC window around the SOC estimation.

After the corrected initial SOC is obtained, the method does not apply any further online
corrections. The remaining SOC calculation is propagated using standard Coulomb Counting,
as mentioned in (2.11).

B.2 LW Cycle-Based Correction

Listing B.2 shows the capacity-update logic used in the reproduced LW method. A capacity
candidate is formed only when the cycle throughput and the anchor-implied SOC change are
both sufficiently large. The candidate will be rejected if the direction is inconsistent with the
SOC change or if it differs too much from the previous capacity. A separate consistency check
is applied before the filtered capacity is updated.

1 Q_net_cycle_Ah = sign_dis * sum(Ik_pack .* dt) / 3600;
2 dSOC_cycle = SOC0k - SOC0_next;
3
4 if abs(dSOC_cycle) >= dSOC_min && ...
5 abs(Q_net_cycle_Ah) >= Ah_min
6
7 if sign(Q_net_cycle_Ah) == sign(dSOC_cycle)
8 C_tmp = abs(Q_net_cycle_Ah) / abs(dSOC_cycle);
9

10 if isfinite(C_tmp) && C_tmp > 0 && ...
11 abs(C_tmp - Cb_prev)/Cb_prev <= Cb_jump_max
12
13 Ctmp_hist(k) = min(Cb_max, max(Cb_min, C_tmp));
14 end
15 end
16 end
17
18 [use_Cb_update, C_target] = capacity_candidate_is_stable( ...
19 Ctmp_hist, k, Cb_prev, ...
20 Cb_consistency_n, Cb_consistency_tol);
21
22 if use_Cb_update
23 Cb_k = (1 - Cb_alpha) * Cb_prev ...
24 + Cb_alpha * C_target;
25 Cb_k = min(Cb_max, max(Cb_min, Cb_k));
26 end

Listing B.2: Core guarded capacity-update step in the reproduced LW method.
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B.3. Improved LW Bias Compensation

In the final implementation, the update requires a minimum cycle throughput of 0.2 Ah and a
minimum anchor-implied SOC change of 0.01. The maximum accepted cycle-to-cycle capacity
jump is 30%, and two consecutive consistent capacity candidates are required before the update
is accepted. This guarded update is the reason why the LW method is most effective in the
capacity-mismatch cases, and it also explains why its performance depends on reliable cycle
anchors and current-based throughput.

B.3 Improved LW Bias Compensation

The improved LW strategy keeps the cycle-based structure described in Chapter 4 and adds a
guarded current-bias compensation step. Listing B.3 shows the core bias-update logic. A raw
bias estimate is first formed from the difference between the measured current-integrated charge
and the anchor-implied charge. The estimate is accepted only when it is finite, sufficiently large,
within the allowed bias range, and consistent with the previous cycle.

1 b_raw = (Q_meas_Ah - Q_anchor_Ah) * 3600 / T_cycle;
2 use_bias_update = false;
3
4 if isfinite(b_raw) && ...
5 abs(b_raw) >= bias_braw_min && ...
6 abs(b_raw) <= bhat_max
7
8 if k >= 2
9 b_raw_prev = braw_hist(k-1);

10
11 if isfinite(b_raw_prev)
12 same_sign = sign(b_raw) == sign(b_raw_prev);
13 similar_mag = ...
14 abs(b_raw - b_raw_prev) <= bias_braw_jump;
15
16 use_bias_update = same_sign && similar_mag;
17 end
18 elseif bias_use_cycle1
19 use_bias_update = true;
20 end
21 end
22
23 if use_bias_update
24 b_hat_k = (1 - bhat_alpha) * bhat_prev ...
25 + bhat_alpha * b_raw;
26 b_hat_k = min(bhat_max, max(bhat_min, b_hat_k));
27 else
28 b_hat_k = bhat_prev;
29 end

Listing B.3: Core gated current-bias update in the improved LW strategy.

In the final implementation, the update is conservative. It is only allowed to update the
current bias estimation when the raw bias magnitude exceeds 0.5 A, the maximum allowed
cycle-to-cycle raw bias change is 0.8 A, and the filtered estimate is limited to ±5 A. These
conservative guards reduce the risk of unreliable current correction based on a single cycle.
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B. DETAILED IMPLEMENTATION OF THE SOC CORRECTION METHODS

B.4 Region-Aware BCA Implementation

Listing B.4 shows the core implementation of the region-aware voltage anchor in BCA method.
The local mean OCV–SOC slope is first converted into a confidence factor, and when the slope is
below the plateau threshold, the confidence becomes zero and no voltage-derived SOC anchoring
is applied. On the contrary, when the slope is sufficiently high, the voltage-derived SOC residual
is accepted with a bounded gain.

1 slope_conf = clamp( ...
2 (dVdSOC_abs_mean_cell - dvdsoc_plateau_cell) / ...
3 max(dvdsoc_strong_cell - dvdsoc_plateau_cell, 1e-6), ...
4 0, 1);
5
6 if slope_conf <= 0
7 cyc_region_mode = "plateau_BCA_only";
8 else
9 SOC_ocv_mean = mean(SOC_ocv_cap, ’omitnan’);

10 SOC_est_mean = mean(SOC_cap_anchor, ’omitnan’);
11 soc_residual = SOC_ocv_mean - SOC_est_mean;
12
13 if isfinite(soc_residual) && ...
14 abs(soc_residual) > soc_anchor_deadband
15
16 alpha_V = soc_anchor_alpha_max * slope_conf;
17
18 delta_SOC = clamp(alpha_V * soc_residual, ...
19 -soc_anchor_jump_max, soc_anchor_jump_max);
20
21 SOC_BCA(anchor_global:idx_global(end)) = clamp( ...
22 SOC_BCA(anchor_global:idx_global(end)) ...
23 + delta_SOC, 0, 1);
24 end
25 end

Listing B.4: Core slope-gated voltage-anchor logic in the BCA-CC implementation.

Apart from the mentioned parameters, the plateau threshold is set to 0.050 V/SOC and the
strong-observability threshold is set to 0.120 V/SOC. Also, the maximum voltage-anchor gain
is 0.55, the SOC-anchor deadband is 0.004, and the maximum SOC correction applied at one
cycle boundary is limited to 0.080. These settings are used to prevent the estimator from apply-
ing a large SOC correction in the plateau region.

The listings in this appendix show only the core fragments of each method for reproduction,
and therefore the full codes are not introduced here.
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Appendix C

Supplementary Simulation Results

This appendix presents one supplementary simulation case that is not analyzed in the main text.
It provides additional evidence to support the conclusions drawn in Chapter 5.

C.1 Mixed Error Case with Partial Error Cancellation

Figure C.1 shows the mixed case where the plant capacity is decreased to 0.85 and the estimator
initial SOC is set to 0.90. This case corresponds to the second mixed-error case in Table 5.6.

The two injected errors influence the SOC estimate in opposite directions. The capacity
mismatch causes the estimator to underestimate the SOC variation for a given current interval
because it assumes a larger capacity than the plant actually has. This effect tends to make
the estimated SOC higher than the reference SOC during repeated cycling. In contrast, the
underestimated initial SOC introduces a negative offset at the beginning of the simulation. As a
result, the two errors partially compensate for each other during parts of the operating profile.

This supplementary case therefore supports the interpretation in Section 5.6: under mixed-
error conditions, a low RMSE does not necessarily mean that the estimator is generally reliable.
The sign and interaction of the error sources must also be considered.
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C. SUPPLEMENTARY SIMULATION RESULTS

(a) SOC trajectory comparison

(b) SOC error comparison

Figure C.1: Supplementary SOC trajectory and error comparison for the mixed-error case with
capacity factor 0.85 and estimator initial SOC 0.90.
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