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Executive Summary

Modern electric vehicles depend on battery packs containing hundreds of lithium-ion cells that
must work in precise coordination. When individual cells charge and discharge at different
rates—a condition called cell imbalance—the pack loses usable energy, degrades faster, and risks
dangerous overheating. To address this, the research team investigated Battery Management
Systems (BMS) that utilize "active cell balancing," a process that physically redistributes energy
between cells rather than wasting excess charge as heat. This study aims to provide automotive
engineers and EV manufacturers with a technical framework for selecting balancing systems that
maximize battery life and safety. As California accelerates toward its zero-emission vehicle
mandates and federal investment in EV infrastructure expands across the United States,
optimizing battery management systems has become a critical engineering and transportation
policy priority with direct implications for grid resilience, vehicle reliability, and public confidence
in electrified transportation.

The research team systematically analyzed the core engineering challenges of BMS design,
specifically the trade-offs between circuit complexity, performance, and cost. Using detailed
simulations, the team compared three primary topologies in terms of the electrical system layout
of the electronic components. These included switched-capacitor designs, inductor-based
systems, and Dual Active Bridge (DAB) converter architectures.

The findings reveal that while switched-capacitor designs are cost-effective, they transfer energy
too slowly for high-performance packs. In contrast, the research team identified the DAB
converter as the superior solution for demanding applications; it enables bidirectional energy
flow and galvanic isolation which is a critical safety barrier while achieving energy transfer
efficiencies exceeding 90%.

The study concludes that because no single topology is universally optimal, engineers must weigh
specific performance targets against system complexity. These results offer practical selection
guidance for the next generation of electric vehicle development, emphasizing that successful
BMS implementation requires integrated innovation at both circuit and control algorithm levels.
In parallel with the simulation work, the research team has initiated an empirical battery testing
program. Cell preconditioning and baseline characterization are complete, and self-discharge
screening of NiMH cells has successfully identified degraded cells for constructing intentionally
imbalanced modules. Self-discharge and impedance testing of Li-ion cells is currently ongoing.
Active balancing trials comparing all three topologies under hardware conditions are the
immediate next step; full results will be reported in future work. These hardware findings will
provide empirical validation of the simulation results summarized above.



1. Introduction

The global transition toward sustainable energy has positioned lithium-ion (Li-ion) batteries as
the cornerstone of modern electrification. From the high-torque requirements of electric vehicles
(EVs) to the massive scale of battery energy storage systems (BESS), the demand for high-density
energy storage is unprecedented (IEA 2024). However, as battery packs grow in size and
complexity, often comprising hundreds or thousands of individual cells, maintaining pack health
and operational safety becomes a significant engineering challenge (Attia et al. 2025). In a
series-connected battery string, the total performance is strictly limited by the "weakest" cell.
According to Hein et al. (2023), factors such as manufacturing tolerances, uneven thermal
distribution, and chemical aging lead to inherent variations in cell capacity and internal
resistance. Without intervention, these discrepancies result in "cell unbalance," where individual
cells reach their voltage limits prematurely, leaving the rest of the pack underutilized and
potentially leading to hazardous conditions such as thermal runaway (Feng et al. 2020).

These challenges are acutely relevant to California and the United States as whole, where
electrification targets and the scale of EV deployment make battery management system
performance a transportation policy priority, not merely an engineering concern. California’s
Advanced Clean Cars Il regulation mandates that all new passenger vehicles sold in the state be
zero-emission by 2035 (Pickett 2024), and federal investment through the Bipartisan
Infrastructure Law has committed over $7.5 billion to nationwide EV charging infrastructure,
requiring comprehensive grid deployment planning (Bennett 2024; Wood et al. 2023). At the
same time, the California Energy Commission and the California Air Resources Board have
identified battery degradation and range anxiety as primary barriers to consumer adoption of
EVs among lower-income and rural populations—communities that are disproportionately
represented in the Central Valley regions served by the Fresno State Transportation Institute,
which sponsors this research.

As EV penetration increases across California’s diverse driving environments—from the
high-temperature conditions of the San Joaquin Valley to the high-altitude cold of the Sierra
Nevada—the cell imbalance mechanisms described above are intensified: thermal extremes
accelerate differential aging, widen cell-to-cell resistance gradients, and increase the frequency
and severity of balancing demands. Advancing BMS active balancing technology is therefore
directly relevant to California’s transportation electrification goals, to the reliability of the state’s
growing EV fleet, and to the federal objective of building a resilient, domestically managed
electric vehicle supply chain. This report’s findings on topology selection and control algorithm
design are intended to provide actionable technical guidance for engineers, procurement
agencies, and policymakers operating within this California and U.S. context.



To mitigate these issues, the battery management system (BMS) must employ equalization
strategies. While traditional passive balancing methods are prevalent due to their low cost, they
dissipate excess energy as heat through shunt resistors. This increases thermal management
requirements and reduces overall system efficiency (Ashraf, Ali, and Sunjury 2025).
Consequently, there has been a paradigm shift toward active cell balancing, which utilizes energy-
shunting mechanisms to redistribute charge between cells rather than wasting it (Safari et al.
2025).

Active balancing is primarily achieved through sophisticated power electronics topologies,
including inductive, capacitive, and power converter-based architectures. As detailed in the latest
comprehensive review by Ashraf, Ali, and Sunjury (2025), the selection of an equalization circuit
is now a multi-objective optimization problem that must balance hardware complexity, weight,
and energy recovery efficiency. Furthermore, modern trends are moving beyond static circuit
design toward "intelligent" balancing, where machine learning and Digital Twin technologies are
used to manage the non-linear switching stresses of these power electronics systems (Njoku et
al. 2025; Bai et al. 2024). The evolution of cell balancing has progressed from simple resistive
dissipation to complex high frequency switching converters.

This section reviews the literature regarding the three primary power electronics categories used
in active balancing: Capacitor-Based Topologies, Inductor-Based Topologies, and DC-to-DC
Converter Topologies (Li et al. 2025; Zhao et al. 2023).

The remainder of this report is structured as follows. Section 1 (this section) surveys the three
principal power electronics topologies employed in active cell balancing—capacitor-based,
inductor-based, and DC-to-DC converter-based—with the goal of identifying the engineering
trade-offs that motivate the selection criteria examined later in the report. This critical survey of
the literature directly motivates Section 2, which moves from taxonomy to performance analysis:
building on the trade-offs identified in the review, Section 2 quantifies balancing speed, energy
efficiency, and control complexity for each topology under dynamic conditions representative of
real-world EV drive cycles using high-fidelity MATLAB/Simulink simulations. The simulation
findings, in turn, establish specific performance hypotheses—for instance, that DAB
converter-based balancing achieves superior state-of-charge convergence rates and efficiency at
the cost of greater control complexity—that are then subjected to empirical validation in
Section 3. Section 3 describes the authors’ ongoing hardware testing program, including cell
preconditioning, self-discharge screening, impedance characterization, and module-level cycling
trials. Although the full empirical dataset is still being collected, the preliminary results presented
confirm cell-to-cell consistency in the preconditioned population and establish the experimental
baseline against which the topology-by-topology comparisons from Section 2 will be validated.
Section 4 summarizes the findings across all three stages and provides practical selection



guidance for automotive engineers and EV system designers, with particular attention to
California and U.S. deployment contexts.

1.1 Capacitor-Based Topologies

Ye and Cheng (2016) focused on Switched-Capacitor (SC) circuits, which act as a bridge to move
electricity between cells. In this design, a capacitor is used to move small amounts of charge by
flipping back and forth between a cell with a higher voltage and one with a lower voltage using
electronic switches. The challenge of maintaining a healthy battery pack begins with the reality
that no two cells are perfectly identical. Minor variations in internal resistance and aging cause
some cells to charge or discharge faster than their neighbors, which is critical because a
series-connected pack is only as strong as its weakest cell. To solve this, researchers use active
balancing circuits to physically relocate energy from the strongest cells to the weakest ones,
ensuring the entire system reaches its full potential (Li et al. 2025; Zhao et al. 2023).

One common method for this transfer is the switched capacitor approach, which functions like
an automated "bucket brigade." A capacitor acts as an intermediate medium that picks up charge
from a high-voltage cell and drops it off at a lower-voltage cell. This technique is highly valued in
industry because it is relatively inexpensive and avoids the complex sensors or heavy magnetic
components required by other balancing systems (Li et al. 2025; Zhao et al. 2023).

The most fundamental version of this technology is the Fixed Switched Capacitor (FSC) (Ye and
Cheng 2016). This system relies on a basic "on—off" timing signal to flip switches at a constant
rate. While simple to implement, it faces a physical limitation: as cells reach a balanced state, the
voltage difference—and thus the electrical "pressure"—disappears. This causes the flow of
electricity to drop off sharply, making the FSC method increasingly slow and inefficient for the
large battery systems used in modern electric vehicles (Li et al. 2025; Zhao et al. 2023).

To overcome these hurdles, researchers developed the Resonant Switched Capacitor (RSC)
topology (Li et al. 2025; Zhao et al. 2023). By adding a small inductor to the circuit, they create a
resonant tank that allows for a technique called Zero-Current Switching (ZCS) (Erickson &
Maksimovic 2001). This allows the transistors to turn on and off exactly when the current hits
zero. By switching at these precise moments, the RSC model minimizes energy loss, generates
significantly less heat, and reduces the electrical noise that can disrupt sensitive electronics
during the balancing process (Li et al. 2025; Zhao et al. 2023).

1.2 Inductor-Based Topologies

Inductor-based balancing represents a significant step forward in power electronics complexity.
Unlike capacitor-based systems that rely on voltage differences to move charge, inductors use
magnetic fields to "force" energy transfer. This capability allows them to "step up" or "step down"
voltage, making them much more effective at moving energy across large battery strings.
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Inductive balancing systems are generally categorized by the number of magnetic components
used to manage energy. The simplest version is the single-inductor system, favored for its low
cost and small physical footprint. In this setup, one inductor is responsible for transferring charge
across the entire battery string. While this reduces hardware complexity, it is often too slow for
modern electric vehicles because the inductor must handle cells sequentially, significantly
extending the time needed to reach equilibrium (Li et al. 2025; Zhao et al. 2023).

To solve these speed bottlenecks, multi-inductor systems utilize several components to enable
parallel balancing. This allows multiple cell pairs to exchange energy simultaneously, making the
process much faster and more suitable for large-scale applications (Song, Hredzak, and Fletcher
2025). However, this performance boost requires more circuit board space and increases the
overall cost of the BMS. More advanced inductive balancers use transformers instead of simple
inductors. The two most common types are flyback and forward converters, which are especially
important for high-voltage systems, such as the 800V architectures used in high-performance EVs
(Ashraf, Ali, and Sunjury 2025; Deshmukh et al. 2024).

A key advantage of using transformers is galvanic isolation. This safety feature creates a physical
and electrical barrier between the individual battery cells and the rest of the balancing system. If
a fault or short circuit occurs in one cell, the isolation prevents that high voltage from spreading
through the entire system and causing a catastrophic failure (Ashraf, Ali, and Sunjury 2025).
However, while transformer-based designs currently deliver the fastest "cell-to-pack" balancing
speeds, they are subject to clear efficiency trade-offs. As noted by Ashraf, Ali and Sunjury (2025),
a portion of the transferred energy is inevitably dissipated as waste heat due to magnetic core
losses. These losses occur as the magnetic field inside the transformer core continuously
alternates during high-frequency operation, introducing an upper limit to the system's net
efficiency.

1.3 DC-to-DC Converter-Based Topologies

The most versatile category of active balancing involves specialized DC-to-DC converter
architectures, such as buck-boost, cuk, and septic converters, which function as intelligent power
adjusters to precisely regulate electricity flow between different sections of a battery system.
Unlike simpler balancing circuits, these topologies, specifically bi-directional buck-boost
converters and modular multi-level converters (MMCs), provide granular control over voltage
and current, resulting in high operational efficiency (Li et al. 2025; Zhao et al. 2023). Among these,
the bi-directional buck-boost converter is currently the most widely cited and utilized topology
in active balancing research due to its versatile dual-path energy transfer capability. This
bi-directional functionality enables "cell-to-pack" (C2P) balancing, where excess energy is taken
from a high-voltage cell and redistributed to the rest of the string, as well as "pack-to-cell" (P2C)
balancing, which draws energy from the entire pack to "top up" a lagging cell. By strategically



moving energy exactly where it is required, these converters prevent individual cells from being
overstressed, which significantly extends the overall lifespan of the battery pack (Li et al. 2025).

Beyond individual cell management, recent literature suggests that modular multi-level
converters (MMCs) represent the future of grid-scale storage systems. These advanced
architectures integrate the balancing function directly into the power conversion stage of the
inverter, effectively merging the battery management and power delivery processes. By doing
so, MMCs can eliminate the need for separate, dedicated balancing hardware, thereby reducing
the overall footprint and complexity of large-scale energy storage installations. This integration
of balancing and conversion stages is increasingly viewed as a critical step toward more efficient
and reliable high-voltage battery management in industrial plants and electric utility
infrastructure (Ashraf, Ali, and Sunjury 2025).

1.4 The Present Study

In this study, a comprehensive performance analysis of active cell balancing architectures was
conducted to evaluate the operational efficacy of various automated topologies. While extant
literature frequently characterizes balancing performance under steady-state or equilibrium
conditions, this analysis subjects capacitive and converter-based architectures to dynamic,
high-fidelity electric vehicle (EV) drive cycles. These simulated environments replicate the
non-linear current demands and rapid state-of-charge (SoC) fluctuations inherent in real-world
automotive applications.

Notably, this study focuses specifically on the trade-offs between low-cost capacitive "shuttling"
and high-performance converter-based "regulation." While capacitive balancing systems are
historically significant, they are often omitted in favor of converter-based architectures in
modern research due to the superior controllability and bidirectional efficiency of converters.

By quantifying the critical trade-offs between equalization latency (balancing speed), energy
recovery efficiency, and computational overhead, this work establishes a rigorous performance
benchmark for next-generation automated energy management systems. The findings serve to
identify the optimal hardware-software configurations required to mitigate cell-to-cell variance
in high-capacity lithium-ion battery packs.



2. Active Cell Balancing Methods

Active cell balancing encompasses a range of circuit-based approaches, each utilizing distinct
components and mechanisms to redistribute energy across a battery pack. This chapter examines
three primary topologies—capacitor-based, inductor-based, and DC-to-DC converter-based
systems—analyzing their operational principles, performance strengths, and the inherent
trade-offs regarding balancing speed, efficiency, and hardware complexity. Understanding these
distinctions is essential for selecting the most appropriate balancing architecture for a specific
application.

2.1 Capacitor-Based Cell Balancing

The fundamental structure of the ladder-based switched-capacitor balancer features
series-connected battery cells (B1 through Ba) and "flying" capacitors (C1 through Cs) as presented
in Figure 1.

Figure 1. Capacitive-Based Cell Balancing Scheme
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This topology is well known for its autonomous nature (Ye and Cheng 2016), as it does not

c1

inherently require a centralized processor to determine which cell requires balancing. Instead,
the hardware relies on high-frequency switching to move charge from areas of high potential to
areas of low potential.

The system operates via synchronized pulse width modulation (PWM) signals controlling
half-bridge MOSFET (Metal-Oxide—Semiconductor Field-Effect Transistor) pairs (Erickson and
Maksimovic 2001), denoted in the schematics as Sn1 and Sn2 (n:1~4). These switches are toggled
at a fixed high frequency to alternate the connection of the flying capacitors across the battery
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string. The simplicity of this control logic makes it an attractive candidate for cost-sensitive
applications where extreme balancing speed is not the primary requirement.

The balancing mechanism follows a specific two-phase "shuttle" logic during operation. In the
first phase, known as charge acquisition, the top switches turn ON to connect the flying capacitor
in parallel with a specific cell, allowing it to harvest excess charge. In the subsequent phase, the
PWM signal reverses to turn ON the bottom switches, shifting the capacitor in parallel with the
adjacent lower-potential cell to discharge that stored energy.

The ladder-type switched-capacitor architecture offers a distinct set of operational trade-offs
that makes it suitable for specific battery management applications while limiting its
effectiveness in others. One of the primary advantages of this method is its high energy efficiency
compared to traditional passive balancing (Li et al. 2025; Zhao et al. 2023). Rather than dissipating
excess energy as heat through resistors, the SC method redistributes charge dynamically from
high-voltage cells to low-voltage cells, preserving the total energy within the pack. This process
is supported by relatively simple control logic; the system utilizes fixed PWM signals for
half-bridge pairs, effectively eliminating the requirement for high-resolution sensing or
sophisticated micro-processing units.

Furthermore, the architecture benefits from low voltage stress on its internal components.
Because capacitors and MOSFET switches are connected across adjacent cells, they only need to
be rated for the voltage of a single cell plus a standard safety margin, which can simplify the bill
of materials for lower-voltage strings. This leads to a largely autonomous operation, where
balancing occurs naturally as long as a voltage differential exists between neighbors. This "self-
regulating" behavior is governed by the circuit's inherent exponential charge transfer
characteristics.

However, these benefits are countered by several significant disadvantages that impact
performance in high-capacity electric vehicle (EV) packs. The most prominent issue is the slow
equalization speed caused by the sequential nature of the ladder architecture (Li et al. 2025; Zhao
et al. 2023). Energy must "hop" from one cell to the next in a bucket-brigade fashion;
consequently, moving charge from the first cell to the last in a large-scale pack requires
considerable time, which may be insufficient during rapid dynamic driving cycles.

This latency is compounded by the current reduction at equilibrium. For example, as cell voltages
Vg1 and Vs for cell B1 and B2, respectively, in Figure 1 converge and the potential difference
between Vg1 and Vs, nears zero, the balancing current decreases exponentially, making it
technically difficult to reach absolute equilibrium in a time-efficient manner. Finally, the
hardware footprint is a concern for compact BMS designs. For a string of N cells, the system
requires 2N switches and N - 1 capacitors, a high component count that increases both the



physical volume and the overall cost of the battery management hardware (Li et al. 2025; Zhao
et al. 2023).

2.2 Inductor-Based Cell Balancing

The core of this system shown in Figure 2: a single inductor L is shared between two cells (B1 and
B,) with two MOSFET switches (S; and S»).

Figure 2. Inductor-Based Cell Balancing
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The operational cycle of an inductive balancing system begins with the charge phase, where

energy is stored within the magnetic field of the component. Assuming the voltage of cell B; is
greater than B;, the control logic turns switch S1 on while keeping S; off. During this interval,
current flows directly from the higher-voltage cell B1 through the inductor, causing the inductor
current to increase linearly as it builds a magnetic charge.

Once sufficient energy is stored, the system enters the discharge phase. In this step, S1 is turned
off and S, is turned on, or its anti-parallel diode begins to conduct. This change in state forces the
inductor to release its stored magnetic energy as current into the lower-voltage cell B,, effectively
completing the transfer of charge from the stronger cell to the weaker one. When extending this
principle to a multiple-cell balancing architecture, the system utilizes a ladder inductive structure
that mirrors the modular design of switched-capacitor versions as seen in Figure 3 (Ashraf, Ali,
and Sunjury 2025).



Figure 3. Inductor-Based Multiple-Cell Balancing (Ashraf, Ali, and Sunjury 2025)
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To manage multiple cells simultaneously, the architecture employs interleaved control, using
synchronized pulses to move charge across multiple cell gaps at once. Unlike the exponential
current curves seen in capacitive systems, the current in an inductive ladder consists of triangular
ramps that rise during the charging phase and fall during discharge. The timing and logic for these
synchronized pulses are critical to the system's efficiency. Specifically, the implementation of
"dead time"—a brief period where both switches in a pair are turned off—is mandatory to
prevent "shoot-through" conditions, where two battery cells are accidentally shorted together.

More advanced active architectures utilize transformers to achieve the galvanic isolation critical
for high-voltage (800V) electric vehicle systems (Li et al. 2025; Zhao et al. 2023). This isolation
establishes a vital safety barrier, preventing localized cell faults from propagating through the
wider balancing system. However, these magnetic designs introduce core losses that dissipate
energy as heat. Compared to capacitive methods, inductive topologies provide significantly
higher equalization speeds and sustain constant balancing currents even at minimal cell-voltage
differentials, though they introduce penalties in volumetric bulk and electromagnetic
interference (EMI).

Managing these inductive and transformer-based networks requires complex, multi-phase
switching strategies. For multi-cell architectures, synchronized pulse-width modulation (PWM)
drives simultaneous charge distribution across non-adjacent cells. To mitigate the severe risk of
cell short-circuits during these high-speed transitions, the control framework must implement
precise dead-time allocation to prevent shoot-through currents (Ashraf, Ali, and Sunjury 2025).
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2.3 DC-to-DC- Converter-Based Cell Balancing

The Dual Active Bridge (DAB) DC-to-DC converter has emerged as a premier candidate for active
balancing topologies in high-capacity energy storage systems (Li et al. 2025; Zhao et al. 2023). Its
prominence in recent literature is primarily attributed to its native support for bidirectional
power flow, the inherent safety provided by galvanic isolation, and its capacity for high-precision
controllability. Unlike capacitive "shuttle" methods that rely on natural potential gradients, the
DAB system operates as an active regulator that can forcibly move energy between domains
regardless of the voltage difference. This report evaluates a DAB-based balancing system
designed for a series-connected four-cell lithium-ion battery pack, focusing on the architectural
nuances and control logic that define its performance.

Figure 4. Dual Active Bridge (DAB) DC—to— DC converter
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The structural foundation of the DAB converter consists of two full-bridge MOSFET networks
linked by a high-frequency transformer and a series leakage inductor, as shown in Figure 4. The
primary side is interfaced with the source cell or pack, while the secondary side is connected to
the target load or recipient cell string. During circuit operation, the MOSFETs on each bridge are
driven by square-wave signals, typically at a 50% duty cycle, to convert the DC battery voltage
into a high-frequency AC signal. This AC signal is coupled through the transformer, providing an
isolated path for charge redistribution. The transformer’s turns ratio (ni:n;) allows the BMS to
match differing voltage levels across the pack, which is critical when performing cell-to-pack or
pack-to-cell transfers.

The operating principle relies on phase-shift modulation (Muhammetoglu and Jamil 2024) to
dictate the magnitude and direction of the balancing current. By shifting the phase angle, {,
between the primary and secondary square waves, the BMS controls the voltage drop across the
series inductor, which in turn defines the current waveform. When the primary bridge leads to
the secondary, energy flows toward the target; conversely, a lagging phase reverses the flow.
The resulting current and voltage waveforms are characterized by trapezoidal or triangular
profiles depending on the specific modulation depth. This phase control ensures that the
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balancing current remains constant and regulated, effectively bypassing the "current decay"
issue seen in switched-capacitor systems as they approach equilibrium.

From a control standpoint, the balancing logic is managed by a centralized processor that
monitors individual cell voltages and determines the optimal energy redistribution path. The
control algorithm utilizes the phase shift as the primary control variable to maintain high
efficiency and thermal stability. In advanced implementations, the BMS might employ Triple-
Phase-Shift (TPS) control (Muhammetoglu and Jamil 2024) to optimize the internal duty cycles of
the bridges, ensuring that the MOSFETs operate under zero-voltage switching (ZVS) conditions
(Li et al. 2025). This sophisticated balancing logic allows the four-cell pack to reach a State of
Charge (SoC) uniformity rapidly, minimizing the I°R losses related to resistors and maximizing the
lifespan of the electrochemical cells through precise, software-defined energy regulation.

Power Stage Components

The architectural core of the DAB converter is defined by two symmetrical full-bridge (H-bridge)
converters, which facilitate bidirectional energy transfer through a multi-stage power conversion
process. As illustrated in the system schematic of Figure 4, the primary side bridge is responsible
for inverting the input DC voltage, V1 into a high-frequency AC signal, while the secondary side
bridge performs the synchronous rectification of this AC signal back into the output DC voltage,
V. This switching action is executed by eight N-channel Metal-Oxide-Semiconductor Field-Effect
Transistors (MOSFETs), denoted as Qi through Qg, which are preferred over insulated-gate
bipolar transistors (IGBTs) in modern battery management systems due to their superior
switching speeds and significantly lower switching losses during high-frequency operation
(Pascual and Krein 1997).

Central to the converter's performance and safety is the high-frequency transformer, which
provides essential galvanic isolation while utilizing its turns ratio (ni:nz) to match voltage levels
between different cells or segments of the battery pack. The actual mechanism of energy transfer
is mediated by the series inductor (L), which often incorporates the transformer's inherent
leakage inductance. This inductor serves as the critical energy storage element, where the
magnitude of power transferred is regulated by the phase shift between the two H-bridges. To
ensure the quality of the redistributed energy, an output filter capacitor (C) is integrated to
smooth high-frequency ripples, thereby maintaining a stable and steady voltage across the load
or the recipient battery cell.

Control Mechanism

The DAB converter achieves precise voltage regulation and efficient charge distribution through
a closed-loop feedback strategy. The process begins with continuous measurement of the output
voltage V,, which is fed back to a summing point and compared against a pre-defined reference
voltage, Vrer. This comparison generates an error signal processed by a proportional—integral (Pl)
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controller (Muhammetoglu and Jamil 2024). The PI controller calculates the exact phase-shift
angle | needed to eliminate the discrepancy between actual and target voltages. This value is
passed to a single-phase-shift (SPS) pulse modulator, which generates high-speed gate signals for
MOSFETs Q1 through Q8 as shown in Figure 4.

Replacing passive rectifiers with these controlled switches enables efficient bidirectional power
transfer across the entire battery string. This symmetrical architecture provides the
software-defined agility necessary to manage rapid state-of-charge fluctuations in demanding
electric vehicle environments. During sudden events, such as rapid acceleration or regenerative
braking, the controller modulates energy transfer at a granular level to instantly stabilize voltage
sags or spikes, ensuring the pack remains balanced under extreme load and extending cell

lifespan.
Figure 5. Dual Active Bridge (DAB) DC-DC Converter Operation for BMS
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Figure 5 illustrates the complete cell-to-cell balancing scenario enabled by DAB’s bidirectional
architecture. The BMS operates as an intelligent energy router: when it identifies Cell 1 as the
highest-voltage source (4.10 V) and Cell 3 as the lowest-voltage target (3.40 V), it closes switches
S1 and S3, connecting Cell 1 to the primary H-bridge and Cell 3 to the secondary H-bridge. The
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system then initiates a direct energy transfer, pumping charge from the overcharged Cell 1 to the
undercharged Cell 3.

The direction of energy flow is governed entirely by the sign of the phase-shift angle ¢. When
Y >0, the primary bridge leads and power flows from Cell 1 to Cell 3. When { < 0, the secondary
bridge leads and the flow reverses, delivering energy from Cell 3 back toward Cell 1 if conditions
require. When ¢ = 0, the bridges are synchronized, and no power is transferred. This precise
manipulation of bridge timing allows the BMS controller to switch balancing direction
instantaneously based on real-time voltage monitoring, with no hardware reconfiguration
required.

This method offers far greater efficiency than traditional bucket brigade capacitive balancers,
which move energy step by step through intermediate storage elements. In contrast, the DAB
transfers charge directly between the source and destination cells, routinely achieving
efficiencies above 90% (Li et al. 2025; Zhao et al. 2023). The architecture is inherently scalable,
making it well suited for both cell to cell and module to module balancing in large battery

systems.

Figure 6. DAB Converter Control Algorithm Flowchart
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The complete control operational sequence of the DAB balancing system is shown in Figure 6.
The control algorithm begins by measuring the individual voltages V1, Va, V3, and V4 of all cells in
the series string. The controller then identifies the maximum and minimum values, Vmax and Vmin,
and calculates the total voltage imbalance AV = Vmax — Vmin. If AV falls below the predefined
threshold Vi, typically set between 10 mV and 20 mV, the system determines that the pack is
sufficiently balanced and halts operation. If the imbalance exceeds Vi, the algorithm proceeds
to select the source cell carrying Vmax and the target cell carrying Vmin, then computes the
required phase-shift angle § using the power transfer relationship (Muhammetoglu and Jamil
2024):

NVmax-Ymin _
p = Mipesinn (1 — ) (1)

Here the variables are defined as follows:
e D ={/w, the phase-shift ratio, with w = 2mtfs
e fs =switching frequency
e n=turns ratio of the transformer (primary: secondary)
e Vmax = maximum input or bus voltage
e Vmin = minimum input or bus voltage

e Llk = leakage inductance of the transformer, measured in Henries

D = duty cycle, ranging from0to 1

Before applying the gate signals, the controller checks the transformer current ifor overcurrent
conditions. If the current exceeds safe limits, the controller reduces ) to throttle the power flow
before proceeding. Once the current is confirmed within bounds, the gate signals are applied to
the MOSFETs, energy transfer takes place, and the cell voltages are updated. The algorithm then
loops back to remeasure all cell voltages and repeat the process until the pack reaches balance.
This continuous loop ensures the system responds dynamically to changing conditions, maintains
safety throughout operation, and maximizes the usable capacity and longevity of the battery
pack.

A critical advantage of the DAB architecture over traditional flyback or buck—boost converters is
its inherent ability to achieve zero-voltage switching (ZVS). By leveraging energy stored in the
transformer's leakage inductance, the power switches transition states with minimal voltage
across them, reducing switching losses and thermal stress. This enables practical high-frequency
operation with smaller, lighter magnetic components and without excessive heat generation.
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2.4 Summary of Active Cell Balancing Topologies

Having examined the working principles, advantages, and disadvantages of each topology in

detail, Table 1 summarizes the three primary active cell balancing approaches across four core

dimensions: component type, advantages, disadvantages, and target applications.

Capacitor-based systems are the most straightforward and cost-effective, utilizing a
simple structure that requires no complex voltage sensing or closed-loop control.
However, they suffer from slow balancing speeds and lose efficiency as cell voltage
differences decrease, making them best suited for small-scale applications.

Inductor-based balancing offers a more compact and adaptable design that can interface
with various state of charge (SoC) control schemes. Its main limitations include sequential
energy transfer and magnetization losses that increase overall balancing time as the
number of cells grows.

DC/DC converter-based systems, specifically those with embedded transformers,
represent the high-end solution. They provide high accuracy, bidirectional flow, and
crucial galvanic isolation for safety-critical tasks. While they are the most flexible and
intelligent of the three, they carry significant trade-offs in terms of cost, physical bulk, and
increased electromagnetic interference (EMI) stemming from their complex switching
circuitry (Ashraf et al. 2025; Li et al. 2025; Zhao et al. 2023).

Table 1. Performance Benchmark and EV Application Suitability of Active
Cell Balancing Topologies

Components Advantages Disadvantages Applications
of energy
transfer
Capacitor- Simple structure; low Low balancing speed; Small-scale systems with
based cost; no voltage sensing | efficiency drops with small low accuracy and speed
or closed-loop control voltage differences. requirements.
required.
Inductor- Compact design; fewer | Balancing time increases Medium-scale packs
based components; adaptable | with more cells; requiring moderate
to various SoC control magnetization loss; performance and simple
schemes. sequential energy transfer. | design.
DC/DC Supports galvanic Large physical size; high High-voltage or safety-
converter isolation and high cost; complex control; critical applications
based energy transfer possible EMI concerns. needing isolation;
(transformer- | accuracy; suitable for advanced battery systems
embedded) bidirectional flow and requiring flexible, high-
flexible control speed balancing.
strategies.
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3. Active Cell Balancing Analysis

The section 3 presents simulation-based analysis of inductor-based and DAB converter-based cell
balancing, conducted using the MATLAB/Simulink platform (MathWorks 2024). Consequently,
driven by the efficiency limitations inherent in capacitor-based schemes and the growing industry
preference for robust, high-current solutions, this study specifically designs and analyzes
inductor-based and DAB-based active cell balancing architectures. It is important to acknowledge
the boundary conditions under which the following simulation results should be interpreted. The
MATLAB/Simulink models presented in Sections 3.1 and 3.2 operate under idealized
electrochemical assumptions: each cell is initialized with a uniform internal resistance and a fixed
nominal capacity, and the simulated environment does not account for the cell-to-cell variability
in resistance and capacity that accumulates in real battery packs through manufacturing
tolerances, non-uniform thermal gradients, and electrochemical aging. These are not incidental
omissions but deliberate constraints that define the simulation’s role within this study—namely,
to isolate and compare the intrinsic control-theoretic performance of each balancing topology
under controlled, reproducible conditions. By holding cell parameters constant across topologies,
the simulation provides a clean performance benchmark: differences in SOC convergence speed,
voltage stability, and equalization efficiency in the results of Sections 3.1 and 3.2 can be
attributed directly to topology architecture and control logic rather than to confounding
variability in cell condition. This isolation is precisely what makes the hardware testing in Section
4 a necessary and complementary next step rather than a redundant one. Real lithium-ion cells
exhibit state-dependent internal resistance, capacity fade as a function of cycle count, and self-
discharge rates that diverge measurably between cells of the same nominal specification—none
of which can be faithfully reproduced by idealized simulation alone. The empirical protocol in
Section 4 is therefore designed to expose the balancing algorithms to exactly these real-world
boundary conditions: intentionally imbalanced cell groups assembled from screened populations
of good and degraded cells, tested under controlled charge—discharge cycling. Where simulations
establish what each topology should achieve under ideal conditions, the hardware trials will
determine how much of that theoretical performance survives contact with physical cell
chemistry. Together, the two stages constitute a coherent research design in which simulation-
derived hypotheses are subjected to empirical falsification—a structure that is standard in
applied power electronics research and that positions the preliminary hardware results reported
in Section 4 as the first stage of a validation pipeline rather than an afterthought.

Within these controlled boundary conditions, the simulation models make two deliberate
algorithmic design choices that are worth making explicit, as they reflect engineering priorities
that extend beyond the simulation environment to real-world BMS implementation. First, the
two-cell control function (Appendix A) implements a 0.5% SOC tolerance threshold before any
switching action is triggered. This deadband is not a simplification for convenience but an
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intentional design decision: without a minimum threshold, a control loop that compares two
continuously evolving SOC values would trigger switch transitions at arbitrarily small differences,
producing high-frequency gate oscillations that induce switching losses, electromagnetic
interference, and accelerated thermal stress on the power electronics. The 0.5% tolerance
window suppresses this chattering behavior and ensures that switching energy is expended only
when meaningful charge redistribution is achievable. Second, the four-cell function (Appendix A)
implements a tighter 0.2% deadband applied globally across the pack: once the spread between
the maximum and minimum SOC falls below this threshold, all switching ceases entirely. This
condition represents the practical definition of “balanced” in a production control context, where
the cost of continued switching—in terms of power dissipation, component wear, and MCU
processing overhead—exceeds the marginal benefit of further equalization at sub-0.2%
differentials. Together, these two threshold parameters reflect a control philosophy oriented
towards energy-efficient, hardware-safe operation rather than idealized mathematical
convergence to zero error—a distinction that is consequential for the practical deployment of
BMS algorithms in embedded automotive systems where processing bandwidth and component
longevity are constrained.

3.1 Inductor-Based Cell Balancing Analysis

Figure 7 shows an inductor-based active cell balancing topology designed to enhance energy
efficiency and prolong battery pack longevity. The system architecture, modeled in
MATLAB/Simulink (MathWorks 2024) as depicted in Figure 7, utilizes a central inductor as an
intermediate energy storage element to transfer charge between cells, thereby minimizing the
thermal losses associated with passive resistive balancing. The control logic relies on a continuous
monitoring algorithm that inputs the state of charge (SOC) for multiple cells alongside a pulse
width modulation (PWM) signal. The algorithm computes the minimum SOC value across the
pack and iteratively compares it against individual cell voltages (e.g., SOC1, SOC2) to identify the
most depleted unit. Upon detection, the controller triggers the specific semiconductor switches
associated with that branch, effectively directing energy to the lowest-charged cell until

equalization is achieved.
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Figure 7. Inductor-Based Cell Balancing with Two Cells
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To validate the active balancing method, the simulation utilizes a lithium-ion battery model
configured with specific electrical characteristics typical of high-energy-density applications. As
detailed in the parameter configuration (Figure 8), each cell is defined with a nominal voltage of
3.7 V and a rated capacity of 5.4 Ah. The simulation is initialized with the batteries at a 50% state
of charge, allowing for the observation of both charging and discharging balancing dynamics.
Additionally, the model incorporates a battery response time of 15 seconds, ensuring that the
transient voltage behaviors and chemical reaction delays are accounted for during the active
balancing intervals. These parameters ensure the simulation results closely mirror the behavior
of physical Li-ion cells under load.

Figure 8. Battery Parameters
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Figure 9. SOC Variations Over 30 Seconds

BAT_cell_V1 - Scopes 4 — (B B¢

MEASUREMENTS

Scope1 X | Scope (active) X

<SOC (%)>, <SOC (%)>

In Figure 9, the effectiveness of the balancing algorithm is visualized in the scope output. The plot
tracks the SOC percentages of the two cells over a 30-second simulation period. Initially, the two
cells exhibit a significant disparity in their charge levels: one cell starts at approximately 51.6%
(yellow trace) while the other is near 42% (blue trace). As the active balancing mechanism
operates, energy is transferred from the higher-charged cell to the lower-charged one. This is
evidenced by the rapid decline of the yellow curve and the simultaneous gradual rise of the blue
curve. The two curves intersect and converge at approximately the 18-second mark, settling at a
unified SOC of roughly 43%. This convergence demonstrates the system’s ability to successfully
equalize the cell charges within a relatively short timeframe.
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Figure 10. Cell Voltage Variations Over 30 Seconds
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Figure 10 illustrates the instantaneous voltage variations across the two battery cells over a
30-second simulation interval. During the initial phase (0 to approximately 18 seconds), the graph
reveals significant high-frequency oscillations in both voltage waveforms (yellow and blue
traces). These large amplitude ripples—ranging roughly between 1.5 V and 6.5 V—are
characteristic of inductor-based active balancing circuits, where high-speed switching is
employed to energize the inductor and transfer charge between cells. The distinct separation
between the blue and yellow envelopes during this period indicates the active “push-pull”
operation of the circuit as it moves energy from the higher-voltage cell to the lower-voltage one.

The voltage behavior in Figure 10 correlates directly with the SOC convergence observed in the
previous scope results in Figure 9. Around the 18-second mark, a distinct transition occurs in
Figure 10: the high-magnitude switching oscillations cease abruptly, and the two voltage
waveforms converge. This point of stabilization aligns precisely with the moment the SOC curves
intersect (as seen in the SOC scope), indicating that the control algorithm has successfully
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detected that the cells are balanced (SOC1 = SOC2). Consequently, the controller disables or
reduces the PWM switching duty cycle to halt further energy transfer.

Following the equalization event (from 18 seconds to 30 seconds) in Figure 10, the system enters
a steady state. The voltage traces for both cells stabilize into a narrow band, hovering near the
nominal voltage level (approximately 3.5 V to 4 V) with minimal noise. This contrasts sharply with
the chaotic transient response observed in the first half of the simulation. The eventual overlap
of the blue and yellow lines in this final phase confirms that the cells have reached voltage
equilibrium, validating the effectiveness of the inductor-based topology in achieving and
maintaining a balanced state after the active cycle concludes. Based on the flowchart presented
in Figure 11, the control logic designed for the two-cell balancing system can be described as
follows. The routine begins by reading the current status inputs: SOC1, SOC2, and the system’s
PWM signal.

Figure 11. Flowchart for Inductor-Based Cell Balancing with Two Cells
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The algorithm then enters a primary decision block that compares the two charge levels,
specifically checking whether SOC2 < SOC1. If this condition is satisfied—indicating that Cell 1
carries a higher charge—the system follows the “Yes” branch and executes an active balancing
operation, setting output for the switch S1 to the PWM signal while holding the switch S2 at 0,
thereby triggering the discharge of Cell 1 to transfer energy to the remainder of the circuit.

If the first condition is not met, the logic proceeds to a secondary conditional check to determine
whether SOC1 < SOC2. This stage handles the scenario in which Cell 2 may be the higher-charged
unit. The flowchart indicates a branching path that triggers the alternative action: setting S1to 0
and assigning the PWM signal to S2, thereby activating the switch associated with Cell 2 to
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discharge and equalize with Cell 1. If neither balancing condition requires action, the flow
converges to the “End” node, completing the control cycle.

Figure 12 presents an advanced inductor-based balancing circuit, scaled to accommodate a
four-cell battery pack. Unlike the simpler two-cell model, this configuration integrates four
distinct battery modules arranged in a series-parallel structure. Each battery block is equipped
with individual voltage and SOC sensors to provide granular monitoring of the entire pack’s
performance. Circuit complexity is increased significantly by the inclusion of multiple inductors—
visible as the coiled components connecting the horizontal rails—which serve as the primary
energy storage mediums for transferring charge between adjacent and non-adjacent cells. To
manage energy flow across this larger array, the system employs a comprehensive network of
power electronic switches (IGBTs/MOSFETs) distributed throughout the circuit branches,
strategically placed to create selectable current paths. This modular design implies a
sophisticated control strategy whereby the central controller can target any specific cell for
equalization without disrupting the operation of intermediate cells.

Figure 12. Inductor-Based Cell Balancing with Four Cells
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The control logic for the four-cell inductor-based balancing system follows a structured
algorithmic sequence to ensure efficient energy redistribution. As depicted in Figure 13, the
process begins by initializing monitoring parameters, specifically inputting the SOC values for all
four battery cells (SOC1-SOC4) along with the PWM signal. The algorithm immediately proceeds
to identify the lowest charge level present in the battery pack. Following this assessment, the
system initializes the switch control variables (s1 through s4) to a default state of zero, ensuring
no active balancing occurs until specific logic conditions are met.

The core decision-making process involves a conditional check to determine how many SOC
values equal the minimum SOC identified in the preceding step. If a matching cell is identified,
the algorithm follows the active balancing path, assigning the PWM signal to the corresponding
switch variable (sX = PWM) to activate the charging circuit for the depleted cell. Conversely, if no
condition is met, the system defaults all switches to zero to prevent current flow. The process
concludes by outputting the final switch states to the hardware drivers, ready for the subsequent
real-time control cycle.

Figure 13. Flowchart for Inductor-Based Cell Balancing with Four Cells
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Figure 14 illustrates the state-of-charge (SOC) trajectories for four battery cells over an
approximately 80-second simulation period under the inductor-based active balancing system.
At the commencement of the balancing cycle (t = 0 seconds), the battery pack exhibits a
substantial charge imbalance across the four cells: SOC2 (orange trace) starts at the highest level
of approximately 89%, followed by SOC3 (yellow trace) at roughly 62%, SOC1 (blue trace) at
approximately 47%, and SOC4 (purple trace) at the lowest initial value of around 23%. This initial
spread of approximately 66 percentage points represents a severe imbalance scenario designed
to rigorously test the DAB-based control algorithm.

As the simulation progresses, the balancing mechanism drives all four cells toward a common
equilibrium. SOC4 (purple), starting from the lowest point, rises steeply as it receives energy from
the higher-charged cells. SOC2 (orange) declines gradually from its peak of ~89%, while SOC3
(yellow) and SOC1 (blue) remain relatively stable in the early phase before beginning to converge.
SOC1 and SOC3 merge first at approximately t = 12 seconds at around 47-48%, after which their
combined trace continues to rise as energy redistribution proceeds. SOC4 steadily catches up
throughout the mid-simulation period.

Full equalization of all four traces is achieved at approximately t = 60 seconds, where all cells
converge at a common SOC of approximately 72%. Beyond this point, all four traces overlap and
remain stable at this unified level for the remainder of the simulation, confirming that the
balancing algorithm has successfully brought the pack to equilibrium. This result demonstrates
the high effectiveness of the DAB-based topology in handling large initial imbalances and
achieving rapid, stable cell equalization.

Figure 14. SOCs Variations in the Inductor-Based Cell Balancing with Four Cells
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3.2 DC-to-DC Converter-Based Cell Balancing Analysis

Figure 15. DAB Converter MATLAB/Simulink Model
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Figure 15 illustrates the MATLAB/Simulink (MathWorks 2024) implementation of a DAB DC-to-DC
converter—a topology distinct from the previously discussed cell balancing circuits.

The model is equipped with measurement blocks to monitor system performance in real time.
Digital displays in the simulation window indicate instantaneous values, with one output voltage
reading approximately 48.08V in Figure 15, likely representing the regulated output voltage
across the load. The secondary side also includes a capacitor placed in parallel with the resistive
load to filter voltage ripples and ensure a stable DC output. The presence of scopes and product
blocks indicates that the simulation is configured to analyze power efficiency and transient

response characteristics.

Figure 16 presents the steady-state voltage and current characteristics of the DAB converter over
multiple switching cycles. The plot displays three critical system variables: the primary bridge
voltage (V,, shown in blue), the secondary bridge voltage (Vs, shown in orange), and the leakage
inductor current (l,, shown in pink). Both voltage signals exhibit clear high-frequency
square-wave profiles, confirming the correct switching operation of the full-bridge inverters on
both sides. A distinct voltage scaling is observable, with the primary side operating at a higher
amplitude (approximately +100 V) compared to the secondary side (approximately 50 V),
reflecting the transformer’s turns ratio or the specific DC bus voltage levels defined in the

simulation.
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Figure 16. Waveforms in DAB Converter

Wl bpe[v]
o Eurenta)
(=N
T
;

Figure 17 provides a zoomed-in perspective of the waveforms, enabling a detailed analysis of the
PSM control strategy. This close-up view clearly reveals the temporal delay (phase shift) between
the rising edges of the primary voltage (Vp) and the secondary voltage (Vs). In this specific
operating scenario, the primary voltage leads the secondary voltage, dictating that power flow is
directed from the primary source to the load. Additionally, the inductor current (lp, pink trace)

. o . . . L o di
follows a piecewise linear, triangular trajectory consistent with inductive circuit laws (V = Ld—;),

wherein the current slope is determined by the instantaneous voltage difference applied across
the leakage inductance (Erickson and Maksimovic 2001).

The interaction between the voltage square waves and the inductor current demonstrates the
converter’s ZVS potential and power transfer capability. The active phase shift creates a voltage
differential across the series inductor, forcing the current to ramp up or down to facilitate energy
transfer between the DC domains. The stability of the peak current values and the uniformity of
switching cycles in Figure 17 confirm that the control loop has successfully locked the phase angle
to maintain constant output regulation, validating the robustness of the implemented control
logic.
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Figure 17. Zoomed Waveforms in DAB Converter
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Figure 18. MATLAB/Simulink Schematic Based on DAB for Four-Cell Balancing

- -
Al " -‘M_ A

—
A

—
Ak

Figure 18 shows a Dual Active Bridge (DAB) converter MATLAB/Simulink schematic for balancing
four battery cells.

The flowchart in Figure 19 illustrates the control algorithm that selects the battery cell with the
lowest SOC among four cells and applies the corresponding control settings in the DAB converter.
The process begins by reading SOC1-SOC4 along with a PWM input, computing a vector of SOC
values, and determining the minimum SOC (SOCnin). The algorithm then compares SOC1 through
SOC4 sequentially against SOCmin, and upon finding a match, activates the branch settings
associated with that specific cell. This structured decision flow ensures that the cell with the
lowest charge is consistently identified and prioritized for balancing action.
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Figure 19. Flowchart for the Control Algorithm for Four-Cell Balancing
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Figure 20 illustrates the state-of-charge (SOC) trajectories for four battery cells over a 120-second
simulation period under the inductor-based active balancing system. At the commencement of
the balancing cycle (t = 0 seconds), the battery pack exhibits a clear charge imbalance across the
four cells: SOC1 (blue trace) starts at the highest level of approximately 60%, followed by SOC2
(red/orange trace) at roughly 49%, SOC3 (yellow trace) at approximately 40%, and SOC4 (purple
trace) at the lowest initial value of around 30%. This initial spread of approximately 30 percentage
points constitutes a significant imbalance scenario designed to test the effectiveness of the
control algorithm.

As the simulation progresses, the balancing mechanism acts rapidly on SOC2, SOC3, and SOC4.
SOC2 and SOC3 decline steeply from their initial values, while SOC4 rises slightly from its lowest
point as it receives redistributed energy. All three traces converge at approximately t = 25
seconds at a common value of roughly 35%, confirming that the controller successfully identifies
and targets the higher-charged cells for discharge toward the pack's minimum baseline.

SOC1, carrying the largest initial charge surplus at 60%, continues to decline at a comparatively
slower but steady rate throughout the remainder of the simulation. It gradually approaches the
converged group, finally merging with the other three traces at approximately t = 100-105
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seconds at around 35-36%. Beyond this point, all four traces overlap and remain stable at

approximately 35-36% for the remainder of the 120-second timeline.

This prolonged but ultimately successful equalization confirms that the inductor-based algorithm

correctly prioritizes the most imbalanced cells first, handling the largest charge differential

(50C1) last. The result validates both the accuracy of the control logic and the scalability of the

topology in managing four cells with varying initial charge states.

Figure 20. SOC Variations in DAB Converter-Based Cell Balancing with Four Cells
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4. Battery Test

This section describes the ongoing empirical battery testing program, which is designed to
validate the simulation findings presented in Section 3 under real-world cell chemistry conditions.
The testing is currently in progress; the methodology and preliminary results are reported here,
and full topology-by-topology comparison results will be presented in future work.

The motivation for this testing phase is straightforward: the MATLAB/Simulink models in
Section 3 operate under idealized assumptions of uniform internal resistance and cell capacity.
Physical cells exhibit state-dependent resistance, capacity fade, and self-discharge rates that
diverge between cells of the same nominal specification. The empirical protocol described below
is designed to expose the balancing algorithms to exactly these conditions—intentionally
imbalanced cell groups constructed from screened populations of good and degraded cells—to
determine how much of the theoretical performance from Section 3 survives contact with
physical battery chemistry.

4.1 Impact of Cell Balancing

Battery cell balancing plays a very critical role in determining the efficiency, durability and
sustainability of current modern EVs (Omariba, Zhang, and Sun 2019). Current EV battery packs
typically consist of hundreds of Li-ion cells connected in series and parallel configurations to
collectively meet EV voltage and energy requirements (Yildirim et al. 2019). Due to inevitable
manufacturing variability, aging effects, and non-uniform thermal conditions, individual cells
within a pack gradually diverge in capacity, internal resistance, and self-discharge behavior.
Without effective cell balancing on EV, these inconsistencies will accumulate over time and could
lead to reduced usable energy, increased energy losses, accelerated degradation, and higher
operational and environmental costs (Qi and Lu 2014). Good cell balancing is not only an
important technique for EV module/pack control, but also a system-level enabler for more
efficient electrified transportation. Specifically, cell balancing typically has several impacts that
fall under the following five key categories:

Overall Energy Consumption

One of the direct impacts of cell balancing is the reduction of overall energy consumption during
EV operation (Safari et al. 2025). In a series-connected battery string, the total usable energy of
the entire pack is usually constrained by the weakest cells, as charging and discharging must
terminate when any single cell reaches its voltage limits. In the absence of proper balancing,
cell-to-cell SOC divergence could cause early cutoffs and leave substantial residual energy unused
in healthier cells.
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Cell balancing could mitigate this issue by equalizing SOC among cells, thereby maximizing the
accessible capacity of the battery pack during both charge and discharge. By improving pack
utilization, balancing reduces the frequency and depth of charging events required to achieve a
given driving range. This directly lowers the total electrical energy drawn from the grid over the
vehicle’s lifetime. Additionally, balancing reduces internal losses associated with uneven current
distribution and excessive voltage polarization in weaker cells. Lower resistive losses translate
into higher drivetrain efficiency, particularly during high-power operation such as acceleration
and regenerative braking. As EV adoption increases quickly, even modest efficiency
improvements on vehicles through effective cell balancing could lead to substantial cumulative
energy savings at the fleet level (Lee, Drury, and Mellor 2011).

Stress on Current Electrical Grid Infrastructure

The rapid expansion of EV fleets places increasing demands on electrical grid infrastructure,
particularly in urban areas where charging loads are spatially and temporally concentrated (Engel
et al. 2018). Cell balancing contributes to grid resilience by reducing both peak and cumulative
charging demand. Balanced battery packs maintain higher usable capacity and more predictable
voltage behavior, allowing vehicles to operate longer between charging sessions. This reduces
the frequency of charging events and smooths aggregate demand profiles.

Furthermore, effective balancing improves charge acceptance during fast charging by preventing
early termination caused by overvoltage in a single cell. As a result, charging sessions become
more energy-efficient and less prone to extended constant-voltage phases, which are associated
with lower power transfer efficiency and longer grid connection times. On a system scale,
balanced packs enable more efficient utilization of existing charging infrastructure and reduce
the need for costly grid upgrades to accommodate rising EV penetration (Khalid et al. 2019). In
this way, cell balancing indirectly supports the scalability of transportation electrification within
the constraints of current power generation and distribution systems.

Battery Service Life and Degradation

Cell balancing significantly influences the long-term durability of EV battery packs (Adebowale
2025). Imbalance among cells accelerates degradation through multiple mechanisms, including
repeated overcharge and over-discharge of specific cells, increased thermal stress, and uneven
current sharing in parallel groups. These stressors disproportionately affect weaker cells, creating
a positive feedback loop in which imbalance worsens with each cycle, ultimately leading to
premature pack failure.

Balancing interrupts this feedback loop by preventing individual cells from operating outside their
optimal SOC windows. By maintaining uniform SOC and voltage distribution, balancing reduces
exposure to high-voltage stress at the upper end of charge and deep discharge stress at the lower
end. This mitigation slows key degradation processes such as lithium plating, electrolyte
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oxidation, and impedance growth. Consequently, balanced packs exhibit slower capacity fade
and reduced resistance increase over time, extending their service life. From a vehicle design
perspective, improved battery life directly enhances reliability and reduces the likelihood of early
battery replacement.

Life Cycle Cost Reduction

The extension of battery service life by effective cell balancing translates directly into lower
lifecycle costs for EV users (Sultan et al. 2025). The battery pack is the most expensive component
on EV, and its replacement is a significant financial burden for users. By preserving usable
capacity and delaying end-of-life conditions, balancing reduces the cost of the battery over the
vehicle’s lifetime. In addition to reducing replacement frequency, balancing improves energy
efficiency and usable range, lowering electricity consumption per kilometer driven. This results
in reduced operating costs for vehicle owners as well. Balanced battery packs also exhibit more
predictable performance, reducing the likelihood of unexpected range loss or sudden
degradation that can lead to costly maintenance interventions. Over the full lifecycle of an EV,
these benefits collectively improve the total cost of ownership, making EVs more economically
attractive to consumers and accelerating market adoption.

Environmental Benefits and Sustainability

Cell balancing also contributes to environmental sustainability by reducing the material and
energy footprint of EV batteries (Dunn et al., 2015). Extended battery life reduces the demand
for new battery production, which is associated with energy-intensive manufacturing processes
and the extraction of critical raw materials such as lithium, nickel, cobalt, and manganese. By
maximizing the useful lifetime of existing batteries, balancing helps mitigate resource depletion
and reduces upstream environmental impacts. Lower energy consumption during vehicle
operation and charging further decreases indirect greenhouse gas emissions, particularly in
regions where electricity generation relies partially on fossil fuels. Moreover, longer-lasting
batteries improve the feasibility of second-life applications, such as stationary energy storage, by
preserving sufficient capacity and uniformity at the end of automotive service. This enhances the
circularity of battery usage and reduces waste generation. From a lifecycle assessment
perspective, cell balancing plays an important role in improving the overall environmental
performance of EV technology (Yang, Huang, and Lin 2022).
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4.2 Experimental Setup

Preconditioning and Preparation of Battery Cells

Figure 21. Precondition and Single Cell Preparation

To minimize the influence of unknown prior usage and to establish repeatable baselines, each
battery cell was preconditioned using two formation-like cycles at room temperature (25 °C) as
shown in Figure 21. Each charging-discharging cycle consisted of a constant current—constant
voltage (CC—CV) charge to 4.20 V, followed by a CV hold until the current tapered off. After a
subsequent rest period, a CC discharge was applied down to 2.5V, followed by a final rest period.
For the charging phase, the CC rate was selected within the range of 0.3C-0.5C, and the CV hold
was maintained at 4.20 V until the battery was fully charged. Rest periods of 30—-60 minutes were
implemented after both charging and discharging to allow the open-circuit voltage (OCV) to relax
and stabilize. Following the preconditioning phase shown in Figure 21, a baseline capacity test
was performed at a low rate to determine the initial capacity of the cells.

Self-Discharge Test (Single-Cell Screening for Degraded Cells)

A single-cell self-discharge test was used as the first screening step to identify cells with abnormal
leakage or unusually fast OCV decay. Each cell was charged to a given voltage using the CC-CV
method described above. After charging, the cell was held in an open circuit and allowed to rest
for a defined observation window. During this rest period, cell voltage was recorded at regular
intervals (e.g., every 10 minutes during the first hour and every 30 minutes thereafter) for a total
of 3 hours as a minimum screening duration.

The self-discharge metric was quantified using the OCV drop from the end of the charge step to
the end of the rest window, along with the slope of the voltage decay during later portions of the
rest (to reduce the influence of immediate relaxation phenomena). Cells exhibiting an unusually
large voltage drop relative to the population distribution were flagged as high self-discharge
candidates and treated as “degraded” (or “abnormal”) for subsequent comparisons. This
screening step enables intentional construction of imbalanced groups (good + degraded) in the
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later module-level tests. Figure 22 shows some of our self-discharging test results on EV NiMH

cells (self-discharging of Li-ion cells are still under testing).

Figure 22. Self-Discharging Test Results on EV NiMH Cells

Standard Charge—Discharge Characterization and Impedance Test (Single Cell)

After screening, each cell underwent a controlled charge—discharge test to compare working
voltage and usable capacity under consistent conditions. Cells were charged CC-CV to 4.20 V,
rested for 30 minutes, and then discharged at a fixed current rate to 3V. A moderate rate such as
0.5C was typically used for characterization because it reveals polarization and resistance-related
differences more clearly than a very low rate, while remaining within safe thermal limits for
18,650 cells. Impedance tests were also conducted on each battery cell as shown in Figure 23,

which were repeated three times to ensure repeatability.
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Figure 23. Cycling and Impedance Test on Single Li-ion Battery Cells : (a) Cycling Test; (b)
Impedance Test
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(a) Cycling Test

(b) Impedance Test
Rate-Performance Test (Single Cell)

Rate-performance behavior was conducted to quantify the dependence of accessible capacity
and voltage stability on discharge current. The test consisted of multiple discharge steps
conducted at increasing C-rates. For each step, the cell was first brought to a fully charged state,
rested for 30—60 minutes, and then discharged to 3V at the selected C-rates. Such discharge rates
included 0.2C, 0.5C, 0.8C, and 1C. For each discharge rate test, the cell was recharged fully using
the same CC—CV method to maintain a consistent starting SOC. For each rate, the delivered
discharge capacity (Ah), discharge energy (Wh), average voltage, and maximum temperature rise
were recorded. Rate capability was reported as capacity retention relative to the baseline low-
rate capacity. Cells with elevated internal resistance typically exhibited increased voltage sag and
earlier cutoff, resulting in disproportionately reduced capacity at higher rates; these cells were
prioritized for inclusion as “degraded” elements in mixed module configurations.
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Group Configuration and Initial Equalization

To study the effects of imbalance, battery cells can be assembled into small modules using
controlled configurations: series strings and series-parallel groups. Two categories of modules
were constructed: balanced modules (all cells selected from the “good” population) and
imbalanced modules (one or more cells intentionally selected from the “degraded” population
identified via self-discharge and rate/capacity screening). This design enables direct attribution
of module-level performance limitations to the presence of a known weak cell.

Before assembly, cells were equalized to a common voltage to prevent large inrush currents and
uncontrolled balancing transients. For series strings, equalization was accomplished by charging
each cell to a target state of charge (SOC) of 50% and resting until their open-circuit voltage (OCV)
values were within £5 mV of one another, in accordance with the laboratory's assembly protocol.
For parallel groups, cells were brought to nearly identical open-circuit voltages before connecting
in parallel to mitigate rapid, unmanaged equalization currents across the busbars. Following
physical assembly, the module was allowed to rest for at least 60 minutes to ensure adequate
voltage relaxation, after which each individual cell voltage was confirmed via the integrated cell
taps.

Group Self-Discharge Test

To examine how imbalance manifests during rest, each module underwent an open-circuit
storage test after a full charge. The module was charged fully, rested for 60 minutes, and then
left under open circuit for an extended period. Group voltage and individual cell voltages were
recorded periodically. The key observation was the evolution of cell-to-cell voltage spread during
rest. Modules containing high self-discharge cells typically showed increasing divergence over
time, with the degraded cell’s voltage decaying faster than the others. This test also helps
interpret later load and cycling behavior because resting divergence can shift the initial SOC
distribution prior to discharge.

Group Cycling Test Before and After Implementing Balance Control

To evaluate the developed balancing control strategies, modules were tested by conducting
charging-discharging cycle tests. The developed balance control algorithms were implemented
to test their effectiveness. Each cycle still consisted of CC—CV charge to the module’s upper
voltage limit, rest, and CC discharge to the cutoff window. Cycling was performed for a fixed
number of cycles. Throughout cycling, individual cell voltages were monitored continuously to
track divergence.
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4.3 Preliminary Results and Current Status

Battery cell acquisition and baseline preconditioning are complete, while active cell balancing
experiments are ongoing. Initially, individual cell voltage curves were recorded during controlled
charge and discharge cycles to establish baseline electrochemical behavior and confirm
consistency.

To validate the testing equipment and data logging infrastructure, preliminary self-discharge
screening was performed on a baseline group of EV NiMH cells (Figure 22). These profiles show
stable behavior within expected limits and successfully identified cells with abnormal
self-discharge rates, validating the screening protocol. Self-discharge testing of the primary EV Li-
ion cells is currently underway.

In parallel, single-cell impedance characterization and galvanostatic cycling tests were conducted
on the Li-ion cells (Figure 23) to measure internal resistance and capacity retention. Repeated
three times per cell to ensure repeatability, these measurements provide the baseline data
needed to classify cells as "nominal" or "degraded" before module assembly. This dataset also
serves as an empirical model to validate the simulation findings from Section 3. While the
MATLAB/Simulink models assume a uniform internal resistance for all cells, this empirical data
captures actual resistance values and cell-to-cell variations, enabling a direct comparison
between idealized simulation assumptions and physical reality.

Active balancing trials for the three topologies—capacitor-based, inductor-based, and Dual
Active Bridge (DAB) DC-DC converter-based—are currently in progress. These trials measure
state-of-charge (SOC) convergence time, voltage stability under load, and round-trip energy
efficiency under identical operational parameters. Full experimental results, comparative
metrics, and validation of the simulation models will be presented in future work.

These experimental and modeling results will contribute valuable hardware-validated data to the
literature, where comparative evaluations of active balancing topologies under controlled
conditions remain limited. Completing this hardware validation is critical to establishing the
practical applicability of the proposed battery management system (BMS) design
recommendations and topology selection framework.

These experimental and modeling findings are expected to constitute an important contribution
to the field, as hardware-validated comparisons of active balancing topologies under controlled
laboratory conditions remain limited in the published literature. Hardware validation of
simulation models is a critical step in establishing the practical applicability of BMS design
recommendations, and the completion of this testing will directly strengthen the evidence base
for the topology selection guidance provided in this report.
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5. Summary & Conclusions

This report presented a comprehensive study of active cell balancing technologies for lithium-ion
battery systems used in electric vehicles (EVs), focusing on circuit topologies, control strategies,
and system-level performance trade-offs. Cell imbalance—caused by manufacturing tolerances,
aging, thermal gradients, and operating conditions—was shown to be a primary factor limiting
battery safety, usable capacity, and service life, underscoring the need for advanced active
balancing solutions within modern battery management systems (BMS). A systematic evaluation
of major active balancing architectures was conducted, including switched-capacitor,
inductor-based, transformer-isolated, and DC-DC converter—based topologies. Capacitor-based
approaches offer simplicity and low cost but suffer from slow equalization and diminishing
effectiveness at small voltage differences, restricting their suitability for large EV packs.
Inductor-based balancing improves equalization speed and controllability but introduces
challenges related to sequential energy transfer, magnetic losses, and electromagnetic
interference. Converter-based architectures, particularly dual active bridge (DAB) systems,
demonstrated superior performance for high-power applications by enabling bidirectional
energy transfer, galvanic isolation, and precise control through phase-shift modulation.

Simulation results using MATLAB/Simulink for two-cell and four-cell configurations validated
these analytical findings. Both inductor-based and DAB-based balancing significantly accelerated
state-of-charge convergence and stabilized cell voltages under dynamic conditions. DAB-based
systems, in particular, showed strong scalability and efficiency advantages by enabling direct
energy transfer between cells without intermediate dissipation, making them well-suited for
high-voltage and safety-critical EV battery systems. Beyond circuit performance, the report
highlighted the broader impacts of effective cell balancing, including reduced energy
consumption, improved charging efficiency, decreased stress on electrical grid infrastructure,
extended battery service life, lower lifecycle costs, and enhanced environmental sustainability.
These system-level benefits position advanced balancing strategies as a key enabler for large-
scale transportation electrification.

To build upon these simulation models, a physical battery testing framework is currently
underway as a primary avenue of investigation. Baseline cell characterization is already complete,
where preconditioning cycles established repeatable electrochemical starting points for each
cell, and preliminary self-discharge screening successfully isolated degraded cells suitable for
constructing intentionally imbalanced modules. While self-discharge testing of the main Li-ion
cells is actively progressing, the immediate next step in the experimental protocol involves
executing active balancing trials to compare the physical capacitor-based, inductor-based, and
DAB-based hardware topologies under controlled laboratory environment settings. These
upcoming empirical results will serve to validate the MATLAB/Simulink findings and provide an
empirically grounded baseline for topology selection recommendations.
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In parallel with this ongoing hardware validation, intelligent, data-driven BMS architectures
represent a critical, long-term trajectory for the field. Notably, the development of Digital Twin
technology is currently underway across the industry to shift past traditional, rule-based
balancing towards highly predictive, real-time operations. Creating a physics-informed virtual
replica of the physical battery pack allows a BMS to perform continuous state estimation and
track uneven cell degradation under highly variable real-world driving patterns. When combined
with emerging Artificial Intelligence (Al) and machine learning techniques—such as adaptive
control or reinforcement learning—these active Digital Twin frameworks present a compelling
pathway to dynamically coordinate balancing actions, thermal management, and power
electronics control while accounting for non-linear cell aging and operational uncertainty.

Ultimately, no single active balancing topology is universally optimal. Effective BMS design
requires application-specific trade-offs among performance, cost, complexity, and safety,
supported by integrated control strategies and emerging digital intelligence. The results of this
report provide both technical guidance for engineers optimizing circuit selection and educational
value for stakeholders supporting the development of safer, more efficient electric vehicle
infrastructure.
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Appendix A

A. MATLAB Code
%Two Cell balancing
function [s1,s2] = fcn (SOC1,50C2,PWM)
tolerance = 0.5; % 0.5% SOC difference required to switch
if (SOC1 - SOC2) > tolerance
sl=PWM;
s2=0;
elseif (SOC2 - SOC1) > tolerance
s1=0;
s2 = PWM;
else
% Keep previous state or stay off to prevent chattering
s1=0;
s2=0;
end
end
% Four cells balancing
function [s1, s2, s3, s4] = fcn(SOC1, SOC2, SOC3, SOC4, PWM)
% Create a vector of all SOC values
SOCVEC = [SOC1 SOC2 SOC3 SOC4];
% Find the minimum and maximum SOC values
minSOC = min(SOCVEC);
maxSOC = max(SOCVEC);
% Define the deadband for balancing (0.2%)
deadband = 0.002;
% Initialize all switch signals to 0 (off)
$s1=0;s2=0;,s3=0;s4=0;
% Determine which cell has the minimum SOC and activate others
if (SOC1 < SOC2) && (SOC1 < SOC3) && (SOC1 < SOC4)
s1=0;
s2 = PWM;
s3=PWM;
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s4 = PWM;
elseif (SOC2 < SOC1) && (SOC2 < SOC3) && (SOC2 < SOC4)
sl =PWM;
s2=0;
s3 =PWM;
s4 = PWM;
elseif (SOC3 < SOC1) && (SOC3 < SOC2) && (SOC3 < SOC4)
sl =PWM;
s2 =PWM;
s3=0;
s4 = PWM;
elseif (SOC4 < SOC1) && (SOC4 < SOC2) && (SOC4 < SOC3)
sl =PWM;
s2 =PWM;
s3 =PWM;
s4=0;
% If the cells are already within the deadband, turn off all balancing
elseif maxSOC - minSOC < deadband
s1=0;
s2=0;
s3=0;
s4=0;

end

end
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