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Abstract

As transportation electrification accelerates, battery-powered vehicles, including cars, air-
planes, and boats, are rapidly emerging. This thesis provides solutions and practical in-
sights on two key topics: implementing robust machine learning algorithms on commercial
Battery Management System (BMS), and building a high-performance Battery Discon-
nect Unit (BDU). The experience was gained during participation in the North American
Battery Workforce Challenge.

First, two machine learning approaches for State of Charge (SoC) estimation are intro-
duced. The first approach is an adaptive algorithm using SoC-OCV-T (State of Charge-
Open Circuit Voltage-Temperature) lookup table and Extreme Learning Machine (ELM).
The experiment began at 100% SoC, with temperature ranging from —20°C to 60 °C. From
—20°C to 0°C, the maximum absolute error (MAE) ranged from 0.030 to 0.025. In the
mid-range from 5°C to 40°C, the MAE decreased to within 0.015 to 0.020 range. Lastly,
at higher temperature range of 45°C to 60 °C, the MAE was below 0.013.

In the second approach, advanced differential features are added to improve the accu-
racy of the ELM model, particularly below 0°C. Under noisy condition, both the maxi-
mum absolute error (MAE) and the root mean square error (RMSE) were reduced to below
1.5% at -20, 20, and 60°C. Both algorithms were validated on a customized Hardware-
in-the-loop (HIL) test bench. The HIL platform was developed to streamline validation of
algorithms such as SoC estimation.

Finally, the thesis details the design and testing process for the BDU, highlighting key
design considerations, test results, and engineering challenges.
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Chapter 1

Introduction

Battery systems serve a critical role in transportation, mobile devices, household appli-
ances, and space exploration. Given the broad scope of battery systems, this thesis focuses
on implementing Machine Learning methods for State of Charge (SoC) estimation in com-
mercial Battery Management Systems (BMSs). Additionally, it includes the process of
building a Battery Disconnect Unit (BDU), and a Hardware-in-the-loop (HIL) system to
allow validation of the developed algorithm.

The literature review in Chapter 2 identifies gaps in the field, including design of ma-
chine learning-based State of Charge (SoC) estimation algorithms and their implementation
on an actual BMS hardware, the design of Hardware-in-the-loop (HIL) systems, and the
development of battery disconnect units (BDUs).

To address the SoC gaps, two simple and effective methods for SoC estimation are
proposed and implemented on a commercial BMS. The first method combines Coulomb
counting, SoC-OCV-T lookup tables, and a Single Feed Forward Network (SFFN) or Ex-
treme Learning Machine (ELM). The second method adds differential features to improve
the accuracy of ELM’s in extreme temperature (—20°C and 60°C) and noisy environment.
Along with the development of the two proposed algorithms, the feasibility of deploying
such a machine learning model on commercial BMS hardware is assessed.

On the hardware side, a complete design a BDU prototype, and a HIL test bench are
presented, supported by test results and analysis of practical challenges.



1.1 Objectives
The two objectives of the study reported in this thesis are as follows.

e To develop a high-performance SoC estimation algorithm for electric vehicle battery
packs, assess the feasibility of implementing machine learning-based methods for
battery state estimation on commercial BMS, and test the robustness of the developed
algorithm in noisy and extreme temperature (—20°C and 60 °C) environments.

e To provide guidelines on building a BDU and HIL test bench.

1.2 Organization of Thesis

The organization of this thesis is as follows. Chapter 2 provides a review of recent develop-
ments in SoC estimation algorithms, battery disconnect unit design, and hardware-in-the-
loop platforms. Chapter 3 describes the proposed machine learnning-based SoC algorithm
and its implementation on a commercial BMS. Chapter 4 presents an improved SoC es-
timation algorithm based on ELM model and that is robust under extreme temperature
(—20°C and 60°C) and noise environment. Chapter 5 offers the design process for the
battery disconnect unit. Chapter 6 concludes the thesis with a summary of key findings
and recommendations for future research.



Chapter 2

Literature Review

2.1 State of Charge Estimation

State of Charge (SoC) estimation is a crucial function of Battery Management System
(BMS). Among all estimation methods, Coulomb counting has been the simplest approach|

However, it requires an initial SoC value, which may drift over many cycles [58]. To address
this issue, Kalman filter or the non-linear variant Extended Kalman Filter are combined
with Equivalent circuit models (ECM) to reduce noise and sensor measurement errors [71].

Besides, advanced methods are categorized into model-based and data-driven. Model-
based method include electrochemical models and ECM. Domenico et al. proposed a
method to incorporate extended Kalman filter into the electrochemical model [21].

Data-driven methods are based on machine learning algorithms such as feedforward
neural networks (FFNN), recurrent neural networks (RNN), and generative models. Re-
cent studies have adapted RNNs and generative models for time series prediction. The
details are presented in the Data-Driven Methods in subsection 2.1.3. Although these
techniques emerged from natural language processing, they have been extended to battery
state estimation.

Although many machine learning methods are available for SoC, commercial BMS
platforms often have computational limitations, primarily memory and processing power.
These limitations make the selection of algorithm critical. The details of these SoC esti-
mation methods will be discussed in subsection 2.1.2 and subsection 2.1.3.



2.1.1 Introduction to Battery Management Systems (BMS)

Battery management systems are essential components of battery energy storage systems
(BESS). They serve two main functions: monitoring and control. The BMS monitors the
voltage, current, and temperature of individual cells of the pack. It also measures the
voltage at critical locations to detect abnormal events. The main objectives of the BMS
are to protect the battery and prevent thermal runaway.

In addition to monitoring, the BMS controls the contactors (or relays) to connect or
disconnect the battery from the vehicle. Those components are commonly located within
the Battery disconnect unit (BDU). The BMS also communicates critical data, such as
SoC and State of Health (SoH), to the Electronic Control Unit (ECU) or other controllers
via Controller Area Network (CAN) bus or other interfaces. In this thesis, lithium-based
battery is the main focus because of their high cell potential and low weight contribute to
high energy density [11].

Currently, many companies are developing wireless BMS systems (wBMS), in which
data are transmitted via radio frequency within the vehicle [9]. Among the leading tech-
nologies, Analog Devices uses the ISM radio band to transmit data [2]. NXP employs
UWB (Ultra-Wideband) [63], and Texas Instruments utilizes Bluetooth technology [30].
LG Innotek also showcased their wBMS at CES 2025; however, details regarding frequency
and range were not provided [15].

At the application layer, researchers and industry have proposed solutions to monitor
or process battery data on a remote server, rather than processing it directly in the BMS
[88, 51]. In the next section, both traditional and advanced SoC estimation techniques will
be explored.

2.1.2 Traditional SoC Estimation Techniques

Coulomb Counting

Coulomb Counting is a simple method for estimating the SoC of lithium-ion batteries. In
this technique, charge transfer is calculated by integrating the measured current over each
sampling period. The ratio of the present value of remaining charge in the battery to the
present capacity of the battery is then used to estimate the state of charge. Ng et al.
proposed an improvement to this method by calculating the Depth of Discharge during
charging and discharging cycles [62].



Another approach, presented in [10], involved periodically resetting the SoC and assign-
ing a new value based on an open circuit voltage (OCV) table. This adaptive algorithm
resulted in a 2.07% accuracy improvement with respect to the standard Coulomb counting.

Open-Circuit Voltage Methods

Open-Circuit Voltage Methods are based on the observation that OCV has a one-to-one
relationship with SoC [67]. Due to relaxation effect, lookup value for SoC should be
obtained at a long rest time [08, 70]. To improve accuracy, the OCV method is often
combined with an equivalent circuit model (ECM). The ECM represents the cell’s internal
resistance and relaxation characteristics. In this method, SoC-OCV data are often collected
through slow discharge test. Then, least mean squares estimation is used to determine the
parameters of the ECM model.

Pattipati et al. also showed that SoC-OCV values did not deviate significantly within
the SoC range of 0.1 to 0.8 [67]. The findings suggests that in applications with less
stringent accuracy requirements, a single temperature condition (such as 25°C) may be
used to set the initial SoC. However, our experiments showed SoC-OCV fluctuated at low
temperatures. Therefore, more tests should be performed if the battery is frequently used
under low-temperature conditions.

Other advanced SoC estimation methods, including model-based and machine learning
approaches, will be discussed in the following sections.

2.1.3 Advanced SoC Estimation Techniques
Model-Based Methods

Thevenin models include a pair of Resistor and Capacitor (RC) or multiple RC circuits,
as shown in Figure 2.1. R;,; represents the internal resistance of the battery, and the RC
pairs represent the dynamic voltage response during charging or discharging.

Electrochemical models involve the Butler-Volmer current equation, in which volt-
age is a function of battery current and average solid concentration [22]. Electrochemical
model shows high accuracy when paired with a Kalman filter. However, it does not account
for changes when the battery undergoes many cycles. It is also unclear how to update the
model parameters over time.

Kalman filters belong to state-space model, and have been widely used in various
applications for robust estimation since 1995 [93]. The filter adjusts predicted values based

5
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Figure 2.1: n-RC Thevenin Models

on measurements and it is commonly used to estimate SoC [17]. Researchers have further
improved the Kalman filter by introducing derivatives to predict nonlinear behaviors. This
has led to the development of the Extended Kalman Filter (EKF) [75]. In addition, there
are Unscented Kalman Filters (UKF), Central-Difference Kalman Filters (CDKF), and
Sigma Point Kalman Filters (SPKF) [72].

He et al. [31] observed a divergence issue in SoC estimation, where the estimation error
increased proportionally with the amount of data. To address this issue, the Sage-Husa
adaptive filter was employed alongside the Extended Kalman filter and a Thevenin circuit
model. As a result, the maximum error was reduced to 4.15

Additionally, Xing et al. [96] combined the Unscented Kalman Filter with a dynamic
SoC-OCV-T table. They set random initial guesses for SoC to test the algorithm’s robust-
ness. It was difficult to determine how long the algorithm took to correct the SoC from
the initial guess, but the results suggested it was less than 100 seconds.

Data-Driven Methods

Data-driven methods are classified into two groups: conventional methods (such as decision
trees and support vector machines) and neural network methods (including deep learning
models). While both groups are important, this work focuses on neural network methods.

With the emergence of large language models (LLM) and generative Al, many time se-
ries and generative models have been adapted for SoC estimation [12, 99, 10]. For example,
Generative Adversarial Networks (GANSs), originally used for image generation, have been
explored for this purpose. Zhang et al. proposed a methods that used GAN-Conditional
Latent Space (CLS) to extract data from images. Then, Bidirectional long short-term
memory (BLSTM) was trained with the data to predict SoC [99]. GANs consist of two
main components: the discriminator and the generator. Each block tries to minimize



its own loss function. During training, the generator may produce identical data, a phe-
nomenon known as mode collapse. To address this, Wasserstein GANs were developed.
In [31], a time series Wasserstein GAN (TS-WGAN) was proposed for SoC prediction and
tested under four temperature conditions: —10°C, 0°C, 10°C, and 25°C. At 25°C, the
model achieved a Mean absolute error (MAE) of 0.0077 and a Root mean squared error
(RMSE) of 0.0123, demonstrating high accuracy. However, the storage size and number of
model parameters present challenges for implementation on actual BMS hardware.

Another generative model is the Autoencoder (AE), which consists of two main com-
ponents: an encoder and a decoder [16]. Unlike GANs, AEs have a streamlined structure.
The encoder compresses input data into a lower-dimensional latent space, while the de-
coder reconstructs the output from this latent representation. Model weights are updated
through backpropagation. Junxiong et al. combined a Denoising Autoencoder (DEA)
with a Gated Recurrent Unit-Recurrent Neural Network (GRU-RNN) for SoC prediction
[11]. The DEA helped reconstruct noisy data, while the GRU-RNN reduced the overfit-
ting often seen with LSTM networks. The model achieved errors of less than 2.8% for
UDDS, HWFET, and NEDC drive cycles. However, the code size or RAM usage were not
reported.

Transformer-based neural networks are also being investigated for SoC estimation. Shi
et al. proposed a Spatial-Temporal Self-Attention Transformer Network for SoC estimation
[79]. To address the limitations of current on-board microcontroller units, they suggested
performing offline training on cloud services. However, the model was not implemented
directly on commercial BMS for validation.

Beyond Transformer-based models, the Mamba State-Space Model Neural Network has
also been applied to SoC estimation, as described in recent research. Jang et al. developed
an integrated framework by combining several advanced components: an autoencoder for
feature extraction and noise reduction, a Mamba network for modeling temporal dependen-
cies, an Unscented Kalman Filter for robust state estimation, and a physics-based model
to incorporate domain knowledge [11]. This hybrid approach enabled the joint estimation
of both state-of-health (SoH) and SoC. The error in estimation was less than 1% indicating
high accuracy and strong potential for practical battery management applications.

Although the novel development in Deep Learning, or Neural Network or Decision Tree
has brought significant improvement on the accuracy of the SoC esitmation. The code
size and computational resource are still the main constrains to implement those advanced
methods on microcontroller for BMS. In the next section, we will look at Extreme Learning
Machine method, that gives both accuracy and ease in implementation.



Extreme Learning Machine for SoC Estimation

Extreme Learning Machine (ELM) is a Single Layer Feed Forward Network (SLFFN) that
was introduced in 2006 [37].

In many research papers, the first step was to select an Al algorithm, such as Long
short-term memory (LSTM), Support Vector Machine (SVM) or Extreme Learning Ma-
chine (ELM). Sometimes, multiple models were combined to improve prediction accuracy.
The common implementation pattern for SoC algorithms involving ELM is illustrated in
Figure 2.2.

After model selection, an optimization algorithm was often used to tune the model’s
hyperparameter. In case of ELM, optimization algorithms were used to set weights and
biases instead of using random values. These algorithms were crucial for achieving higher
accuracy. Metaheuristic optimizations were commonly used. For example, Ren et al.
proposed Genetic Algorithms (GA) combined with Kalman Filter and ELM to reduce
mean absolute error (MAE) to less than 1.2% [73]. Gu et al. employed Beetle Antennae
Search for recurrent ELMs [30]. Ge et al. proposed an improved bat algorithm IBA-ELM
model for SoH and SoC that reduced MAE to 23.79% compared to BA-ELM [28]. Xiao
et at. proposed an ELM with Improved Sand Cat Swarm optimization to predict SoC
level for vanadium redox flow batteries. The inputs were voltage, current, and cycle which
were similar to li-ion battery [95]. Not only optimizing initial weights and biases, Pan et
al. added a new feature such as incremental capacity analysis (dQ/dV) with Butterfly
Optimization Algorithm (BOA). The results of remaining of life prediction were less than
2% for MAE and RMSE. The other optimization algorithms that were implemented with
ELM were Salp Swarm Algorithm [21], Evolutionary Mating Algorithm [30], Gravitational
Search Algorithm (GSA) [55], Seagull Optimization Algorithm [94], and Particle Swarm
Optimization (PSO) [101, 13].

Besides using optimization algorithms, core of the ELM was also improved. Wang et
al. used Kernel Mean P-Power Error as loss function instead of tradition mean square
error (MSE) function. Two temperature conditions were tested. At 25°C, the RMSE
and MAE were 0.188 and 0.0148 respectively [92]. Chen et al. added regularization
coefficients to calculate output weights and added Radial Basis Kernel to initialize the
weight. Additionally, PSO was used to optimize the regularize coefficient and S or ”spread”
parameter of the kernel function [13]. Moving further, Li et al. proposed a Stacked Noising
Autoencoder-Extreme Learning Machine combined with robust data cleaning process on
Cloud BMS. The maximum relative error was limited to 3%.
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2.1.4 MCU PFeasibility for ML/AI SoC Estimation Model

Most studies tested state of charge (SoC) algorithms through simulations. Few evaluated
these algorithms on real battery management system hardware. Practical challenges such
as limited computing power or unpredictable operation are rarely addressed. This section
examines whether microcontrollers (MCU) used in automotive Battery Management Sys-
tems are suitable for machine learning SoC algorithms. The focus is on MCUs with limited
RAM, which is a key constraint for implementing advanced SoC estimation.

We evaluated automotive-grade MCUs from manufacturers such as NXP (formerly
Freescale) and Infineon. Some high-end options offer large RAM capacities, but their costs
are often prohibitively high for automotive BMS applications.

As a member of the Battery Workforce Challenge, I worked with the OpenECU M450.
Our research focused on the M450 ECU from Dana’s OpenECU line, which uses the
MPCS746C PowerPC chip. The initial hypothesis was that the M450’s 384 KiB RAM
might not be sufficient for complex deep neural network models. These models require
many layers and intermediate calculations.

Although advanced time-series algorithms such as LSTM or Gate Recurrent Unit
(GRU) are feasible in theory, a simpler and more efficient approach are preferred. Ex-
treme Learning Machines (ELM) provide greater computational efficiency and require less
memory than LSTM. This makes ELM better suited to resource-constrained MCUs. Safaei
et al and Frances et al implemented OS-ELM on FPGA platform [77, 27].

Based on calculations adapted from [97], our model uses 1,801 parameters. Using 64-bit
precision, each inference needs 14.4 KB of RAM, which is only 7 percent of the M450’s
available memory. In comparison, LSTM models described in [12] require 211.6 KB, which
is about 55 percent of the total RAM capacity, per inference. Although implementation
of LSTM is theoretically possible on the M450, the remaining 172.4 KB of RAM must
support other critical BMS tasks. These tasks include cell voltage monitoring, contactor
control, and communications. Implementing LSTM will pose a significant challenge for
resource allocation.

2.1.5 Conclusion

Recent literature shows major advancements in algorithms for state of charge (SoC) es-
timation, from classic methods like enhanced Coulomb counting to advanced techniques
such as generative neural networks. Hybrid methods have also led to notable reductions
in prediction error.
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However, after reviewing many papers on SoC estimation methods and experimental
setups, we identified a gap: most studies do not address the real-world implementation
of these algorithms on commercial BMS hardware. Since we have access to a commercial
BMS, OpenECU M450, we will implement adaptive algorithms using Extreme Learning
Machines (ELM) to show that Al and machine learning models can work on existing BMS
platforms (see Chapter 3). This work aims to help bridge the gap between academic
research and industry practice.

In the next section, we review hardware-in-the-loop platforms used to test different
BMS functions.

2.2 Hardware-in-the-Loop

Twenty-six papers related to the implementation of Hardware-in-the-Loop (HIL) for elec-
tric vehicles were reviewed. Based on this, HIL setups were classified according to three
main attributes: usage, hardware, and software. We examined custom HIL setups to
identify potential gaps. The findings are summarized below.

2.2.1 Usage

Usage is first analyzed to narrow the scope, since our goal was to design an HIL test bench
for an EV battery system. Of the 26 papers, 15 focused on estimation topics such as SoC
estimation. The rest addressed areas including powertrain, cell balancing, electromagnetic
interference, EV cybersecurity, grid integration, and fast charging.

2.2.2 Software

In the software category, 70% of the experiments used MATLAB. Other approaches in-
cluded FPGA-based, HDL-based, and custom code solutions. Alternative platforms ac-
counted for about 8% of the studies as shown in Figure 2.3.

2.2.3 Hardware

HIL setups for SoC estimation algorithms and battery pack functions fall under two cate-
gories: commercial test platforms and custom hardware-in-the-loop systems (Custom HIL).
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Figure 2.3: Review of softwares being used in HIL

Commercial Test Platform

Commercial test platforms include dASPACE, OPAL, and Typhoon systems. Each of these
platforms offers distinct features for hardware-in-the-loop testing.

In [69], the dSPACE hardware could handle up to 400 V, reflecting the real conditions
of an EV battery pack; however, the investment cost was high (33,000 euros, not including
the testing rack, as of 2021). OPAL also offered real-time control solutions [56]. Typhoon
provided another option, featuring compact hardware with built-in Simulink blocks for
real-time applications [1]. All three platforms supported Simulink control blocks, making
algorithm validation easier for users. According to the survey, commercial test platforms
were used more frequently than custom HIL setups.

Custom Hardware-in-the-Loop

Despite the convenience and compactness of commercial test platforms, custom hardware-
in-the-loop (Custom HIL) setups represent a step closer to Vehicle-in-the-Loop testing.
These systems included custom PCBs, FPGAs, and MCUs.

Out of the 26 papers reviewed, 15 mentioned State of Charge (SoC) estimation. Among

12



these 15, five employed custom setups similar to our proposed approach. The following
examples highlight different custom HIL configurations reported in the literature.

In [66], Park et al. designed a custom HIL setup that included a PCB with an Arduino
as the main controller. The Arduino monitored voltage and temperature and sent data to
a SoC estimation algorithm. However, the algorithm was not loaded onto the Arduino. It
was trained and ran on a desktop computer.

Another approach, described in [32], used a real-time controller (xPC) instead of an
Arduino. A programmable load applied current profiles, allowing charge and discharge
operations on five Panasonic 18650 lithium-ion cells. Similarly, Zhang et al. designed an
H filter in Simulink and used xPC to control the electrical load and collect battery data.
The data collected by xPC was then sent to a host computer for processing [100].

In [57], Morello et al. implemented a mixed algorithm that combined a dual Kalman
filter with a moving window least squares method on an Altera MAX 10 FPGA. This
approach was cost-effective, but the FPGA was used only for SoC validation. The setup
might not be modular or easily expandable if more sensors or validation functions are
needed.

Lastly, Araujo et al. embedded mathematical equations in TMS320F2869 microcon-
trollers. Each MCU represented a block in the EV, such as the battery pack, DC-DC
converter, and motor drive/load. However, this setup was a numerical simulation and did
not use sensors or physical devices [1] .

In summary, custom HIL setups fall into two categories: algorithms running directly on
MCUs and algorithms running on computational models. In our HIL setup, the algorithm
was run on a computational model, and then was embedded directly into the MCU.

2.3 Battery Disconnect Unit

The primary function of the BDU is to connect or disconnect the high-voltage battery
from the load. A BDU functional diagram is shown in Figure 2.4. Since the BDU is an
implemented design rather than a standalone research topic, published literature on the
BDU is limited.

In 2017, Svensson [%] proposed an optimized packaging solution for BDU with a selection
matrix; however, electrical components selection and the topology of the BDU were not
discussed. In this literature review section, we discuss new relay technologies that can be
used in BDUs, as well as BDU’s topology.
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Figure 2.4: High-level BDU System Diagram

2.3.1 Relay

The main component in a BDU is the switching unit. Mechanical contactors use electro-
magnetic actuation. Due to their low cost, high current ratings, and reliability, they are
widely used in commercial EVs.

Another candidate is the Solid-state relay (SSR). SSRs have no moving parts and
provide rapid switching at microsecond scale. They do not form arcs and have a longer
service life compared to mechanical contactors. In high-voltage BDU applications, SSRs
can eliminate problems related to arcing and mechanical wear. However, SSR failures
often occur in the closed state [(1], which poses a safety risk unless it is combined with a
mechanical contactor. SSRs outperform mechanical contactors in most categories except
rated current and cooling capability. At present, mechanical contactors support higher
current ratings. Most SSRs can only handle up to 200 A and they are generally more
expensive, according to Digikey’s catalogue (May 2025).

Recently, Eaton introduced Breaktor, a double-pole single-throw contactor. Break-
tors simplify BDU configuration [15]. Instead of using four contactors and one relay for
precharge, two Breaktors and two relays are now sufficient. According to Eaton, a Breaktor
can replace a pyro fuse because it provides overload protection up to 25 kA and switches
off at a threshold of about 1.7 kA (£20%).
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2.3.2 Conclusion

This literature review examined the current state on Battery Disconnect Unit (BDU)
design, focusing on relay and contactor technology. While existing studies and application
notes provide a foundation for BDU design, a complete design guide for BDUs is lacking.
Our proposal and design for the BDU are presented in Chapter 5.
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Chapter 3

ELM and SoC-OCV-T for State of
Charge Estimation

3.1 Introduction

Many machine learning algorithms have been applied to state-of-charge (SoC) estimation.
To determine the most suitable algorithm under the MCU’s constraints, benchmarking was
performed with several candidates, including LSTM, Random Forest, k-nearest neighbors
(k-NN), Decision Tree, Extreme Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), CatBoost, Extreme Learning Machine (ELM) with Tanh, Sigmoid,
and ReLU activation functions, as well as Online Sequential-ELM (OS-ELM).

KNN regression is a dynamic lookup table and remains one of the simplest methods
among the candidates. LSTM is a time-series neural network for sequence prediction, as
discussed in the literature review. Besides time-series models, tree-based algorithms are
widely used in SoC estimation because they are robust and explainable through node-level
scores. Their accuracy is often enhanced by ensemble learning, which can be divided into
bagging and boosting. Random Forest is a bagging method that averages the outputs of
multiple decision trees to form a final prediction. Boosting methods such as CatBoost,
XGBoost, and Light GBM iteratively refine predictions by correcting errors from previous
iterations. Finally, Extreme Learning Machines (ELM) with activation functions such as
Tanh, Sigmoid, and ReLLU provide a lightweight alternative, while Online Sequential-ELM
(OS-ELM) further improves training speed for real-time applications.

Three main criteria were used to select the algorithm: mean absolute error (MAE),
training time, and model size (KB). Model size was given the highest weight of 0.45 due
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to the constraints of the embedded system. The next most important criterion was Test
MAE with a weight of 0.35. Training time was assigned a weight of 0.20, since the model
is not retrained during operation and the training process can instead be prepared on the

cloud. In addition, because the MCU’s code space is limited to 2302 KiB, a hard threshold
was applied: any model exceeding this size was excluded.

It was concluded that tree-based algorithms, including Random Forest, Decision Tree,
XGBoost, and Light GBM, achieved low MAE. KNN regression also performed well with
low test MAE, followed by ELM-Sigmoid and ELM-Tanh. Model sizes were recorded for
comparison, with ELM producing the smallest size among all algorithms. When a hard
threshold was applied, ELM-Sigmoid ranked first due to its minimal model size, followed
by CatBoost. In particular, three of the top five models were ELM variants. The results
are summarized in Table 3.1. Based on these findings, ELM was selected as the final choice.

Table 3.1: Algorithm Benchmarking with Weighted Rank and Size Constraint

Algorithm MAE Training Model Size Rank Rank Size
Time (KB) Weighted ~ Constraint
ELM-Sigmoid 0.014 6.069 7 6 1
CatBoost 0.014 3.895 117 5 2
OS-ELM 0.016 1.271 21 8 3
ELM-Tanh 0.014 13.159 13 7 4
Light GBM 0.013 0.892 312 4 5)
ELM-ReLLU 0.017 7.986 9 9 6
XGBoost 0.012 2.198 481 3 7
Decision Tree 0.006 6.577 90,600 1 Dropped
KNN 0.008 0.768 47,713 2 Dropped
Random Forest 0.006 41.108 5,981,401 10 Dropped

3.1.1 Extreme Learning Machine (ELM)

ELM is a single-layer feedforward neural network. Compared to other neural networks, it
has a simple structure. Simplicity makes ELM suitable for BMS use with limited compu-
tational resources.

The first step in training the ELM was the initialization of random weights and biases.
Subsequently, the outputs of the activation functions were computed. Several activation
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functions were tested, including Sigmoid, Tanh, Rectified Linear Unit (ReLLU), Exponential
Linear Unit (ELU), Gaussian Error Linear Unit (GELU), and Softmax. Among these, the
Tanh activation function yielded the highest accuracy.

Equations (3.1)-(3.3) represent the steps for training and predicting when implementing
ELM.

/6 = HtrainTT, (31)(TTCLZTL>
Hiyj = g(w; - xj +b;), (3.2)(Activation)
T = Hpred . ;8, (33)(Predzct)

H is the hidden layer output after applying ¢(.), the activation function. (f) (output
weights) is a product of Moore-Penrose generalized inverse H' and Target matrix (T).
Weights, input features, and biases are denoted by w,x and b respectively [35].

The process is as follows: first, weights w, biases b are randomly initialized. Then, the
inputs are passed through the activation function, yielding H;; = g(w; - x; + b;). Next,
the pseudo-inverse of Hipain is multiplied by the target matrix T to compute the output
weights 8 = Hyain' T. For prediction, new inputs go through the activation function to
produce Hpreq, Which is then multiplied by B to estimate the output: T = Hprea - 8.

3.1.2 Adaptive Algorithm

Data-driven methods exhibit prediction fluctuations, while Coulomb counting method face
issue with initial capacity estimation. To mitigate these errors, we incorporated an adaptive
method to adjust the SoC. The algorithm’s workflow is detailed in the Adaptive Algorithm
Design section. In the next sections, seven steps from processing data to implementing
algorithm on BMS are reviewed.

3.2 Dataset Overview

In the study, three data sources were used: the LG dataset from McMaster University
[13], the current profile from the SLIDE project [30], and the data collected from accurate
FMU model from Batemo and AVL. The ELM model was first built in Python. Drive
cycle data from the LG dataset was used to verify whether the prediction error remained
within an acceptable range of 3%. During this stage, model parameters and loss functions
were optimized.
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After the algorithm was validated, current profiles from the SLIDE project [30] were
used as input for the experiments. The current profiles included Highway Fuel Economy
Test (HWFET), New York City Cycle (NYCC), Urban Dynamometer Driving Schedule
(UDDS), and US06, as shown in Table 3.2.

Each current profile lasted between 10 and 20 minutes and was insufficient to cover the
full cell capacity, depleting only about 10% of state of charge (SoC) from a fully charged
cell (100%). To obtain data spanning the entire capacity range, the current profiles were
repeated until the SoC reached approximately 2%. Because the SLIDE project cell had
lower capacity compared to the experimental cell (Samsung INR21700G), the maximum
charge and discharge currents were scaled up accordingly. The specifications and limits for
the Samsung INR21700-50G cell are shown in the Table 3.3.

Table 3.2: Drive Cycle Profiles

Original Min Max Total Steps Distance Average
Current (Ampere) (Ampere) (s) (mile) Speed
profiles (mph)
HWFET -7.8668 8.1 766 10.26 48.3
NYCC -4.4136 8.1 599 1.18 7.1
UDDS -4.4929 8.1 1370 7.45 19.59
US06 -4.2071 8.1 601 8.01 48.37

After the current profiles were obtained, the cell was cycled at temperatures rang-
ing from -20°C to 60°C. Lithium-ion cells are known to exhibit different behaviors under
extreme conditions; therefore, additional tests at low temperatures were conducted [90].

The histogram illustrated trends and outliers in the data. As shown in Figure 3.1,
HWFET and US06 exhibited the highest discharge currents due to highway driving con-
ditions. In contrast, UDDS and NYCC showed lower discharge currents, which are char-
acteristic of city driving conditions.

The discharge and charge currents were limited to 15.5 A and 7 A, respectively, to
cover full capability of the cell. The experiment was conducted across various temperature
ranges. To safeguard the cell, stop limits were implemented as outlined in Table 3.4,
ensuring that the cycler halted whenever any condition was met. The sampling rate was
set at 10 Hz (0.1 seconds). If the cell exceeded any limit specified in Table 3.4 during
testing, the last State of Charge (SoC) was recorded, the cell was allowed to rest, and
cycling resumed from that point until the final SoC was reached.
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Figure 3.1: Histogram of Current Profiles

Table 3.3: Cell’s Limits

Range Unit
Discharge Current 14.7 (Max — 2s), 9.8 (continuous) A
Charging Current 7TA (Max — 2s), 2.5 (continuous) A
Capacity 5 Ah
Terminal Voltage 2.5 -4.2 A%
Maximum Surface Temperature 353 K
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Although the maximum charge and discharge currents can be higher according to the
dataset, such values are not practical for experimental operation because lower discharge
currents are typically used. High currents cause rapid cell depletion, resulting in insufficient
data for model training. In addition, limits were set to ensure cell safety. When these
safeguards were implemented, virtual cycling was performed using the Functional Mockup

Unit (FMU) provided by AVL and Batemo GmbH.

Table 3.4: Cell Safety Limits
Range Unit

Terminal Voltage 2.5-4.2 Volt
Maximum Surface Temperature 353 Kelvin
Charge 0- 17538 Coulomb

The time required to complete all current profiles is shown in Table 3.5. The NYCC
profile required the longest duration because its discharge current was lower than those
of the other profiles, as shown in Figure 3.1. In total, the testing process required ap-
proximately 24 days to collect the necessary data, assuming all other conditions were met.
To reduce the testing duration, three parameters could be optimized: (1) increasing the
number of cyclers, (2) reducing the sampling rate, or (3) narrowing the temperature range
(for example, from -10°C to 45°C).

Table 3.5: Duration for Current Profile Testing

Current Profile Time without Rest (hours)
HWFET 0d:19h:50m
NYCC 4d:16h:05m
UDDS 2d:09h:02m
US06 1d:18h:23m

Slow discharge C/20 12d:12h:03m

After the drive cycle tests were completed, a slow discharge test at C/20 was performed
to determine the relationship between open-circuit voltage (Open-circuit voltage (OCV))
and State of Charge (SoC) under various temperature conditions. In this implementation,
only the discharge curve was used instead of the average discharge and charging curve.
The data collected from these tests was used for developing and validating the Extreme
Learning Machine (ELM) model described in the following section.
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Discharging SOC vs OCV for Different Temperatures
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Figure 3.2: SoC-OCV Curves at Different Temperatures
3.3 ELM Model Setup

The Extreme Learning Machine (ELM) model was built in Python and evaluated using the
LG dataset from McMaster University [13]. Because the model would later be deployed
on a Battery Management System (BMS) using MATLAB Embedded Coder, it was also
implemented in MATLAB to minimize future integration errors.

The Python-based Extreme Learning Machine (ELM) model was used to optimize hy-
perparameters, including the number of hidden layer nodes, the loss function, and the ac-
tivation function. The optimal hyperparameters are presented in Table 3.6. Subsequently,
data from all four drive cycles were combined. The training features (X am) consisted of
terminal voltage, surface temperature and current, while the label (Yiyain) corresponded to
the state of charge (SoC). To prevent data leakage, the dataset was split into 70% training
and 30% testing after feature selection [12]. Figure 3.3 illustrates the ELM model with
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Figure 3.3: ELM Model with Inputs and Output

its inputs and output. The training set was exported to a ‘.mat‘ file for direct model
training in MATLAB. Finally, data normalization was performed using min—max scaling
in MATLAB after splitting, also to prevent data leakage [12].

Next, Xain and the selected hyperparameter configuration were used to train the model
in MATLAB. After training, the weights, biases, and model structure were stored in a
‘mat‘ file. A MATLAB function block was then added to perform inference based on the
stored weights, biases, Beta, and activation function. At this stage, the model was ready
to predict SoC using Terminal Voltage, Surface Temperature, and Current as inputs.

Table 3.6: Structure of ELM model

Layer Size
Input Nodes 3
Hidden Nodes 300
Output Node 1
Activation Function Tanh

For the State of Charge-Open Circuit Voltage-Temperature (SoC-OCV-T) lookup ta-
ble, discharge curves collected at various temperatures were used. The data contained
approximately one million samples, which exceeded the available code space in the Battery
Management System (BMS). To address this limitation, Terminal Voltage and Temperature
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were binned and arranged in a two-dimensional grid, with each grid intersection represent-
ing a SoC value. Terminal Voltage was used instead of open-circuit voltage (OCV) because,
under slow discharge conditions, terminal voltage could be assumed to be approximately
equal to OCV. Linear regression was applied to fill in missing SoC values in the dataset.
Additionally, two sets of lookup tables with different resolutions were created as shown in
Figure 3.4 to compare their effectiveness in SoC estimation.
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Figure 3.4: SoC-OCV at Different Temperatures and Different Size 399x172 (Left), 99x86
(Right)

Although the SoC-OCV-T table covered a wide range of temperatures, some parts of
the table still had missing data, which reduced its overall accuracy. To address this issue,
the method described in the next section was used.

3.4 Adaptive Algorithm Design

In this algorithm, Coulomb counting was primarily used for real-time State of Charge
(SoC) estimation; however, accurate initial SoC was required. To set the initial SoC value,
Terminal Voltage, Surface Temperature, and Current were monitored. These values were
then used with the SoC-OCV-T table and the Extreme Learning Machine (ELM) model
to adjust the SoC value obtained from Coulomb counting.

The algorithm workflow is illustrated in Figure 3.5 and proceeds as follows. When the
vehicle is switched on, the last SoC from previous run is set as the current SoC assuming
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there is no self-discharge. If the SoC value cannot be recalled from the vehicle’s memory,
the algorithm monitors discharge current during the startup phase, which is set to 250
seconds. During this phase, either a passive or an active method can be applied. In the
passive method, while the vehicle completes its startup procedure, the algorithm monitors
Terminal Voltage, Surface Temperature, and Current. Alternatively, because the Battery
Management System (BMS) supports discharge balancing, the algorithm can actively dis-
charge the battery with a small current over a short period using Pulse Width Modulation
(PWM). These input values (Surface Temperature, Terminal Voltage, and Current) are
provided to both the Extreme Learning Machine (ELM) model and the SoC-OCV-T table.
The initial SoC is then set by averaging the SoC values obtained from the SoC-OCV-T
lookup table and the ELM model prediction.

The Ignition Phase ends when the startup time expires. Coulomb counting is then
initialized with the recently determined State of Charge (SoC), and the Cruise Phase
begins. During this phase, the algorithm monitors resting events, which are defined as
intervals of 80 seconds or longer with measured current less than 0.015 A.

When a resting event occurs, the algorithm obtains State of Charge (SoC) predictions
from both the Extreme Learning Machine (ELM) model and the SoC-OCV-T table. It then
compares SoC_Lookup, SoC_Prediction, and the average of these two predictions with the
SoC value from the previous time step (SoCcc). The SoC value closest to the previous
value is selected.

Because the initial SoC is updated only during battery discharge, the algorithm applies
the SoC-OCV-T lookup table only during discharge events. The next section illustrates
the implementation in MATLAB.

3.5 Building the Model on MATLAB Simulink

MATLAB/Simulink was used to implement the algorithm. The Extreme Learning Machine
(ELM) model was trained separately. The weights and Beta layers obtained from the
training process were saved in a ‘.mat‘ file for use during prediction. The prediction code
was integrated into a MATLAB Function Block.

Figure 3.6 shows the ELM block with three main features along with other components
of the Simulink model.

The complete Simulink model is shown in Figure 3.7. In which, the Adaptive Coulomb
counting module allowed the algorithm to update the initial State of Charge (SoC) at any
time.
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Figure 3.5: Adaptive Algorithm Flow Chart

The SoC Selector block compared the two predictions and selected the value with the
smallest difference from the current SoC. The SoC-OCV lookup table was embedded in an
n-dimensional lookup block using linear Lagrange interpolation.

To validate the model, a new current profile, LA92, was used. This profile was extracted
and scaled up from the LG dataset. This data were not included during the training process.
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3.6 Building Hardware-in-the-Loop (HIL) Bench

To provide a secure system for testing the algorithm and sensors for the battery pack, a
custom hardware-in-the-loop (HIL) bench was constructed with a human-centered design
approach. The test bench was assembled on an acrylic sheet with separate areas designated
for each component. The HIL system used the M450 as a real-time controller.

Although breadboards and jumper wires provide a fast environment for prototyping,
they are not robust, and issues often arise from loose wires and unreliable connections.
In the HIL design, terminal blocks and ring connectors were used instead of breadboards
to ensure secure connections. The complete design is shown in Figure 3.8. The HIL
system was modular and easily extendable to full vehicle-in-the-loop applications, as well
as simplify future troubleshooting.

3.7 Implement Algorithm on BMS

The OpenECU M450 and the Kvaser Leaf Light v2 CAN adapter were used to communicate
with the OpenECU Calibrator on a desktop computer. OpenECU provides Simulink blocks
that allow code to be generated and embedded directly into the Battery Management
System (BMS).
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Block, (2) Adaptive Coulomb counting, (3) SoC Selector block

3.8 Results and Discussion

3.8.1 Result from Simulation

Three metrics were selected to evaluate the algorithm: MAE, RMSE, and Maximum abso-
lute error (MaxAE). The model was validated on fifteen temperature conditions. At high
temperatures, the test was paused when the cells’ Surface temperature and Terminal Volt-
age exceeded the thresholds. The cells were then allowed to rest before resuming testing.
The test ended when the State of Charge (SoC) reached 0.02. Functional Mockup Unit
(FMU) was used.

For further validation, two different lookup tables were tested: one with a size of 99 x
86, and another with a size of 399 x 172 as shown in Figure 3.4. The results in Figure 3.9 did
not show significant differences between the two, indicating that the increase in resolution
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Figure 3.8: HIL bench: (1) Pack Monitor, (2) 12V Relay, (3) Precharge Relay, (4) Breaktor,
(5) Negative and Positive busbar for motors, (6) Negative and positive busbar from Battery,
(7) Loss of isolation, (8,10) CAN signal and CAN/LIN interface, (9) ADBMS6830B Cell
Supervision Circuit, (0) DC2472A Cell Emulator

did not improve performance.

Metrics were also compared between Adaptive Coulomb counting (adaptive_cc) and
State of Charge (SoC) prediction using the Extreme Learning Machine (ELM) model with
a median filter employing a window size of 100 (movingavg w100). The movingavg w100
method relies solely on SoC predictions from the ELM model and does not utilize the
SoC-OCV-T table.

Table 3.7 presents the average error across fifteen temperature conditions ranging from
-20°C to 60°C, and stared at 100% SoC. Both mean absolute error (MAE) and maximum
absolute error (MaxAE) of Adaptive Coulomb counting were low when using the smaller
lookup table. This result demonstrates that Adaptive Coulomb counting improves the
accuracy of State of Charge (SoC) estimation. Additionally, a lookup table with accurate
data can outperform one with higher resolution.

Adaptive CC with the small SoC-OCV-T table achieved a mean absolute error (MAE)
of 1.8%. This result indicates that the minimal data-driven approach is effective for State
of Charge (SoC) estimation.

To further analyze the algorithm, each ambient temperature condition was evaluated
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Figure 3.9: Comparison Between Small and Big SoC-OCV-T Table

Table 3.7: Comparison of Error Metrics Between Moving Average and Adaptive Coulomb
Counting Methods on Small and Big Lookup Tables

MovingAvg MovingAvg Adaptive CC Adaptive CC

Small Table Big Table Small Table Big Table
Metric [99x86] [399x172] [99x86)] [399x172]
MAE 0.017759173 0.018200976 0.017689804 0.019450565
RMSE 0.022414046 0.022718813 0.023958472 0.025797389
MaxAE 0.103272003 0.100245299 0.074269086 0.077566062

using the smaller SoC-OCV-T lookup table.
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Table 3.8: Error Metrics for Three Methods: SoC predictor, Adaptive Coulomb Counting
(adaptive_cc), and Moving Average (movingavg-w100).

Temp SoC Adaptive CC MovingAvg
MAE RMSE MaxAE MAE RMSE MaxAE MAE RMSE MaxAE

-20 0.025 0.035 0.171  0.029 0.045 0.125 | 0.024 0.031 0.113
-15 0.025 0.032 0.129 0.026 0.036 0.109 = 0.024 0.030 0.101
-10 0.022 0.029 0.124 0.021 0.030 0.099 = 0.020 0.026 0.098
-5 0.022 0.028 0.115 = 0.021 0.028 = 0.091 0.021 & 0.026 0.095
0 0.025 0.030 0.107 = 0.024 0.030 = 0.085 0.024 = 0.028 0.091
5 0.020 0.025 0.095 0.020 0.028 0.099 = 0.019 0.023 0.086
10 0.017  0.022 0.086 0.016 0.022 = 0.069 0.015 0.019 0.080
20 0.017  0.021 0.074 = 0.015 0.020 = 0.061 0.016 = 0.019 0.068
25 0.019 0.023 0.068 = 0.017 0.021 0.062 0.019 0.022 = 0.062
30 0.015 0.019 = 0.064 0.014 0.018 0.070 0.014 = 0.018 0.066
35 0.013 0.018 0.072 0.013 0.019 | 0.069 0.013 0.017 0.074
40 0.014 0.018 0.118 0.015 0.019 = 0.068 0.014 0.018 0.081
45 0.015 0.019 0.131 = 0.013 0.016 0.048 0.015 0.019 0.092
50 0.013 0.017 0.114 = 0.010 0.013 0.033 0.013 0.018 0.158
60 0.013 0.017  0.322 = 0.011 0.013 0.027 0.014 0.022 0.282

Table 3.8 shows that when the temperature was below 20°C, the Extreme Learning
Machine (ELM) model with a moving average window achieved a lower maximum absolute
error (MaxAE). However, as temperature increased, Adaptive Coulomb counting (Adaptive
CC) produced a lower MaxAE compared to the moving average method. This improvement
can be attributed to the increased accuracy of the SoC-OCV-T discharge curve at higher
temperatures. The results also informed further enhancements to the adaptive algorithm,
such that the ELM model with moving average is used when the temperature is below
20°C, and Adaptive CC is selected when the temperature exceeds 20°C. The next step
involves implementing the model and algorithm on an actual Battery Management System
(BMS) using the custom hardware-in-the-loop (HIL) test bench.
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3.8.2 Results for Implementation of SoC Estimation Algorithm
on BMS

After simulation was completed, the compiled binary was embedded in the BMS, and
signals were visualized using OpenECU Calibrator. The setup to program the M450 is
shown in Figure 3.10.

o Kvaser Leaf V2

(2) OpenECUM450

e CAN connector

Figure 3.10: Setup to Program M450

To test real cells, a dump load and discharge switch were required. Due to time con-
straints and hardware limitations, 5000 samples of the LA92 current profile were used. The
Surface Temperature, Terminal Voltage, Current, and true State of Charge (SoC) from the
LA92 cycle at 25°C were provided as inputs to the Battery Management System (BMS).

OpenECU Calibrator was used to monitor and record measurements directly during
BMS operation as shown in Figure 3.11.

In Figure 3.12, the results from the BMS were collected and compared with the actual
SoC.

According to Figure 3.11, the stack size while operating (cpu_usedstacksize_bytes) was
about 3912 bytes that takes up about 1% RAM space of the OpenECU M450 (384 KiB)
[19]; therefore, advanced machine learning algorithm could be implemented on this BMS.

3.8.3 Discussion

Potential enhancements to this algorithm can be made through improvements in three
areas, i.e., the SoC-OCV-T table, the ELM model, and the adaptive algorithm. Further
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Figure 3.11: Monitoring Real-Time SoC_Pred and Adaptive_cc with OpenECU Calibrator
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Figure 3.12: Result from BMS (Left) and Simulation (Right)

improvements are considered as items for next steps.

SoC-OCV-T Table

Instead of relying solely on Coulomb counting with a small discharge current, alternative
methods such as the voltage relaxation technique can be explored for estimating the State
of Charge-Open Circuit Voltage (SoC-OCV) relationship.

To improve SoC-OCV estimation, especially at low temperatures where higher errors

are observed, additional temperature ranges can be included. Current testing is performed
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at discrete intervals such as [-20, -10, 0, ...]. Greater resolution can be achieved by adding
intermediate temperatures, for example, [-20, -15, -10, -5, 0].

ELM Model

For the Extreme Learning Machine (ELM) model, techniques used in Long Short-Term
Memory (LSTM) networks can be adapted. Incorporating a moving average window as an
input may reduce outliers and improve algorithm performance.

Adaptive Algorithm

The proposed adaptive algorithm tends to favor the dominant prediction curve. To address
this, weighing strategies can be applied. Another improvement is the use of a timer or
counter; after a specified duration, the algorithm can alternate between SoC values from
the lookup table or ELM prediction, rather than continuously comparing differences.

Simulation results indicated that the ELM model performs better at high tempera-
tures, while Adaptive Coulomb counting with an average window is more effective below
20°C. A switching mechanism can be implemented to select the optimal method based on
temperature.

Other parameters, such as duration and trigger for resting events, can also be refined.
Currently, a current less than 0.015 A for 80 time steps or 80 seconds is used, based
on the assumption that vehicles experience periods of no discharge, such as waiting at
traffic lights. Further investigation into the relationship between the SoC-OCV-T table
and charge/discharge current is recommended.

Next Steps

Given the fast learning rate of the ELM model, the Battery Management System (BMS)
can be allowed to collect data during initial operation and train the model while charging
the vehicle. Although the fusion approach using SoC-OCYV results in low errors, the state
of health of the battery should also be considered.

Additionally, noise measurements are not included in the current simulation. Future
work can introduce noise to evaluate model robustness in noisy environments.
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Chapter 4

Robust State of Charge Estimation
Algorithm with Differential Features

4.1 Introduction

In the previous adaptive algorithm, if current reading was fluctuating due to noise, the
algorithm might not detect small changes in current, which led to inaccurate SoC adjust-
ment. Additionally, the SoC output from the lookup table would be shifted if the input
had noise. Based on these observations, SoC-OCV-T was deemed unsuitable in the pres-
ence of noise unless filters were added. Besides, in Table 4.1, starting at 0.75 SoC (75%),
the RMSE and MAE of the ELM model was 0.30 (or 30%) at —20°C indicating that the
model did not perform well at low temperature.

Table 4.1: ELM Model performance at three different temperatures and SoC of 0.75

Temperature RMSE MAE
-20

20 0.0443 0.0424
60 0.0155 0.0131

Next, a test was conducted at SoC of 0.75 and temperature of 20°C to see if the
model could adapt to different initial SoC values. The results in Figure 4.1 showed that
ELM model was better than SoC-OCV-T lookup table at predicting initial SoC with the

difference up to 0.02.
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Figure 4.1: Initial SOC Prediction from SoC-OCV-T Lookup Table and ELM Model with
three features of Terminal Voltage, Surface Temperature, Current

In summary, the previous ELM model did not work well at low temperatures and further
improvement was required. Additionally, SoC-OCV-T lookup table was only accurate at
starting or during a rest and ELM could perform that task well. Therefore, SoC-OCV-T
lookup table would be excluded.

To improve the model, a simple but effective approach was developed. Instead of
modifying kernel or using other methods as described in the literature review, the new
approach involved selecting the best features from feature engineering process. Among
other features, differential features performed robustly at extreme temperatures (—20°C,
or 60°C) and in the presence of noise.

4.2 Survey on Differential Features for SoC

Augmented features for SoC are often selected based on Pearson correlation coefficients
(PCCs) between features and SoC value [52]. It is common to see differential features in
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State of Health (SoH) estimation. Wang et al. proposed a capacity difference features
(CD) based on dQ/dV curves over different cycles [91]. In addition to CD, Gaun et al.
proposed dT'/dV [32]. For SoC, differential features have been less common.

4.3 Prepare New Features

In order to compare and select the best features, many new features were created from
the three original features (Terminal Voltage, Surface Temperature, Current). These were
power, rate of change, lag (prior values), accumulated current, accumulated power, average
temperature, average current, and average voltage. The new features could be categorized
into four different groups, i.e., accumulated, average, prior, and rate of change. Equations
for new features are shown in Table 4.2.

All features were evaluated with the dataset from the previous chapter. The first
noticeable feature was the prior values of SoC. It was found that models that included
prior SoC values as features achieved a lower error score compared to the cases where
other features were considered. The benchmark results in Table 4.3 showed that features
that included prior values were in the top five without SoC-OCV-T table.

Prior SoC feature improved ELM model; however, since the training data and evaluation
both started at 100% SoC, the model might be overfitting to the initial value. To test the
previous hypothesis, another evaluation was conducted at 25°C with different initial SoC
levels 0.50, 0.75, and 1.00. In this experiment, a new test set was used. Besides different
initial SoC values, a sudden shift in SoC was also added to assess if the models were able
to recover. The results showed that the SoC_lag feature exhibited instability, whereas the
differential features emerged and adapted to the change in initial SoC values. Table 4.4
showed top five feature sets that included differential features. Therefore, SOC_lag features
were excluded from further evaluation.

Apart from robustness under noise and extreme temperature (—20°C and 60°C), an
SoC algorithm was required to meet an average error of less than 3%. The existing dif-
ferential feature models did not meet the requirement; so improvement was needed. As
observed in the previous assessment, adding new features might improve overall accuracy.
Pearson correlation coefficients analysis was performed, and a simplified version was shown
in Figure 4.2.

It was found that Surface Temperature had close correlation with Terminal Voltage.
Also, Current has close correlation with Terminal Voltage. Therefore, Current (I), Terminal
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Table 4.2: Time-series features for SoC estimation algorithm

Feature Equation / Definition Description

Original V(t), I(t), T(t) Terminal Voltage,
Current, and Surface
Temperature

Power P(t)=V(t)I(t)

Lag (by k samples)

Rate of change

Moving average
(window w)

Rolling maximum

(window w)

Rolling minimum
(window w)

Exponential moving
average (EMA)

Accumulation of
Current

LE{z}(t) = x(t — k)

Let x € {V,T,1I, P}.

Az, . z(t) — x(t — k)
E( )= Time(t) — Time(t — k)
e Ly,
i min(i, w) Z !

j=max(1,i—w+1)

max = max{x; | j €
max(1, i —w+ 1), 9}
min = min{z; | j €
max(1, i — w+ 1), i}

EMA; = az;+ (1 — a) EMA,; 4
a € (0,1]

Si:il(tj)

Past value of a
feature shifted by k
time steps

Discrete derivative
over a k-step interval

Mean of the last w
samples

Maximum over the

last w samples

Minimum over the
last w samples

Exponentially
weighted average of x;

Discrete integral of
current

Voltage (V), and Surface Temperature (T) were combined into a new differential feature

and referred to as Power_Temp_Rate feature as showed in equation (4.1).

V1

Power Temp_Rate = (4.1)

Additionally, to let the Power_Temp_Rate feature capture the dynamic of the data,
rate of change were then implemented over different time periods as shown in equation 4.2.
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Table 4.3: Benchmark Result for New Feature Sets (Ranked by MAE). Lag or prior value
features were highlighted as green. New discovered feature Power over Surface Temperature

was highlighted as blue.

Features Test Test Test R2  Feature Components
MSE MAE

Lag_Rate_Feature_2 0.000058 0.004491 0.999226 Terminal Voltage, Current, Sur-
face Temperature, SOClag 1.
Voltage lag 3, SOC_Rate_1, Volt-
age. EMA 0.1

Ultra_Base No_ST 2 0.000087 0.00454  0.998848 Terminal Voltage, Current,
SOClag 1, SOClag3., Volt-
age_ EMA 0.1

Customized_Feature_11 0.000058 0.004704 0.999228 Terminal Voltage, Current,
Charge_Accumulation, SOC_lag_3 ,
Voltage_rolling_max_10, Termi-
nal_Voltage rolling_20

Customized_Feature_6 0.00006  0.004761 0.999204 Terminal Voltage, Cur-
rent, Surface Temperature,
Charge_Accumulation, Volt-
age. EMA 0.1

Ultra_Optimized 4_2 0.000094 0.004868 0.998746 Terminal Voltage, Current,

Another assessment was conducted with all new features.

Power Temp_Rate_{k} = T

Pt _ P(tfk)
_ T(t=k)

SOClag_1, SOClag_3, SOClag.5 .
Voltage . EMA 0.1

(4.2)

The results indicated that one, three, or five time steps, often yielded better results com-
pared to longer time steps. Therefore, a final feature set included six features: power over
temperature in one, three, five time steps (Eq. 4.3 with k=1, 3, 5), Current over three time
steps (refer to Table 4.2 with k=3), Terminal Voltage and Current. The features were as
follows: Power_Temp_Rate_1, Power_Temp_Rate_3, Power_Temp_Rate_5, Current_Rate_3,
Terminal Voltage, and Current.
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Table 4.4: Benchmark Result with suddent shift in SoC (£0.05,0.1,0.15,0.2) at different
temperature (0, 20, 40) and initial SoC values (1, 0.75, 0.5)

Feature Set MAE Compared Features
to Baseline (0.02)

Customized_Feature_9 0.0008 Terminal Voltage, Current,
Surface Temperature, Volt-
age_rolling_ max_10

Multi_Rate_Feature_2 0.0093 Current_Rate_3, Termi-
nal _Voltage Rate_3, SOC_Rate_3,
Temp_Rate

Ultra_Minimal _No_ST_2 0.0077 Terminal Voltage, Cur-
rent, Power_Rate_1, Termi-
nal_Voltage Rate_1

Ultra_Base No_ST_7 0.0056 Terminal Voltage, Current,
Terminal Voltage Rate_1, Cur-
rent_Rate_1, Power_Rate_1,
Temp_Rate

Feature_7_Plus_Power_Rates 0.009 Terminal Voltage, Current, Surface
Temperature, Voltage EMA 0.1,
Power_Rate_1, Power_Rate_3,

Power_Rate_5

After having all features, a benchmark was run with different SoC levels and a temper-
ature ranging from —20°C to 60°C again. The top 10 features were selected.

Finally, Terminal Voltage, Surface Temperature and Current were shifted to evaluate if
top 10 features could recover with all changes. The offset ranges for current were +0.5A,
+1.0A. The offsets for voltage were £0.05, +0.02, £0.1 V. And the temperature offsets
were £1.11, £2.77, £5.55, +£8.33°C. As a result, the differential feature set proposed
above ranked first for Surface Temperature and Terminal Voltage and ranked second for
Current shifts.

Although having low MAE and RMSE, the new prediction model was sensitive to
sudden increase in discharge current during dynamic driving cycle as shown as a green line
in Figure 4.3. To resolve the issue, in the final algorithm, ELM’s model was used to set
initial SoC for Coulomb counting and used Coulomb counting as a baseline to update SoC
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Terminal_voltage_rolling_3 is moving average with size of 3)

value.

The final SoC estimation value was ELM’s output if the differences between the model
and Coulomb counting results was 0.01. Otherwise, Coulomb counting was used. Imple-
menting Coulomb counting reduced the prediction error from 0.06 to 0.02 at the second

cursor as shown in Figure 4.3.

4.4 Implementation on BMS

The new algorithm was implemented on the BMS.

new ELM model with differential features.

Figure 4.5 presents the real-time values obtained in OpenECU. The results show clear
improvements over the previous algorithm based on SoC-OCV-T, as shown in Figure 4.6.
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Figure 4.3: Initial prediction starting at 0.75 SoC. SOC_NEW was SoC Prediction with
Coulomb Counting. SoC was the True SoC. SOC_Pred was SoC prediction from ELM
Model. Without Coulomb counting, SOC_Pred is sensitive to suddent current change.
SOC_NEW solved the issue.

Figure 4.4: ELM with Advanced Features Simulink Block

Furthermore, reducing the number of blocks would ease the deployment process when a
new fine-tuned model is added.
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Figure 4.6: Result from Simulation (Left) and BMS (Right)

4.5 Result and Discussion

Differential features worked well with noise and low temperature. Exponential filter was
also added to flat out the prediction value. The final results showed in Table 4.5 included
Gaussian noise. The new model performed better with noise. RMSE and MAE were 0.0113
and 0.0095 respectively at —20 °C indicating the model was robust at low temperature and
noise environment.
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Table 4.5: Comparison between new algorithms with and without noise starting at 75%
SoC

Noise Without Noise
Temperature RMSE MAE RMSE MAE
-20 0.0113 0.0095 0.0171 0.0161
20 0.0149 0.0134 0.0211 0.0201
60 0.0159 0.0151 0.0237 0.0229
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Chapter 5

Battery Disconnect Unit (BDU)

5.1 Introduction to BDU

The Battery Disconnect Unit (BDU) is an essential element associated with the battery
pack in electrified vehicles. It consists of three main components: busbar, contactor, and
fuse. In addition, thermistors and Hall sensors are included to monitor temperature and
current, respectively. To ensure reliability, the arrangement of components inside the BDU
must satisfy creepage and clearance requirements for both high-voltage and low-voltage.
The following sections will analyze materials used in BDU.

5.1.1 Material: copper vs aluminum

Copper has long been the material of choice in high-voltage Busbar due to its excellent
electrical conductivity and thermal properties. However, copper’s high density and cost
make it less ideal for lightweight designs.

Aluminum provides a lighter and more cost-effective alternative, but its electrical con-
ductivity is lower [5]. Aluminum may also deform under prolonged exposure to elevated
temperatures [18]. For BDUs with small size and high current demands, the weight savings
of aluminum must be balanced against its reduced conductivity. Therefore, copper busbars
are recommended for a compact design.

The use of different materials within the same design can lead to galvanic corrosion.
Dexter [20] proposed strategies to mitigate this effect. The best approach is to use the
same material throughout the design. If different materials are required, insulation should
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be added between them. In addition, anodic materials should not be used as fasteners for
cathodic materials. For example, copper busbars should not be combined with aluminum
fasteners.

5.1.2 Main Components

In addition to busbar, both passive and active protection components are required in BDU.
Active protection components include contactors and pyro fuses, while passive protection
components include conventional fuses. These components are described in the following
subsections.

Mechanical Contactors vs Solid-State Relays

Contactors and relays are classified as active components. Their primary function is to con-
nect or disconnect the high voltage battery during faults, service, or normal operation. In
addition to providing short switching times, contactors must withstand high current surge
during direct current (DC) fast charging, or during current spikes associated with accel-
eration. Selecting the appropriate contactor, whether mechanical or solid-state, requires a
careful evaluation of trade-offs to ensure robustness and safe operation.

Mechanical contactors operate by electromagnetic actuation and are widely used be-
cause of their low cost and high current ratings. The two common coil types are those with
an economizer coil and those without. In an economizer coil, a Pulse Width Modulation
(PWM) circuit is used to reduce energy loss in the closed state [23]. The PWM mechanism
reduces heat generation and energy consumption compared to the coil without economizer.
Table 5.1 presents a comparison among four types of mechanical contactors.

According to TDK’s whitepaper [05], electrical arcs are generated when a contactor
opens or closes. This phenomenon occurs because of ionized air formed in the presence
of a large electrical potential difference. Arcing can melt the contact points, resulting
in malfunction or a welded contactor. This disadvantage of mechanical contactors can
be mitigated by implementing arc suppression mechanisms. Another drawback of the
mechanical contactor is the relatively long response time (5-20 ms), which may not be
suitable for ultra-fast fault detection systems.

The solid-state relay (SSR) addresses many of the limitations of mechanical contactors.
The SSR contains no moving parts, provides rapid switching at the microsecond scale,
eliminates arc formation, and offers a longer service life compared to mechanical contactors.
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Table 5.1: Comparison Table Among Four Type of Mechanical Contactor

PWM - PWM — Two Coil Coil Without
Voltage Current Economizer
Feedback Feedback
Working Apply PWM Apply PWM  When switched Single coil
Principles voltage based voltage based ~ ON pickup coil energized
on calibration on current will activate continuously
table. sense. then transfer
to holding coil
Advantage Moderate Accuracy Less Accuracy  Less Accuracy
Accuracy
Cost Moderate High Low Low
Heat Lower than coil Lowest Lower than coil Highest
without without
economizer economizer

In high-voltage BDU applications, SSRs can eliminate issues associated with arcing

and mechanical wear. However, SSRs typically fail in a closed state [64], which poses a
safety risk unless a mechanical contactor is used in conjunction. Table 5.2 compares the
characteristics of mechanical contactors and solid-state relays. In the table, “H” indicates
high performance or an advantage, while “L” indicates low performance.

Table 5.2: Comparison Between Mechanical Contactor and Solid-State Relay
Solid-State Relays

Feature Mechanical Contactors

Light Weight

Cost

Rated Current
Fast Acting
Cooling Capability
Arc Quenching
Lifetime

wnll wnl= = == el
asjanifeuliianil quifasfjasi

SSR stands out in most categories except rated current and cooling capability. At the
time of writing this thesis, mechanical contactors were available with higher current ratings
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for DC fast charging, whereas most solid-state relays could handle only up to 200 A and
were generally more expensive, according to Digikey’s May 2025 catalogue.

Breaktor

Breaktor is a double poles single throw contactor from Eaton. Two Breaktors and two
relays can replace four contactors and one relay for precharge circuit. The configuration of
Breaktors simplify BDU configuration [15]. According to a paper from Eaton, a Breaktor
can replace pyro fuses because Breaktor has overload protection up to 25kA and switches
off at the threshold of approximately 1.7 kA (+/-20%).

Additionally, four contactors and one relays may require five High Side Drive pins
and one common ground; however, two Breaktors and two relays may require six high
side drive pins and two common ground and additional two high side drive pins signaling
open or closed state of the Breaktors. The comparison shows a tradeoff between compact
packaging, and number of /O pins required.

Table 5.3: Trade of Between I/O Pins and Components Required for BDU

Breaktor Contactor
Main 4 5
components
1/0O pins 10 6

In developing the BDU for the battery pack in the Battery Workforce Challenge (BWC),
Breaktor was selected due to its accessibility, straightforward wiring, and suitability for
battery’s current and voltage range.

Pyro Fuse

Pyro fuse is a normal fuse with pyro trigger mechanism [78]. This mechanism reduces
clearing time when the fuse is melted. Pyro fuse was found in Tesla’s design along with
contactors [31].

5.1.3 BDU Topologies: Series vs Parallel

This subsection explores different topologies for BDU.
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According to David Dong, BDU can be arranged in series or parallel configuration which
are illustrated in figure 5.1. In series topology, DC charger contactors are in series with the
main contactors [23]. On the other contrary, in parallel topology, the DC charger contactor
is connected directly to the battery. To optimize packaging size the main contactors,
precharge contactor and resistor can be replaced by a solid-state relay; however, at least
one mechanical contactor is required to be placed on the opposite terminal of the BDU to
accommodate the SSR’s issue that was mentioned above. A precharge circuit is included
in both topologies to avoid inrush current caused by DC link capacitor. This circuit also
avoids contactor welding during startup [60].

DC Charger Contactor +

o DC Fast
Charging
Precharge Relay Precharge Relay DC Charger Contactor +

AMA = AM -~ o
Yyyy DC Fast
-1 Precharge Precharge Charging
= L == L
i Main Contactor + i Main Contactor +
. .
T Inverter | Inverter

Main Contactor - Main Contactor -

Figure 5.1: BDU Topology: Parallel Configuration (left), Series Configuration (right)

5.2 Designing BDU

In this section, steps to design and build a BDU are presented. Voltage and current inputs
of the BDU are defined by the total number of cells and the pack configuration. Those
values should be determined first because they will affect component selection and busbar
design.

5.2.1 Determine Pack Configuration

Voltage and Capacity Requirements

Three important metrics to determine the total number of cells and pack configuration
are the requirements for the battery pack including maximum, minimum operating voltage

and battery capacity. For example, for the BWC project, the requirements were battery
pack capacity of 60 kW. The minimum voltage was 300 V, and maximum voltage was 450
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V. Additionally, it was needed to know the specification of one cell. The specifications of
the selected lithium-ion battery cell are given in the Table 5.4.

Table 5.4: Cell’s Specification

[tem Specification
Charging Voltage 4.2V
Nominal Voltage 3.63V
Discharge Cut-off 2.5V
Voltage

Discharge Capacity 4900 mAh

Determining Total Number of Cells

The battery pack was composed of 11 modules, and each module consisted of hundreds
of cells. In the module design, it was needed to determine how the cells were connected.
There were two main configurations: series-first, and parallel-first [3]. The parallel-first
configuration was preferred because it required fewer tap wires and was able to balance
weak cells. Figure 5.2 shows an example of parallel-first configuration.

P28

_I

_I

Figure 5.2: Example of Parallel First Configuration

Before deciding on the number of series and parallel cells, the constraints of the casing
and the weights needed to be studied. Then, the energy of the pack was determined by
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cell’s capacity. The equation for calculating pack’s energy and the process of selecting the
number of cells are presented in Figure 5.3.

Vce’;”,nmn 1 Qr‘f'ﬂ

Battery Cell pack total — LBH nom < QLBIE X (N x N, )
Specification
Mumer of Mumer of
Epm-k total [> [ series cells } D {parallel cells}
E; ke, [
Power
Requirement V Xﬂl’] ‘NI’
A E ek totat’ TotAl energy in a pack —
VRN Vielt niom: Nominal cell's voltage
£ AN Q..;y - Capacity of a cell

N,- Number of cells in series
N,,- Number of cells in Parallel
BaﬁevyStzeFactor{BSF) N, x N,

\ ’Spaoe
Requirement

Figure 5.3: Process and Equation for Determining Cell Configuration

When a combination of cells met the energy requirement, packaging constrains needed
to be checked as well. The cells would be verified through calculation and modeled in
SolidWorks. If the size of all cells combined exceeded the module or pack’s size, battery
size factor (BSF) or total number of cells needed to be reduced or the cells needed to be
rearranged.

In the design process, after evaluating all constraints, it was decided to have 11 modules
of 26P10S configuration. Table 5.5 details the specifications of the battery pack.

5.2.2 Precharge Circuit

As mentioned above, the precharge circuit prevents inrush current from the battery pack
to the DC-link capacitor or the filter capacitor in the inverter of traction motor. The main
components of precharge circuit are precharge resistor and relay.
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Table 5.5: Specification of Designed Battery Pack

Parameter Values
Number of Module 11 modules
Number of Series cells in module 10 cells
Number of Parallel cells in module 26 cells
Battery Size Factor 2860 cells
Configuration 11 x 26P10S
Usable Battery Energy 51.909 kWh
Pack Nominal Voltage 399.3 V
Pack Nominal Current (1C = 4.9A per cell) 1274 A
Total weight 197.34 kg

Energy density

263.04 Wh/kg

There are two requirements for precharge circuit: time for precharge and capacitance
of the DC-link capacitor. Time for precharge is a multiple of time constant 7, specified by
the product of capacitance of DC-link capacitor and resistance of precharge resistor. It is
often 37 for 95% fully charged capacitor or 57 for best practice.

The goal was to calculate the power and determine the resistance value for the precharge
resistor. The process for determining the resistance of the precharge resistor is based on

the Sensata white paper and shown in Figure 5.4 |

VPacI\ Nom
Cpc-—rLink

Requirement

+ Precharge Time o —
(t=57) " —

Figure 5.4: Calculation of Power for Precharge Resistor

As in box (1) of Figure 5.4, if a fixed capacitance value was given, then the resistor
value would be proportional to time (t) or time constant (7). The resistance value that
met the precharge time requirement of 37 in our case was 71 . The resistance value



could be reduced to 50 or 25 € to shorten the precharge time and reduce resistive heating;
however, lower resistance value increases the resistor’s rated power (3). In the design, a 25
Q2 resistor with high wattage rating was selected. Table 5.6 shows the power dissipated on
25 () resistor.

Table 5.6: Precharge Calculation Results
Result  Value
R 25 Q

Energy 59.79 J
Power 637.76 W

The power rating from calculations and resistor’s specification do not need to match
precisely. For example, if our resistor was 25 ) and the calculated power was 350 W, a 25
Q resistor with 50 W or 75 W rating could be selected. The reason is that some resistors
can handle short pulses of up to 25 times their rated power ( see figure Power Overload on
page 3 of [83]). However, it is recommended to discuss this with a vendor before finalizing
the selection.

After calculation, validation was performed on Simulink as shown in Figure 5.5 to verify
the effects of inrush current on our precharge circuit. Without precharge circuit, current
through the capacitor was found to be huge compared to 15 A with the precharge circuit.

it
l wvoltage )
current

o | —— AN
I~
close

PreCharge Resist
Precharge Contactor reCharge Resistor

L >

A I Ir -~ 1
Control swich
Positive Contactor

T HVBattery

—— \")
-
Control switch 2 = &
. . i
L J

Figure 5.5: Simulate Precharge Circuit on Simulink
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5.2.3 Fuse Selection

Fuse selection is an important aspect of BDU design. The procedure for calculating the
fuse specification is well documented, with examples, in Eaton application note [20].

5.2.4 Creepage & Clearance

BDU is a high voltage device that includes many components; therefore, it needs to follow
creepage and clearance requirements to operate safely.

In BDU, conductive materials should be kept away at a certain distance to avoid arc and
short circuits as well as carbon build-up, all of which can create unwanted conductive paths.
According to the IEC60664-1 standard, clearance is the shortest distance in air between
two conductive parts; creepage is also the shortest distance between two conductive parts,
but along the surface of a solid insulating material as shown in Figure 5.6.

Clearance

Clearance

Creepage

Figure 5.6: Visualization Creepage and Clearance

The process of determining creepage and clearance is illustrated in the flow chart of
Figure 5.7, following the instructions from Texas Instrument’s Design Seminar note in [35].

To begin, the pollution degree, nominal pack voltage, overvoltage category, and material
group were defined. The pollution degree was set to 3, the highest relevant for creepage
distance determination. The overvoltage category was set to III, and the material group to
I1. According to Table F.4 of IEC 60664-1, the minimum creepage distance is 5.6 mm. For
clearance, the rated impulse voltage is taken from Table F.1. Since 400 V is not listed, 600
V with overvoltage category III was selected, corresponding to 6.0 kV. From Table F.2,
the minimum clearance distance is 5.5 mm for an inhomogeneous field. Minimum creepage
and clearance distance are shown in table 5.7.
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Figure 5.7: Simplified Flow to Determine Creepage and Clearance

Table 5.7: Parameter for Creepage and Clearance Distances

Parameters Value
Pollution Degree 3
Material Group IT
Working Voltage 400 V
Overvoltage Category III
Creepage > 5.6 mm
Clearance > 5.5 mm

5.3 Integration

5.3.1 Physical Integration

The BDU was designed to be near the high voltage outlet of the battery pack. The size of
the battery was optimized so that it could fit inside the battery tray with other components.
The actual location is not discussed in this thesis.

In the current design, the BDU was mounted in 3D-printed casing. Because the Break-
tors were heavy, the design needed to be more secure and robust to withstand the vibration

conditions of electric vehicles.

For serviceability, fuses were connected directly to the busbar. Additionally, low-voltage
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(LV) and high-voltage (HV) cables were separated to minimize electromagnetic interfer-
ence. LV wiring was routed at the back of the BDU and HV wiring was routed in the
front.

5.3.2 Electrical Integration

The high voltage schematic for the designed BDU is shown in figure 5.8.

]
|

Pack Positive Term Q Fast Charge Positive Term
Pack Negative Term o= 0O {Fast Charge Negative Term|
1. Precharge Resistor
v, @ Motors + 2. Precharge Contactor Positive
Motor - 3. Main Breaktor
4. Fast Charge Breaktor
Y < 5. Precharge Contactor Negative
s HV + 6. Main Fuse
7. Auxiliary Fuse
8. Hall Sensor
9. Current Shunt
10. Thermistor

Figure 5.8: High Voltage Schematic for BDU

For low voltage, high side drive pins were used to control the relays, and analog pin to
read values from (8) Hall sensor, (9) current shunt, and (10) thermistors.

5.3.3 Design Challenge and Solutions

This BDU design was designed for Battery Workforce Challenge (BWC) competition, in
which, short design time and lack of adequate resources were significant challenges. To
address these issues, cardboard prototypes were used along with SolidWorks modeling.
The interleaving process allowed to produce six iterations in a short period of time. The
research and development steps are shown in Figure 5.9.

The HV schematic was drawn first. Components were then selected based on the
working voltage, current, and the capability of the BMS (e.g., number of I/O pins). In
Step 4 of Figure 5.9, mockup parts were used to determine the optimal placement of each
component. In this step, the exact dimension was not used. After having a clear layout,
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Figure 5.9: Development Workflow for BDU

prototypes were built using actual components or cardboard with 1:1 scale that matched
the final design. Once the configuration met the requirements, a model was created in

SolidWorks.

Figure 5.10 shows the iterations completed during the design process.

5.4 Validation

A continuity test was performed to ensure there was no short circuit between low-voltage
and high-voltage wires. The creepage and clearance distances among components were
measured and validated. Additional resistance among different components were docu-
mented. After these preliminary checks, both Breaktors were closed for DC fast charging
(DCFC) testing. A current of 300 A was applied to the DCFC busbar for a specific dura-
tion. Temperatures at various locations were monitored using thermistors. The locations
of thermistors and the corresponding results were presented in Figure 5.11.

The data showed that temperatures near the DCFC terminals were lower compared
to the battery terminals, likely due to the difference in busbar size. In Figure 5.11 near
point (1), the busbar was narrowed to fit a Hall sensor; near point (2), it was bent to fit a
current sensor. Overall, thermistors’ readings stayed below 33 °C for both Breaktors. The
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Timeline

March 10 Prototype is built with cardboard and

tape. Size of busbar is not scaled as
designed size.

Prototype is built with cardboard and
hot glue. Components that are not
available (1,2,3) busbar (5) and casing
(4) are built with cardboard as well

O March 13rd

O March 14th

3D model is built on the same day to
verify if creepage and clearance
meet the requirements

Q March 16th

4] \\ . April st
Figure 5.10: BDU Design Timeline With Different Iterations
precharge circuit temperature remained constant since the current did not run through it.

Thermistors’ temperatures are shown in Figure 5.12.

It was noticed that the temperature of non-economizer relays was significantly higher
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Figure 5.11: Locations of Thermistors and Flow of Current
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Figure 5.12: Temperature at Different Locations During Testing

compared to the rest of the system as shown in Figure 5.13. These relays were used to cut
off voltage from the power supply to the Breaktors to prevent energy leakage.
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Figure 5.13: Elevated Temperature of Relay without Economizer in the BDU

5.5 Result and Discussion

The BDU met most of the creepage and clearance requirements and passed the DC fast
charging test with an average temperature below 33°C. The design and building process
took less than 2 months, showing the effectiveness of the simple building process mentioned
above. The key was to build physical prototypes in parallel with modeling. This process
is also used in designing Formula 1 cars [89]. The documentation of building this BDU
made a streamlined process for other researchers or engineers to improve the current state
of BDU design and manufacturing.

Although the BDU has passed preliminary and DC fast charging tests, improvements
was needed for long-term reliability. Thermal interface material (TIM) can be added to
reduce heat [39]. As previously discussed, aluminum busbar can be replaced with copper
to improve conductivity and avoid galvanic corrosion. Additionally, non-economizer relays
need to be swapped with economizer types to reduce heat generated.
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Chapter 6

Conclusion

In this thesis, State of Charge, Battery Disconnect Unit, and Hardware-in-the-Loop for
battery pack development in electric vehicles were presented. State of Charge (SoC) pre-
diction, achieved using both a machine learning approach based on the Extreme Learning
Machine (ELM) and a SoC-OCV-T lookup table. Furthermore, differential features im-
proved the SoC prediction in noisy environment and under low-temperature conditions. As
a result, the RMSE and MAE were reduced to the low levels of 0.0113 and 0.0095 respec-
tively. Hardware-in-the-loop (HIL) test bench, developed to validate algorithms such as
SoC estimation and to verify the functionality of sensors, Controller Area Network (CAN)
messages, and cell monitoring within the Battery Management System (BMS). Battery
Disconnect Unit (BDU), designed to control the connection between the high-voltage bat-
tery and the load.

For SoC estimation, the procedure for data cycling and the implementation of an adap-
tive Coulomb counting algorithm, which integrated both the machine learning method and
the SoC-OCV-T lookup table, were detailed. The algorithm was implemented in Simulink
and achieved a maximum absolute error ranging from 0.011 to 0.030. Its deployment on a
rapid-prototype BMS (M450) was also outlined.

Differential features such as d(V * I)/dT computed over a time window significantly
improved the SoC prediction under noisy and extreme temperature conditions. At —20°C,
RMSE and MAE were 0.0113 and 0.0095, respectively.

The hardware-in-the-loop test bench was constructed using low-voltage components
with a user-centric approach. This design enables rapid modification and expansion for
future testing requirements.
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In the BDU section, the design process for the Battery Disconnect Unit was presented,
beginning with the determination of cell count. The selection of materials and components
was discussed, and the risk of galvanic corrosion was highlighted when different materials
were used within a single prototype. A schematic for constructing a BDU was provided,
along with a simplified chart for determining the minimum distance required for creepage
and clearance.

The methodologies and results presented in this thesis are intended to assist the Bat-
tery Workforce Challenge team and other researchers in starting battery development and
in gaining a fundamental understanding of SoC estimation algorithm design, hardware
validation, and BDU construction.

Future Work Current SoC prediction has limitations, only evaluated on an actual cell
instead of its virtual digital twin. To validate on a real cell, a dump load can be setup to
draw current from the cell. As shown in Figure 3.8, cell supervision circuit (ADBMS6830B
evaluation board) has 16 channels. Therefore, it can measure up to 16 parallel blocks in a
battery module. Besides, general purpose input output pins (GPIOs) from ADBMS6830B
evaluation board can be used to monitor temperatures of cell blocks.

To expand to module and pack level, the simplest method is to scale up the ELM model
blocks. According to Table 5.5, 110 ELM model blocks will be needed for a proposed
battery pack. Since parameters for ELM models are saved as constant in C++, code

space’s size will not be affected. However, inferring 110 models in real time will greatly
affect the CPU and RAM.

For the battery disconnect unit, the busbar material should be changed to avoid galvanic
corrosion. BDU contains fuses that may need to be replaced; therefore, serviceable should
be one of the main targets when designing a BDU.

Further research should address the implementation of these algorithms at module
and pack levels, long-term reliability testing of BDU components, and the integration of
additional machine learning techniques to improve SoC and state of health (SoH) predic-
tion. Improvements in hardware-in-the-loop platforms and advanced diagnostic methods
for battery systems are also important areas for continued study.
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Glossary

Busbar A metallic strip used as conductor in high-voltage application. 45

FMU Functional mockup unit or FMU is a black box model. In our case FMU represent
digital twin of the cell being tested. The FMU is provided by AVL and Batemo via
Battery Workforce Challenge. 21, 28

High Side Drive A switch in which one terminal is connected to the voltage source and
the other terminal is connected to its load. In contrast, Low Side Drive is a switch
with one terminal connected to the load and other terminal connects to ground [76].

48

LA92 The LA-92 is for Class 3 Heavy-Duty vehicles that are subject to Tier 3 standards
[90]. 26, 32

US06 The US06 is a high acceleration aggressive driving schedule [90]. 19
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