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Abstract: This review provides an overview of new strategies to address the current challenges of
automotive battery systems: Intelligent Battery Systems. They have the potential to make battery
systems more performant and future-proof for coming generations of electric vehicles. The essential
features of Intelligent Battery Systems are the accurate and robust determination of cell individual
states and the ability to control the current of each cell by reconfiguration. They enable high-level
functions like fault diagnostics, multi-objective balancing strategies, multilevel inverters, and hybrid
energy storage systems. State of the art and recent advances in these topics are compiled and
critically discussed in this article. A comprising, critical discussion of the implementation aspects of
Intelligent Battery Systems complements the review. We touch on sensing, battery topologies and
management, switching elements, communication architecture, and impact on the single-cell. This
review contributes to transferring the best technologies from research to product development.
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1. Introduction
Alternative drive technologies, such as Battery Electric Vehicles (BEVs), have come into
focus for a variety of reasons. As a consequence, intensive global research and engineering
development is currently conducted in order to boost the electromobility. A key element
of the BEV drive train is the energy storage, commonly realized by a rechargeable battery
system. As for the most promising storage technologies, lithium-ion (Li-ion) battery
systems have been used almost exclusively in electric vehicles in recent years. The reason
is that Li-ion batteries exhibit high power and energy density, long cycle-life, and low
self-discharge when compared to other common battery technologies [1].
However, there are still drawbacks associated with this technology namely a short
range, long charging times, high cost, and issues with safety and reliability. Multiple
cells need to be connected in parallel and in series to fulfill performance requirements,
as the individual cell’s power and capacity is limited. As shown by recent studies, the
interconnection of many cells leads to inhomogeneities on system-level due to cell-to-cell
variation [2–6]. Parameter inconsistencies originate from slight differences during the
production processes. Variations even exist between identical, brand-new cells from the
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same batch [4] and increase during use [3]. This fact, in combination with a fixed multicell configuration, results in the weakest cell limiting the entire battery system [6]. To
overcome these drawbacks, Reconfigurable Battery Systems (RBSs) incorporate switches
which allow individual cells to be temporarily excluded from the current path. In addition,
the reconfiguration offers a great potential for continuous variation of the batteries’ voltage
level, which results in Multilevel Inverters (MLIs). Controlling the current path by switches
eventually enables the combination of different types of storage devices in Hybrid Battery
Storage Systems (HBSSs).
Reconfiguration alone does not cancel the limitations of conventional battery systems
if any cell’s state is unknown. Without this knowledge, reasonable operation of the switches
is not possible in practice. However, in common battery systems, the states of each cell are
rarely available due to multiple reasons. On the one hand, a large number of sensors and
cabling efforts would be necessary; on the other hand, many relevant cell states such as the
State of Charge (SOC) or the State of Health (SOH) cannot be measured directly. Thus, a
significant effort has to be made in terms of monitoring the state of each battery cell.
The numerous challenges that arise from non-reconfigurable battery systems with unknown states of the individual cells are addressed by researchers and studies in various fields.
This review comprises the topics depicted in Figure 1. The challenge of advanced monitoring
is addressed in the literature by two complementary approaches. Firstly, model-based or datadriven fault diagnosis, state, and parameter estimation is achieved by applying algorithms.
Secondly, the implementation of considerably complex sensors is mandatory for reliable data
acquisition. Focusing on flexible configurations to avoid the limits of non-reconfigurable
multi-cell battery systems, possible functionalities are displayed, whereby the necessary
system topologies are discussed on micro and macro levels.
2 Algorithms

4 Operation / Strategies

2.1 Fault Diagnosis

2.2 Parameter Estimation
2.3 Core Temperature

2.4 State of Charge
2.5 State of Health

2.6 State of Function
3 Sensor Implementation
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5.1 Switches
5.2 BMS Architecture
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Figure 1. Overview of the aspects of advanced monitoring and reconfiguration to solve the main challenges of automotive
batteries. The figure also serves as a graphical table of contents.

As a main aspect of this review, the extensive literature on advanced monitoring and
reconfiguration in Sections 2 and 4 is not only methodically reviewed and sorted, but
also selected and evaluated with regard to its application in electric vehicles. Thus, the
focus is on approaches that are not only applicable on laboratory level but also in a BEV.
Furthermore, general state estimation approaches are filtered to meet the challenges of the
automotive application such as single cell state estimation in a system.
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As a special aspect, the review additionally provides insights into application and
applicability by discussing aspects of the implementation of sensor technology and reconfiguration in Sections 3 and 5. This is important since the application of the advanced
functionalities may require specific hardware but in any case an improved conceptualization on a system level. This is depicted in Figure 2 where schematically the switches for
reconfiguration as well as possible sensor implementation and the necessary communication or Battery Management System (BMS) integration is shown. First, concepts combining
several of the above functions with corresponding hardware and system approaches can
be found in the literature presented as “intelligent” or “smart” batteries [7–10]. In addition, in the multitude of patents that arise in this field, different aspects are in the focus
addressing smart or intelligent battery devices: Intel focuses on integrated sensing [11],
Bosch is patenting a device for regulating the system voltage adaptively [12] and Audi
outlines an integral smart battery cell with sensing, communication, and integrated reconfiguration functionality [13,14]. On the research side, Saidani et al. [7] present a battery
system, where each battery cell is customized with voltage and temperature sensors, a
digital processing unit, and data storage. Their smart system allows battery monitoring on
a cell level. Schneider et al. [8] use an intelligent battery with a cell individual current and
temperature sensor and reconfiguration functionality for an improved online parameter
estimation. Lorentz et al. [9] focus on contactless data transmission to realize smart battery
cell monitoring, where each cell is equipped with its own monitoring circuit board, and all
boards exchange information among each other. In contrast, Kim et al. [10] denominate
their battery system as smart battery, where the ordinary battery system is augmented by
a switching circuit board which allows activation and bypassing of each cell. Finally, an
overview of the latest progress of research regarding intelligent battery systems is given by
Wei et al. [15].
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Figure 2. Schematic visualization of the aspects related to the implementation of intelligent battery
systems with reconfiguration and advanced monitoring functionality.

There are review articles in the fields of BMSs [1,16–18], RBSs [19], MLIs [20], smart
sensing [15,21–23], fault diagnostics [24], and thermal management [16]. This review is the
first to provide an overview that holistically connects the novel functions with a focus on
the application in electric vehicles. The used tools and methods originate from the broad
field of artificial intelligence. Thus, in this work, the literature is summarized under the
subject of Intelligent Battery Systems (IBSs). IBSs as a new technological advance represent
a promising but also a challenging approach to significantly improve the reliability, safety,
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and efficiency of BEVs. In the light of the variety of approaches, we specify those battery
systems as intelligent that incorporate:
•
•

additional sensors or advanced monitoring functions on cell level and/or
actuators such as switches to modify the system’s topology reversibly.

Not only the hardware itself but the application of algorithms and methods from the
field of machine learning are necessary for a battery system to be stated as intelligent.
Addressing the related topics, this review is organized as follows: In Section 2, the
latest developments in advanced monitoring methods for IBSs are discussed including fault
diagnosis, online parameter estimation as well as the determination of temperature, SOC,
SOH, and State of Function (SOF). The related sensor technologies and their corresponding
implementation are discussed in Section 3. Subsequently, Section 4 deals with the broad
field of reconfiguration of battery systems enhanced by actuators and corresponding
operation strategies on a system level. This includes simple serial/parallel reconfiguration
as well as advanced approaches such as hybrid energy storage concepts and Multilevel
Inverters. The focus of Section 5 is on practical issues when applying reconfiguration
functionality in IBSs. As will become apparent during the course of this review, the actual
implementation of IBS poses some challenges which are discussed in this section. Finally,
the main results are summarized and an outlook to further developments is given.
2. Advanced Battery Monitoring
Commercially available automotive battery systems normally feature cell voltage
monitoring, to prevent single cells from undervoltage or overvoltage, and a current sensor
on the system level. Furthermore, the battery pack’s temperature is monitored at a few
measurement points within the battery system. Further monitoring of the individual cells
is usually avoided due to additional costs and cabling effort or limited computing resources
in the Battery Management System (BMS) for the online determination of non-measurable
cell states. At the same time, there are many approaches in research to determine the highly
relevant behavior of the individual cell during operation more precisely. While discussing
the different aspects of fault diagnosis, parameter estimation, and state determination, it is
assumed that the required data are available. The integration of sensors and measuring
methods is discussed afterwards, in Section 3.
In terms of advanced monitoring functionalities, information from additional sensors
is not necessarily required in all cases. Collecting and linking sensor data of the whole
battery system, approaches are enabled that make use of the distributed information and
its correlation. An example for a promising application is sensor fault detection and
localization. However, only approaches feasible for online application in Intelligent Battery
Systems (IBSs) are considered. For the application in Battery Electric Vehicles (BEVs), it is
mandatory that the algorithms are at least real-time capable on limited hardware resources
and viable with ordinary sensors that are expected to be used on a cell level within an IBS.
2.1. Fault Diagnosis
To ensure that each single cell of a battery system is within its safe operating range, a
basic function of BMS is to maintain lower and upper voltage, current, and temperature
limits. In addition, more advanced fault diagnosis is desired to detect faults that cannot
be avoided by the mere assertion of limits, at an early stage in order to prevent serious
consequences. Fault diagnosis for battery systems has therefore become a discipline of its
own in recent years. In the literature, a distinction is made between several levels:
•
•
•
•

fault detection: recognition of faults;
fault isolation: localization of faults;
fault identification: estimation of the type and amplitude of faults;
fault tolerance: (limited) continuation of operation in the presence of diagnosed faults.
Fault diagnosis usually means the detection and isolation of a fault.
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Faults can be classified into internal and external faults [25,26]. The former designate
cell defects such as overcharging, over-discharging, External Short Circuits (ESCs)/Internal
Short Circuits (ISCs), overheating, accelerated aging, or thermal runaway. An ISC is caused
by a defect in the separator layer between the electrodes [27]. If the short circuit does
not occur between the electrodes but at the tabs, it is called an ESC [24,25]. Short-circuits
contribute to the inhomogeneity in the battery system and can lead to deep-discharge.
Especially low resistances lead to a fast self-discharge of the affected cells and to an
increased heat generation, which can lead to overheating. Overheating is also caused by
an external heat input or a defect in the cooling system. In general, increased temperature
leads to accelerated degradation [28], which is characterized by excessive capacity fading
and resistance increase. Any of the internal faults can result in thermal runaway which is
also the most catastrophic fault and is associated with battery swelling, electrolyte leakage,
smoke, fire, and explosion [25,26].
External faults are sensor or actuator faults in the battery system [26]. Currently,
conventional voltage, current, and temperature sensors are used. Defective sensors can
lead to an incorrect state estimation, which in turn leads to faulty operation, such as
overcharging, under-discharge or over-heating, and accelerated degradation of the battery
system [29]. Actuators include the cell and high voltage connectors as well as the cooling
system. Similar to the sensors, the connections of the power path can be faulty or degrade
over time due to vibration or corrosion [30]. The defective cell connection leads to increased
resistance, which in parallel-connected cells causes unequal current distribution and in
serial-connected battery systems local hotspots [31]. A failure in the cooling system is
provoked by a leak in the cooling channels or a faulty fan [16]. In general, external faults
can raise further internal faults or thermal runaway of the cells if they are not detected or
not responded to appropriately.
Tables 1 and 2 provide an overview of the literature on fault diagnosis. There are a variety
of methods for diagnosing internal and external faults (reported e.g., by [1,17,18,25,26,29]).
The methods for fault diagnosis can be classified into model-based, knowledge-based, and
data-driven approaches [1]. In battery systems, the most common approach for fault diagnosis
are model-based methods. They rely on state or parameter estimation, parity space, or
structural analysis. For state estimation, the system is reconstructed with filters or observers.
A comparison of the model with the measured data of the real system provides a residual
which is used for fault diagnosis [32]. The algorithms are based on Particle Filter (PF), Kalman
Filter (KF), or a state observer [25] (see differentiation in Tables 1 and 2). With parameter
estimation, model or fault parameters are estimated using the measured data. If a model or
fault parameter leaves the permitted range, a fault is detected. It is therefore easier to isolate
faults with parameter estimation than with state estimation [26]. Parity space based methods
are used to verify the relationship between the input and output variables of a system [33].
The analysis of the resulting residuals is used for fault diagnosis. Structural analysis is a tool
for identifying the overdetermined part of a system. Exploiting redundancy in the system
enables the generation of residuals for fault diagnosis [34].
Knowledge-based methods do not require a mathematical or analytical model and
are particularly suitable for nonlinear and complex systems such as lithium-ion (Li-ion)
battery systems [26]. For fault diagnosis, observations and knowledge about battery
systems are used, which was previously gained from studies on fault mechanisms. The
approaches are based on graph theory, expert systems, or fuzzy logic [25].
Data-driven methods directly analyze the measured data of the battery system. While
some methods do not require a model at all and just extract features from measured data
or use a special sensor topology [35–37], other methods learn a data model [38,39]. The
algorithms used are based on signal processing, Artificial Neural Networks (ANNs), and
support vector machines [26]. Signal processing methods use the wavelet transform,
Shannon entropy, or the correlation of the signals. ANNs are able to learn during operation
and have the potential to be computationally efficient but have a poor generalization
capability. While the generalization capability of support vector machines is significantly
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better, the required computational effort for large data sets increases rapidly, since the data
are transformed into a high-dimensional space by a kernel function before classification.
Since data-driven methods, such as [40–42], are often prone to cell inconsistencies,
model-based methods are most promising in IBSs. However, for the model-based methods,
it is crucial that they are computationally efficient. The methods presented in [43–45]
are expected to have high computational loads in practical applications, making them
challenging to use at the system level. The switches in IBSs open up the possibility for
active fault diagnosis, as shown in [32], by selectively actuating the switches. The active
fault diagnosis is a promising field in which further research is required in the future.
Due to the larger number of components, the probability of failure of a component
rises in IBSs [34]. For example, the number of sensors increases significantly due to the
single-cell sensors compared to conventional battery systems. However, the additional
sensors allow for a better detectability and isolation of faults. The large number of sensors
on system level also allows a plausibility check of sensor values and a reconstruction of
the correct values in case of a fault. Furthermore, an IBS allows fault diagnosis at a cell
level. This design is robust against faults that occur due to signal transmission to the
central or neighboring cell BMS. Basic functions such as maintaining voltage, current, and
temperature limits are possible with limited computing power. Even a hard ESC can be
detected at cell level, e.g., by means of the current increase. In contrast, advanced functions
such as the detection of ISCs or accelerated aging are more promising on the overall
BMS. These sometimes require more computing power [44] but benefit from inter-cell
comparison [38,39].

Energies 2021, 14, 5989

7 of 82

Table 1. Overview of the literature related to fault diagnosis of external faults.

Model-Based

Sensor Fault

Actuator Fault

Voltage

Current

Temperature

Particle Filter

[46,47]

[46,47]

[46]

Kalman Filter

[32,48–53]

[32,48–53]

[32,51]

Connection

[32,54]

Luenberger Observer

[55]

Lyapunov-Analysis Nonlinear Observer

[56]

Partial-Differential-Equation Observer

[57]

Proportional Integral Observer

[58]

Sliding Mode Observer

[59]

[59]

[59]

[54]

Recursive Least Squares

[25,46,49]

[25,46,49]

[46]

[60]

[33,61]

[33,61]

[33,61]

[32,34,51,62,63]

[32,34,51,62,63]

[32,34,51,62,63]

Parity space: Nonlinear Parity Equations
Structural Analysis

[61]
[32,34]

Wavelet Transform
Correlation Coefficient
Data-Driven

Cooling System

[37]

[37]

Shannon Entropy/Mutual Information
Sensor Topology

[30,64–67]
[35–37]

[37]

Incremental Capacity Analysis
CCCV Transform
Clustering
Anomaly Detection
Neural Network

[68]
[38]

[38]

[38]

[62,63]
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Table 2. Overview of literature related to fault diagnosis of internal faults.
Short Circuit

[45]

Kalman Filter
Model-Based

Capacity

Resistance

[32]

Particle Filter

Accelerated
Degradation

ESC

[32,69–71]

Thermal Fault

ISC

Overdischarge
[43,44]

Short Circuit

Overcharge

Internal Fault

[43,44]

Accelerated Degradation

Luenberger Observer

[55]

Lyapunov-Analysis Nonlinear Observer

[56]

Partial-Differential-Equation Observer

[72]

[57]

Proportional Integral Observer

[73]

[74]

Sliding Mode Observer
Recursive Least Squares

[70,71,75–78]

[60]

Parity Space: Nonlinear Parity Equations
Structural Analysis

[32,34]

Wavelet Transform
Data-Driven

Correlation Coefficient

[32,34]

[79]
[81]

Shannon Entropy/Mutual Information

[83,84]

Sensor Topology

[35,36]

[64]

[64]

[81,82]

[37,69,81,82]

[64]

[85]
[37]

[80]
[37,81,82]
[86]
[37]

Incremental Capacity Analysis

[40–42]

CCCV Transform

[79]

Clustering

[87]

[87]

[87]

Anomaly Detection

[87]

[87]

[38,87]

[39]

KnowledgeBased

Artificial Neural Network

[88,89]
[88,89]

[91]

Rule-Based

[92]

Fuzzy Logic

[95,96]

Random Forests Classifier
Artificial Neural Network

[87]
[87,90]

[93]

[94]

[95,96]

[95]
[97]

[98]
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2.2. Online Identification of Model Parameters
In the field of battery monitoring, Equivalent Circuit Models (ECMs) are popular to
model the battery’s electrical behavior. Thereby, the level of detail ranges from simple
Rint models up to more complex N-RC Thevenin models (see Figure 3). The necessary
parameters are basically determined by experimental tests such as Hybrid Pulse Power
Characterization (HPPC) and corresponding fitting procedures. For in-use model operation, however, varying parameters must be considered due to temperature, aging, or other
influences. As a consequence, the adaptation and online identification of model parameters
is mandatory for the use in IBSs. Online identification is primarily about shifting temperature and State of Charge (SOC) dependencies as well as the change of absolute parameter
values due to aging. With current and voltage sensors on the cell level, various approaches
that have been studied in laboratory settings in recent years are transferable to IBSs.
(d) N RC Thevenin model
(c) Dual Polarization model
(b) Thevenin model
(a) Rint model

R1

R2

RnRC

C1

C2

CnRC

v1

v2

vnRC

R0

icell

v0

Em

(e) RC model

vter

(f) PNGV model
R1
Rt i
cell

Re

R0

C1

Rc
Cb

vb

vter
Cc

vc

1/E‘m

Em

v0

icell

vd
v1

vter

Figure 3. Typical equivalent electrical circuit models used for vehicle batteries: (a) Rint model;
(b) Thevenin model; (c) Dual Polarization model; (d) N RC Thevenin model; (e) RC model; and
(f) PNGV model. From [99] with permission from Elsevier, Copyright 2020.

Generally, two representations of the underlying ECM are distinguished. Firstly, the
state space representation in discrete form (see Equations (1) and (2)) is beneficial for KF
approaches like the Extended Kalman Filter (EKF) [100]. Parameter estimation is commonly
combined with SOC estimation when applying a Dual Kalman Filter (DKF) [101–104]. In
the following equation, ∆T is the discrete simulation step size, τi is the time constant of the
i-th RC element with resistance Ri , whereas R0 expresses the ohmic resistance. Q is the cell
capacity and η its coulombic efficiency, which is nearly 1. The excitation current represents
the input u, whereas the terminal voltage is measured as u. Finally, the dependence of
Open Circuit Voltage (OCV) from SOC is depicted by the function uOC (SOC ). The weak
influence of Q on the measurement impedes its estimation.
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Secondly, based on the transfer function of the battery model, a linear regression
model (see Equations (3) and (4)) is often formed and Recursive Least Squares (RLS)
algorithms are applied [102,105–107].
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Usually, the input noise is neglected, which leads to biased estimates. However,
in [108], a Weighted Total Least Squares (WTLS) algorithm is used to take input noise into
account. Further approaches based on the regression model for parameter identification
are observers [109], Lagrange multipliers [110], and the Genetic Algorithm (GA) [111]. The
latter is hardly implementable on-board due to the high computational cost associated
with it. An overview of identification methods and the corresponding literature is depicted
in Figure 4. While in most cases voltage and current are used for time domain parameter
identification, in [112], the impedance is determined in the frequency domain and an ECM
is parameterized based on the results.
Iterative Online Parameter Identification
Regression Model

RLS

(W/R)TLS

GA

Lagrange
Multiplier

State Space

Observer

EIS

EKF

VPA

DKF

Figure 4. Overview of modeling and online parameter identification methods and the corresponding literature.
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The literature published in recent years in terms of battery parameter estimation is
manifold. However, with respect to IBSs, efficient and robust algorithms are needed to be
applied on-board. Cell individual parameterization is enabled by sensing capabilities of cell
current and voltage, but the resulting computational burden has to be considered carefully.
2.3. Online Identification of Core Temperature
The temperatures of most interest in a Li-ion battery system are the cell’s individual
core temperatures which mainly influence aging and safety. Furthermore, the individual
electrical cell parameters are strongly temperature dependent and dominated by the region
with the highest temperature [113]. However, large format cells often used in automotive
applications are facing the challenge of temperature gradients inside the cells and the
core temperature can significantly differ from the temperature value measured by the
external sensors [114]. Unfortunately, measuring the core temperature, e.g., by integrating
sensors inside the cell, is still an unresolved challenge and thus a current research topic [115].
Another possibility is to use data or modeling based determination approaches to determine
the core temperature of the individual cells. Furthermore, model-based approaches can be
an important element of intelligent batteries in terms of their prediction functionality.
In the field of thermal modeling of conventional battery systems, various modeling
approaches already exist, which use detailed 3D-electrochemical-thermal (e.g., [116]) or
electro-thermal models (e.g., [117]). Detailed 3D-models based on electro-thermal coupling in any form are well-suited to analyze the behavior in detail. However, they are not
applicable for the use in a vehicle BMS and therefore inappropriate in an IBS due to their
high computational effort. In contrast, simplified modeling approaches are an attractive
option, if the relevant relations are implemented and the prediction accuracy is sufficient.
In general, real-time approaches can be organized and compared according to the modeling
approach, the model’s dimension, and the form of the modeled cell.
Simple mathematical models and Thermal Equivalent Circuit Models (TECMs) are
widely used for the thermal modeling of small cylindrical cells [118–121]. In the field of
TECMs, Forgez and Damay introduce models for a cylindrical cell [122] and a large prismatic cell [123] to resolve the transient differences between outside and inside temperature.
Comparable TECMs with one to three thermal masses and cell individual temperatures are
commonly used for system modeling with a large amount of cells [99]. Increasing the level
of detail, both Zhao et al. [124], for pouch cells, and Li et al [125], for prismatic cells, publish
models with an increased number of thermal masses per cell. Their models are therefore
capable of resolving even the local temperature distribution. Certainly, primarily the level
of detail defines the calculation time and needs to be selected with regard to the application.
Observer structures can also be used to estimate the core temperature with thermal reduced
order models using a surface measurement, as in [126,127], for example.
A different approach to physics-based thermal modeling is the data-driven approach
where appropriate datasets already include the information of the hardware influence
and interactions. Completely data-driven modeling approaches for conventional cells are
implemented in the literature for example by learning systems. Kleiner et al. [128,129]
and Panchal et al. [130,131] show how data-driven ANN models can predict the thermal
behavior of Li-ion cells in real-time. First, comparisons for the optimal architecture of the
adaptive system are made in [128,132] with the result that ANNs for time-series prediction
are better suited than simple feedforward networks.
There is one aspect that must not be forgotten when implementing thermal models for
IBSs which is the additional hardware components. If additional components are added
to the cell or system to be modeled, the thermal interactions need to be represented. A
first investigation with electronics representation is shown in [129]. Thereby, an intelligent
cell is modeled either with a TECM or an ANN with the result that both approaches
need to represent the electronics influence with different advantages in accuracy and
implementation effort of the models.
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A totally different data-driven approach is based on current and voltage measurements
and their evaluation via Electrochemical Impedance Spectroscopy (EIS). The EIS-based
methods are supposed to represent the core temperature non-invasively, faster, and more
accurately than externally placed temperature sensors [133,134]. Temperature indication
methods based on EIS rely on the premise that the electrical behavior of battery cells is
heavily temperature-dependent. By knowing the impedance spectrum, or parts of it, an
average core temperature can be deduced based on characteristic reference measurements.
The underlying temperature models correlate impedance with temperature and are very
similar to those of the model-based temperature prediction. Therefore, several researchers
combine both approaches [121,135].
Table 3 provides an overview of the published research in the last decade, starting with
the pioneering work of Srinivasan et al. [133,136] for single frequency EIS measurements.
In this overview, the common case, where no cell failures occur, is studied and summarized.
Nota bene, recent work of Srinivasan et al. [137] also evaluates the method in conjunction
with thermal runaway. There exist several other recent reviews and comparison works on
the topic of EIS-based temperature sensing [134,138,139]. In contrast, we strongly focus on
recently proposed variants that were tested with onboard equipment or at least consider
onboard conditions and issues in their investigations. The methods are categorized by
the therein incorporated features. Since the impedance Z ( jω ) is a complex number, its
representation is either in polar (| Z |, arg( Z )) or Cartesian coordinates (<( Z ), =( Z )). As
shown in Table 3, the most common approach is to use arg( Z ), which is assumed to enable
measurements that depend only slightly on SOC, State of Health (SOH) [140,141], and cell
capacity [137]. Additionally, | Z | can be subject to higher production fluctuations [142],
which reduces the reference models’ generalization abilities. Beelen et al. [138,139,143]
combine both <( Z ) and =( Z ), whereby the scaling between both features is optimized by
Monte Carlo simulations. An alternative approach is to perform a principal component
analysis to transform multi frequency impedance data into a compressed vector space,
which, to the authors’ knowledge, has not yet been described in the literature. Raijmakers et al. and Ranieri et al. use the frequency that is needed to hit an imaginary value
of 0 Ω [144–146] or 650 µΩ [145,147] as model input for temperature estimation. Thus, the
excitation frequency has to be swept between at least two values to interpolate the desired
crossover-frequency. The imaginary impedance value is chosen in a way that the load
current distortions get negligible for automotive applications (see Section 3.3 for further
information on onboard impedance estimation). In addition to measurement errors that
are caused by non-synchronous current sensing with superimposed load current, model
errors occur too [143]. Since the reference models were trained at equilibrium, missing
relaxation times due to load currents before and during the measurement lead to estimation
errors. While Socher et al. [148] conclude that the influence may be negligible under certain
operating conditions, Zhu et al. propose a compensation technique, whereby the deviations are eliminated by incorporating an exponential correction function depending on the
relaxation time [141]. Since the load current changes dynamically in Electric Vehicles (EVs),
an appropriate relaxation time cannot simply be determined and the consequences on
temperature estimation accuracy are not clear.
In summary, the influence of electronics and its representation in thermal models is
an important aspect that has been poorly represented in the literature and is discussed in
Section 5.4.1. Regarding EIS-based approaches, there is little published research [145,147]
that evaluates the method in a real-world test and compares it to conventional temperature
measurement.
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Table 3. EIS-based approaches for the identification of the internal temperature in alphabetical order. Abbreviations:
Lithium Titanate Oxide (LTO).

Features
Frequencies

Cell

x

50 Hz

90 Ah LFP

x

133/630 Hz

23 Ah NMC

<( Z )

=( Z )

Beelen et al. [138,139]

x

Beelen et al. [143]

x

|Z|

Carkhuff et al. [149]
Haussmann et al. [150]

arg( Z )

f

Ano.: 70 Hz

x

Cath.: 10 Hz

x

Morello et al. [151]

500 Hz
x

5.3 Ah N/A
26 Ah N/A

1 kHz

34 Ah NMC

Raijmakers et al. [144,145,147]

x

300–400 Hz

2.3 Ah LFP, 7.5 Ah NCA, 90 Ah LFP

Raijmakers et al. [145,147]

x

1.6–2 kHz

90 Ah LFP

x

80 Hz–2 kHz

12 Ah NCA

215 Hz

2.3 Ah LFP

Ranieri et al. [146]
Richardson et al. [120,135]

x

Richardson et al. [152]

x

Schmidt et al. [153]

x

Schwarz et al. [154]

x

Socher et al. [148]

N/A

Spinner et al. [155]

x

215 Hz

4.4 Ah LFP

10.3 kHz

2 Ah LCO & NCA

1 kHz

20 Ah LTO

N/A

21 Ah NMC

300 Hz

2.6 Ah LCO

40 Hz

2.3 Ah LFP, 4.4 Ah N/A, 50 Ah LCO

Srinivasan et al. [133,136]

x

Srinivasan et al. [137]

x

5 Hz

50 Ah LCO, 5.3 Ah N/A, 3 Ah N/A

Wang L. et al. [156]

x

12/44/79 Hz

1.3 Ah LFP

Wang X. et al. [157]

x

79.4 Hz

8 Ah LFP

Wang X. et al. [158]

x

10 Hz

8 Ah LFP, 40 Ah LFP

10–100 Hz

8 Ah N/A

Zhu et al. [140]
Zhu et al. [141]

x
x

600 mHz–17 Hz

8 Ah N/A

x

10 Hz

30 Ah LFP

2.4. Online Identification of State of Charge
The determination of the State of Charge (SOC) is commonly regarded as one of the
main tasks of the BMS to avoid overcharge, deep discharge, and reliable driving range
prognosis. Generally, various possible approaches exist to determine the SOC that were
surveyed in a number of reviews over the last years [21,159,160]. However, most of the
contained contributions focus on a single Li-ion cell, whereas today’s battery systems
consist of multiple cells connected in parallel and serial strings. Only a few publications,
which are discussed in the following, have addressed this topic so far.
Plett et al. [161] introduce an approach named bar-delta filtering where firstly an
average SOC is estimated (bar), and secondly the difference of each cell from the average (delta) is considered. Roscher et al. propose a similar method in [162] using Lithium
Iron Phosphate (LFP) chemistry, which is challenging due to the flat increase of the OCV
with the SOC. The system’s SOC is estimated with a Luenberger observer, and, for each
cell, a factor is adjusted online, which represents the divergence to the average of all cells. It
is further shown for Lithium Manganese Oxide (LMO) as well as for LFP cells [163,164] that
multiple EKFs can be utilized for the average SOC determination and for cell individual
SOC divergence. Following this, Sun et al. [165] focus on serial connected Lithium Nickel
Manganese Cobalt Oxide (NMC) cells and emphasized the need for efficient algorithms
for large battery systems. The approach of Yang et al. [166] is similar and focuses on serial
strings only.
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A substantially different method is proposed by Zhong et al. [167], where the LFP
battery pack’s SOC is determined with respect to the strongest and the weakest cell. The
authors state that the individual SOCs are less important for the battery’s total SOC than
the difference between the two cells with the highest and lowest SOC. To conclude, the
SOC determination is difficult in battery packs if current and voltage are not measured
individually for each cell. However, individual current information is difficult to obtain in
ordinary battery systems in particular with cells connected in parallel. At this point, we
emphasize the inherent advantage of IBSs where SOC estimation techniques are implementable with ease because each cell features individual sensors (in particular for current,
voltage, and temperature). Therefore, a wide range of estimation approaches which were
described in recent years for single cell application are adaptable for an IBS. A very simple
approach is integrating the current measurement over time, which is known as coulomb
counting. However, this approach is prone to current sensor bias errors that accumulate
over time. Otherwise, SOC estimation based on OCV, as applied in [168,169], requires
periods of low current and is usually much slower.
Most commonly, state observers [170,171], sliding-mode observers [172,173], or KFs
and their variations are applied for SOC estimation, which usually are based on an ECM
of the Li-ion cell. EKFs are mostly used with simple ECMs (see Figure 3) [174–177]. Sometimes, the model is enhanced by electro-chemical equations based on the Single Particle
Model (SPM) [178–180]. However, the model accuracy significantly influences the estimation performance [101,103,181–183] as does the measurement accuracy [110,181]. Most recently, SOC estimation is combined with estimation of further states e.g., SOH [173,184–187]
or State of Function (SOF) [188]. Otherwise, SOC determination is combined with the estimation of cell parameters like battery capacity [100,189,190], internal resistance [191], or
other model parameters [101,192,193].
Besides EKFs, Unscented Kalman Filters (UKFs) like the Sigma-Point KF are applied
for SOC estimation [194,195]. Adaptive KFs are utilized too [196,197]. A distinction is made
between joint KFs, where the state vector is augmented with the parameter vector, and
DKFs, where two KFs run in parallel, one as the state observer and one as the parameter
estimator. Furthermore, instead of combining only KFs, RLS algorithms [102,125,198] or
PFs [199] are also applied for parameter estimation. PFs are rather unsuitable for IBSs
though due to their high computational effort.
A more promising approach is SOC identification with ANNs as proposed by [200–203]
or Support Vector Regression (SVR) [204,205]. Training data sets of sufficient size must be
provided to exploit these methods. It has been shown by Ozean et al. [206] that Gaussian
Process Regression (GPR) can be also used for state estimation.
In contrast to the previous presented approaches that operate in the time domain,
in [207,208], SOC estimation is based on EIS. Here, it should be noted that the required
sampling rate corresponds to the desired frequency range of the impedance spectrum,
which usually is considerably higher than for methods in the time domain.
While usually only electric quantities are considered, intelligent battery cells sometimes are equipped with additional sensors. The relation between cell pressure and SOC
has come into focus in the last few years [209,210]. Ganguli et al. added fiber-optic
sensors for pressure and temperature measurement in Li-ion cells and utilize the additional sensor data for improved SOC estimation [211]. Similar approaches are pursued by
Ghannoim et al. [212,213] and Modrzynski et al. [214]. This topic will be further discussed
in Section 3.5 from a hardware perspective.
2.5. Online Identification of State of Health
Compared to SOC estimation, online determination of State of Health (SOH) is generally more challenging and indistinct due to ambiguous definitions of SOH. With regard
to the capacity, SOH is most commonly defined as the ratio between currently available
capacity Q and nominal capacity Qnom [22]. In more detail, one approach is to classify
the available capacity loss into Loss of Lithium Inventory (LLI) and Loss of Active Mate-
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rial (LAM) [215], e.g., by Differential Voltage Analysis (DVA) [216]. Contrarily, concerning
available power, which is of higher interest regarding hybrid electric vehicles, the increase
of the ohmic resistance R0 is regarded as SOH [217]. The growing Solid Electrolyte Interphase (SEI) causes the degradation effect in this case. Several reviews dealt with online
SOH estimation in recent years [22,218–220], where [221] focuses on machine learning
methods only. A broad discussion of the methods is omitted in this article and only the
most promising approaches, for the application in IBSs in EVs, are discussed in more detail.
Table 4 gives an overview of relevant contributions on SOH determination. Most
model-based approaches are based on ECMs, whereas physical models or SPM are scarcely
utilized. Using observers, like the popular KF, for SOH estimation mostly aims to determine the capacity directly. In contrast, data-driven methods like ANN or SVR require prior
testing to generate training data. The same is true for empirical methods where features
are linked with data from prior aging tests. To which extent the results of such tests are
applicable to other cell chemistries is questionable. Some researchers rely on features
like diffusion time [222], Constant Current Charging Time (CCCT) [223,224] or Constant
Voltage Charging Time (CVCT) [224,225], or focus on features embedded in the OCV by
applying DVA/Incremental Capacity Analysis (ICA) [226–229]. Here, it should be stressed
that these approaches require periodic charge processes to be applicable.
Of special interest is SOH identification based on EIS as it facilitates a quick determination procedure, especially when considering just one frequency that is sensitive to
degradations [142,230,231]. These methods are promised to be applicable on-board in an IBS.
With regard to cell individual SOH estimation, Lajara et al. [232] focus on simple
algorithms with low computational costs. They address the problem of wireless sensor
networks, where multiple battery systems operate simultaneously with limited computing
power. Ganeshan et al. [200] implement an algorithm that calculates SOC and SOH with
coulomb counting as well as an ANN on a low-budget 8 bit-Microcontroller Unit (MCU),
which emphasizes the need for algorithms that work with low computing power.
Finally, approaches based on additional sensors are discussed. Ganguli et al. [211]
embed a fiber-optic sensor into a Li-ion cell to measure strain and temperature. By conducting aging tests, a correlation between SOH and a certain wavelength at the end of charge is
found. Furthermore, Gong et al. [233] feature prismatic large format Li-ion cells (capacity
of 20 Ah) with pressure sensors to detect cell internal gas production. As they report,
capacity fade and internal pressure correlate with each other.
In conclusion, SOH estimation is a vibrant field of research. With more efficient model
approaches and improved hardware, even sophisticated physics-based models might be
introduced for EVs in the future as proposed by Li et al. [234]. While most methods
are based on current and voltage sensor data, evaluation of further sensor domains like
temperature or pressure is promising. The integration of these sensors is discussed in
Section 3. However, even without additional measurement data, the use of cell voltage and
current facilitates SOH determination in an IBS for each individual cell. This information
is helpful for operating strategies (see Section 4). Degradation of single cells is usually
invisible in conventional battery systems.
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Table 4. Online SOH identification approaches in chronological order. Abbreviations: Discrete Wavelet Transform (DWT),
Level Shifted (LS).
Modeling Approach

x
x
x

DKF
Adaptive O.
SMO
WTLS
RLS

x
x
LAM

x
x

x
x
x
x
x

x
x
x

x
x
x

x

x

x

LS
KF
PF
x
GA
Empirical
NLS

CVCT
CCCT
Calibrated O.
Sample Entropy
DWT
x
x
x
x

Empirical
Empirical
DKF
x
x
EKF

x
x
x

Diffusion Time

x

x

x
x

LAM, LLI
Gas Production

Empirical
Empirical

x
x

Vessel Model
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Point Counting

x
x
x

x

DKF
EKF/UKF

x
x
x
x

x

x
Fuzzy
Empirical
RF
LS

DWT
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

x
x
EKF, PF
x

RLS
IMM KF
x
DEKF
x

x

LAM, LLI

H∞
DKF
PF

x

Arrhenius

x
x
CVCT, CCCT

Empirical
DKF
UKF
x

DWT
x

Other

x
x

x
x
x
x
x

EIS

x

DVA/ICA

x

SVR

x
x

ANN

x

Observer

x
x
x
x

x
x

Methods
Other

x

R0

x

Capacity

Data-Driven

ECM

SPM

Physical

Troeltzsch et al. [230]
Lee et al. [226]
Haifeng et al. [217]
Chiang et al. [235]
Kim et al. [19]
Plett et al. [236]
Remmlinger et al. [237]
Hu et al. [174]
Rahimian et al. [238]
Andre et al. [192]
Feng et al. [227]
Kim et al. [189]
Nuhic et al. [239]
Prasad et al. [222]
Remmlinger et al. [240]
Schwunk et al. [241]
Weng et al. [242]
Zheng et al. [243]
Eddahech et al. [225]
Guo et al. [223]
Han et al. [244]
Hu et al. [245]
Kim et al. [80]
Zou et al. [185]
Berecibar et al. [246]
Wu et al. [247]
Zou et al. [186]
Dubarry et al. [248]
Gong et al. [233]
Huhman et al. [231]
Sanchez et al. [249]
Cai et al. [250]
Chen et al. [251]
Lajara et al. [232]
Li et al. [228]
Li et al. [252]
Santos et al. [253]
Shen et al. [198]
Smiley et al. [254]
Tang et al. [255]
Wassiliadis et al. [256]
Ganeshan et al. [200]
Yu et al. [257]
Zheng et al. [258]
Bi et al. [259]
Jiang et al. [260]
Liebhart et al. [142]
Liu et al. [224]
Maletic et al. [190]
Meng et al. [104]
Shu et al. [261]
Xu et al. [262]
Yang et al. [263]

Feature

x
Empirical
Empirical
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2.6. Online Identification of State of Function
To evaluate the battery system’s ability to fulfill its requirements regarding power, SOC
and SOH are less valuable metrics. According to Meissner et al., both states compensate
each other to a certain degree with respect to power output requirements [264]. Consider
an aged battery which will, on average over SOC, have a higher internal resistance than a
new one. This battery will need a higher OCV to achieve the same power output because
of a larger voltage drop across the internal resistance, which is possible by adjusting the
lower SOC-limit upward. Therefore, commonly the State of Function (SOF), also known
as State of Performance (SOP), is used to assess the power that is deliverable by the
battery instantaneously.
As state-of-the-art approach, the HPPC method is conducted for determination of
power capability, which was published by the Idaho National Engineering and Environmental Laboratory of the U.S. Department of Energy [265,266], but the test procedure
focuses only on not violating the upper and lower voltage limits. However, current, power,
SOC, and temperature limits are essential as well.
Recent approaches to online SOF determination are summarized in Table 5. As can
be seen, most methods refer to one or more limits. Most commonly, SOF evaluation is
based on an ECM and the maximum current is predicted for certain time windows (e.g., 5 s,
10 s) [267]. However, the current is assumed to be constant over the length of the considered
time window which may result in conservative SOF estimates during dynamic operation.
Table 5. Online SOF identification approaches. Abbreviations: Voltage (U), Current (I), Power (P), and Temperature (T),
Model Predictive Control (MPC).

Limits
U

I

P

Description
SOC

T

Method, Comments, etc.

Meissner et al. [264]

x

Considers current SOC, SOH and T

Bohlen et al. [268]

x

EIS

Plett et al. [269]

x

Kupper et al. [270]

x

Anderson et al. [271]

x

ECM

Bhattacharya et al. [272]

x

Considers Serial and Parallel Strings

Sun et al. [266]

x

Xiong et al. [273]

x

Fleischer et al. [274]

x

x

Xiong et al. [267]

x

x

Pei et al. [275]

x

x

Sun et al. [188]

x

x

Balagopal et al. [276]

x

Xavier et al. [277]

x

x

Charging Strategy with MPC

Burgos-Mellado et al. [278]

x

x

PF based on ECM

Dong et al. [279]

x

x

x

ECM

Malysz et al. [280]

x

x

x

ECM

Shen et al. [198]

x

x

x

Bisection Search
x

x

ECM and Thermal Model

x

ECM

x

ECM
Fuzzy ANN, considers current SOC, SOH and T

x

x

ECM, Time Horizon of 30 s
ECM

x

ECM
Binary

ECM with RLS for Parameter Identification

As the battery systems power capability is based on the capability of each single cell,
their specific SOF must be taken into account. Instead, most commonly, the cells’ states are
assumed to be equal [272], which is an oversimplification over battery lifetime.
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An IBS promises the benefit of more accurate determination of the battery system’s
SOF when each individual power capability is considered. Furthermore, as we will point
out in Section 4, operating strategies may take individual SOFs into account. Hence, SOF
determination on cell level is a necessary basis of advanced operation strategies in an IBS.
3. Implementation of Sensing in Intelligent Battery Systems
The previous section has shown the extensive opportunities of advanced monitoring
approaches under the premise of sufficiently available measurement data. Thus, the data
acquisition with sensing on single cell level is considered to be a vital building block for
the realization of an IBS, but at the same time its implementation represents a significant
challenge. Hence, the implementation of sensor technology has to be considered carefully.
In addition to most common sensor domains like current, voltage, and temperature, more
sophisticated sensor technologies are promising to gain deeper insight into the cell’s state.
However, this advantage comes at the price of higher costs and complexity. The approaches
range from the integration of sensors into the cell to the application of non-intrusive
diagnostic techniques like EIS and acoustic methods.
In the following, we give an overview of sensors and sensor domains, which are considered as promising for the use in IBSs and point out practical implementation, obstacles,
and open scientific questions. Furthermore, requirements with regard to the application of
BEVs are discussed.
3.1. Current
Electric current is one of the most important quantities in battery applications. While
conventional battery systems typically use one central current sensor, IBSs might use multiple
smaller current sensors that are distributed throughout the system [281,282]. This provides
additional data that can be used for advanced functions like error detection, sensor data
fusion [283], or to improve parameter estimation [284]. Due to the increased number of
sensors, the selection of current sensors in an IBS requires special consideration. This section
will give a summary of important requirements for potential sensor candidates. A brief
overview of suitable sensor principles is provided and promising methods are described.
In advance of selecting or developing a current sensor for an IBS, functional and nonfunctional requirements have to be defined: The sensor has to support the full range of
the cell’s charge and discharge current. Given the trend to cells with higher and higher
capacity, this can range from tens to hundreds of amperes. Sensors in IBSs have to be able to
measure DC but should also provide sufficient bandwidth for the frequency ranges that are
required by certain monitoring functions. Features like EIS or Pulse Width Modulation (PWM)
significantly increase the required bandwidth in comparison to conventional systems.
Additionally, there are various requirements concerning the quality of the obtained measurements. Measurement errors can affect functions like EIS as well as SOC and parameter
estimation. This in turn leads to increased safety margins that limit overall performance. Static
offset and gain errors are easily corrected in software, time, or temperature dependent error
drift is a more complex problem. Furthermore, nonlinearity can impair the spectra acquired
with EIS. These errors are difficult to compensate without time-consuming calibration. Sensor
noise compromises all monitoring functions. Signal processing methods, like filtering and
sensor fusion [283], help to reduce the effective noise power.
Research has been done on various current sensing techniques for a wide range
of applications [23,285–287]. Many of these techniques can be used for IBSs in EVs. The
suitability, however, greatly depends on the actual implementation of the system. In general,
current sensing techniques are categorized into resistive or electromagnetic methods.
While the former use a resistive element in the current path, the latter measure current by
measuring the electromagnetic field around a conductor.
A well-known resistive technique is to use a Current Sense Resistor (CSR), also
known as shunt resistor. Current sensing should not increase the parasitic resistance in
the current path; therefore, low resistance CSRs is used, and the resulting low voltage
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signal must be amplified. While the resistor itself is accurate and linear, the amplification
can impact measurement performance by introducing offset and gain errors as well as
nonlinearity [286]. Either the resistor’s parasitic inductance or the following amplifier may
limit the bandwidth of this technique. High precision CSRs are made of special alloys with
low temperature coefficients [286]. Additionally, temperature compensation may be used
to achieve good accuracy over a wide range.
Alternatively, one can use existing resistive elements for current sensing such as
wires or busbars. This reduces parasitic resistances but copper and aluminum, the typical
materials, have much higher temperature coefficients in comparison to CSRs. For short
conductor stretches, the low resistance makes the measurement of the resulting voltage
drop challenging. The high temperature coefficient makes temperature compensation
critical [286].
In IBSs with semiconductor actuators (see Section 4), switches can be used as a
resistive element. For Metal-Oxide-Semiconductor Field-Effect Transistors (MOSFETs), this
technique is known as RDS(on) -current-sensing. However, the on-resistance of MOSFETs
is highly temperature dependent [287] and subject to production tolerances of die, package,
and connection to the circuit board. Temperature gradients inside the MOSFET increase the
complexity. The relatively high on-resistance, which is unavoidable regardless of current
measurement, makes this method a promising approach.
Another technique that relies on the on-resistance of MOSFETs, are Sense-FETs. This
special type of MOSFET provides a measurement current, via an internal current mirror
that is proportional to the primary current [287]. The current mirror ratio can be matched
to the application. The instantaneous ratio depends on the temperature distribution on the
die and the primary current. This makes precise measurement challenging [288].
While the aforementioned techniques require a galvanic connection to the primary
circuit, electromagnetic based techniques are inherently isolated [287]. This is beneficial
for high-voltage applications. A common technique is to combine a Hall-element with
a magnetic core in order to measure the magnetic field around the conductor [287]. The
core concentrates the magnetic flux at the sensing element and suppresses the influence of
external fields.
Electromagnetic sensors tend to behave nonlinear and show a temperature dependent
offset. To improve linearity, closed-loop sensors are applied. This sensor class uses a
compensation winding to operate the sensing element at a constant flux [286]. This in turn
increases power consumption.
The problem of offset drift is addressed by using better sensing elements. Fluxgate
sensors are used in high-precision current sensors due to their extremely low offset [286].
Over the past few years, various types of magnetoresistive current sensors have also come
onto the market but are still not widely adopted yet.
The demand for small size and high integration in an IBS makes coreless electromagnetic sensors an appealing solution. Differential sensor arrangements are used to suppress
external fields [285]. Due to the confined space and resulting packing density in automotive
battery packs, crosstalk between neighboring cells is to be expected nevertheless.
While a lot of research has been done regarding current sensors in general, the authors
believe that additional research, targeting current sensing in IBSs, could lead the way to
more cost-effective solutions. For example, approaches to use knowledge of IBS system
behavior to compensate for errors, caused by low-cost sensors, with appropriate algorithms
have not yet been explored. Currently, we believe that CSRs offers the best performance
in a wide range of applications. In a system design that pursues maximum efficiency and
minimum cost, this solution is still far from optimal. There is still a lot of work to be done
in order to achieve an economic, energy efficient, and performant solution tailored to the
demands and challenges of IBSs.
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3.2. Voltage
Cell individual voltage measurement is already implemented in conventional Li-ion
battery systems. This is crucial for monitoring the upper and lower voltage limits of each
cell to prevent failure and damage. Voltage measurements are also required by all advanced
monitoring algorithms and are therefore an essential for IBSs.
In today’s battery systems, the cell voltage is most commonly captured by integrated
circuits, where the electrical signals are converted by ADCs and further processed by the
BMS controller. Precise data acquisition is an acquainted challenge. Usually, the accuracy is
limited to 1 mV, or more, for cost reasons. Higher measurement accuracy requires models
and look-up tables of corresponding quality, which is usually not the case, to be beneficial.
The trend to BMSs on cell level results in short wires. This is generally advantageous with
regard to signal integrity and Electromagnetic Interference (EMI) [15].
Further requirements may arise depending on the applied functionalities in an IBS. The
optimal sample rate depends on the algorithm that the measurement data are used for. For
monitoring the safety voltage limits, a sampling time of 1 Hz or even less is sufficient. State
and parameter estimation functions operate with sampling rates of 10 Hz–1 kHz. With regard
to high frequency switching (for example in inverter concepts, Section 4.3), the switching
frequency is in the range of many kHz, which severely affects the measurement process.
For impedance measurement, current and voltage have to be acquired synchronously.
Faced with a large amount of battery cells in the system, this task is challenging. Distributed
measurement systems are favorable, where the measurement hardware and its processing
is located close to each cell. In doing so, communication effort is kept low. Further thoughts
on impedance measurement are presented in the following section.
3.3. Impedance
The literature review of advanced monitoring in Section 2 shows that functions such as
SOH or SOF identification use impedance measurements in addition to cell voltage, current,
and temperature. They require measurements either at single frequencies or over a range of
frequencies also referred to as impedance spectrum. The metrological process of measuring
the impedance spectrum of an electrochemical cell is commonly called Electrochemical
Impedance Spectroscopy (EIS). However, in this section, the term is defined to include all
methods used with the intent of measuring impedance at arbitrary frequencies.
Literature on EIS is a broad topic, which can roughly be divided into the subdomains
of measurement, validation, and interpretation. A current review of the application of
EIS [289] covers all these subdomains and may serve as a starting point. In this contribution,
we will only review publications with a focus on the online implementation of EIS that
include experimental results of the proposed method. These limitations are made with the
intention of providing an overview of methods that are nearly applicable in IBSs.
The implementation of EIS requires to excite the cell, measure the response signal,
and evaluate the acquired data. These tasks are particularly challenging for large battery systems with small impedance. Measuring small impedances requires either large
excitation currents or sensitive, low-noise front-ends and data converters to be able to
measure the system response with sufficient accuracy for further processing. To enable
online measurements in commercial systems, the additional hardware costs should be kept
to a minimum. This is especially critical when impedance measurement is aimed to be
deployed on a module or cell level. The literature discussed in the following is further
summarized in Tables S1 and S2.
Methods that estimate ECM parameters from time domain data also fit the broadened concept of EIS as the impedance of arbitrary frequencies can be extracted from the
ECM. However, related publications were already discussed in Section 2.2 and will not be
repeated here.
As the excitation source, linear [149,157,290,291] and switched mode
actuators [147,151,292–295] can be found in the literature. For cell level measurement,
linear excitation is a simple and common technique, whereas switched mode actuators
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tend to be employed for large cells or packs to create arbitrarily shaped excitation signals.
It is desirable to use either low-cost or already deployed hardware for this purpose. This
includes, for example, the use of active [296] and passive [143,147,297,298] cell balancers,
as well as more advanced methods such as using charging circuits [299,300] or the EV’s
traction inverter [207]. Switched mode actuators can be further differentiated based on
whether the energy used to excite the system is dissipated as heat [301–303] or redirected
to reduce power dissipation [292,296,304]. The latter is especially relevant for large battery
systems, where high currents are necessary to obtain a sufficient voltage response. Omitting the actuators all together and measuring passively is also a viable option for many
systems [112,268,293,304–310]. This, however, requires the load current to exhibit dynamic
properties in order to be suitable as an excitation signal. Thus, in many cases, performing
passive measurements limits the usable frequency range [112,293]. Switching events in an
Reconfigurable Battery System (RBS) support the process of passive broadband impedance
measurement in a comparatively efficient manner [293,294]. Sophisticated methods for
excitation, using slightly modified existing hardware, are presented in [290,296,304]. The
work of Gong et al. demonstrates a unique hybrid architecture, combining the benefits of
linear and switched mode excitation [290].
Another challenging aspect of impedance measurement is the design of the Analog
Front End (AFE) for data acquisition. Single-ended and differential AFEs comprising
fixed or variable gain [292] amplifiers, Lowpass Filters (LPFs) for anti-aliasing, High Pass
Filters (HPFs) for removing low frequency and DC components [149,207,291,301], and more
advanced circuits are commonly found in the literature. A notable implementation was
described by Din et al. [296] using a digitally controlled DC servo amplifier for removing
DC offsets from the voltage signal to utilize a larger part of the ADC’s full-scale range.
The utilized servo amplifier also features a fourth order active LPF for anti-aliasing. A
CSR is most commonly used for current sensing [207,268,296,303,311], but Hall-effect
current transducers are utilized as well [112,293,294,301,302]. Low-cost implementations
use MCU internal SAR ADCs [157,292,300,301,304] in most cases. For more performant
systems, with an accuracy of >12 bit, standalone SAR or delta-sigma ADCs are employed
typically [296,299,311–313].
Before transformation of the acquired data to the frequency domain, preprocessing is
performed. Preprocessing steps may include, for example, digital filtering [268,290,314], gain
and offset compensation [290,292], segmentation [112,315], windowing [112,306,307,316], zeropadding [308], and down sampling [293,296,312]. Potential uses of digital filtering include
HPFs to remove low frequency components [290] and compensate for drift [314], Bandpass
Filters (BPFs) as preparation for correlation based postprocessing [268] as well as decimation
filters for down sampling [293,296].
For online impedance estimation, especially the usage of Discrete Fourier Transformation (DFT) based methods is widely accepted and applied in many publications. There
are also publications on time domain [268,291,317] and Laplace based [318,319] methods.
Laplace based methods, however, tend to suffer from high computational complexity and
are therefore challenging to implement on the resource constraint hardware of an online
measurement system [319]. The impedance is calculated based on Power Spectral Density (PSD) and Cross Power Spectral Density (CPSD) [112,207,292–294,320] or by directly
using the DFT of current and voltage [299,302,321]. PSD based approaches tend to yield
better results as they are less susceptible to noise and distortion. Such frequency domain
methods have not changed significantly since their introduction in 1982, when Osaka et
al. proposed the usage of the DFT for online voltammetry in analytical chemistry [322].
Depending on implementation and hardware platform, these calculations may impose a
significant computational burden.
To deal with this limitation, alternative approaches have been developed. Particularly
unconventional methods are proposed by Carkhuff et al. who use a root mean square
converter for magnitude measurement and an MCU timer peripheral as a phase detector [149]. Wang et al. calculate the impedance magnitude from the peak-to-peak ratio of
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the recorded current and voltage signals and the impedance argument from their relative
temporal offset [157]. These approaches, however, are best suited for sinusoidal excitation
and the absence of load current or other disturbances. More robust alternative approaches
are based on correlation of current and voltage in a selected frequency range [268], the
Goertzel algorithm [151,308,314], or single frequency DFT methods [296,300,311].
After impedance estimation, averaging may be utilized to reduce result variation
and allow for more accurate tracking of impedance changes over time [315]. Window
averaging [301], exponential averaging [297,306,315], and more advanced methods [305]
are proposed in the literature.
With cell level measurement in a multi cell system, the choice of a distributed architecture with central excitation seems natural [151,290,310,311]. If the current measurement is
also performed centrally, a reduction in electronics cost is achieved. This, however, requires
a method to synchronize current and voltage measurement. Synchronization methods,
based on communication or radio signals, are proposed in [290,310,311]. In addition to potentially reducing costs, the use of a distributed system allows for decentralized impedance
estimation, which can offload calculations from the main BMS and also reduce data traffic
in the communication system.
We draw a couple of conclusions from the present literature review. Regarding
methods for impedance estimation, no clear recommendations can be made since the
usability of the respective methods depends heavily on factors like excitation signal and
method, system architecture, or degree of disturbance during the measurement.
Distributed systems have shown good results for impedance measurement. They
require a mechanism for synchronizing the acquisition of voltage and current. The synchronicity has a large impact on the precision of the impedance argument at higher frequencies [311]. Further research in synchronization methods for BMS might therefore be
worthwhile as solutions for similar problems exist in other fields. Passive EIS was shown
to be feasible, but limitations of the instantaneous load current bandwidth have to be
addressed by using hybrid approaches that combine passive and active excitation [293,294].
If the computational complexity and disturbance susceptibility of Laplace-based processing were overcome, implementations using impulse excitation could provide a promising
alternative to Fourier-based approaches. This would enable the accurate transformation
of transient processes, without the need for windowing and the consequential distortion
of the results [318,319]. Averaging is shown to positively influence measurement quality
and is therefore recommended, especially for measurements with low SNR [315]. It can
be performed on frequency domain data as well as impedance data. To further reduce
cost and enable compact solutions, chip-level integration of dedicated battery EIS hardware, combining multiple components of the signal path on a single chip, needs to be
promoted [290,310].
The complexity of obtaining accurate impedance data is largely influenced by the
cell under test. Measurements on small, high energy density cells with relatively high
impedance are significantly easier to perform, since the system’s response to a given excitation current will be higher compared to large, high power density cells. By varying
environmental factors, like ambient temperature, the cell’s impedance can be further influenced to suit the measurement system and enhance the experimental results. The reader is
therefore advised to consider the magnitude of the impedance as an indicator for the intricacy of performing the measurement rather than the cell type or measurement conditions.
Given the multitude of factors that influence the measurement quality of EIS, it is clear
that a holistic approach that considers all steps of the measurement process must be taken
to bring online EIS to the module or even cell level.
In summary, the present literature review leaves the impression that the online estimation of battery impedance is feasible for applications, even though there is not a proven,
almost standard set of approaches, yet, and it still requires significant effort. If the application of online impedance information results in clear benefits, the effort is justified, and
there is enough research to point early adopters in a promising direction.
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3.4. Temperature
It is well known that the temperature is one of the most crucial parameters for safe and
reliable operation of Li-ion cells. In state-of-the-art BEV, a limited number of temperature
sensors are distributed within the battery, providing information to the BMS.
Due to their low cost and robustness, thermo-resistive devices such as thermistors
with Negative Thermal Coefficient (NTC) are mostly used for temperature measurements
in Li-ion EV batteries and portable devices [323,324]. Thermo-junctive devices (thermocouples), based on the Seebeck effect, are also broadly used in multiple studies [325,326]
exhibiting good reliability and decent accuracy. Other methods such as thermal imaging [327,328], Johnson noise [329,330], and liquid crystals, despite their benefits, are too
pricy and/or too bulky to be used in mass applications.
However, to improve the safety and the overall efficiency of the battery systems,
the rising number of fails and fires reveals the necessity of cell individual temperature
monitoring [134]. Therefore, in recent years, a significant amount of scientific work was
conducted to develop new approaches and sensors for temperature monitoring in Li-ion
battery systems.
Various studies show that, due to the large thermal mass and the anisotropic thermal
conductivity of the jelly roll the difference of internal and external temperatures can be
significant, especially at high currents [325,328,331]. As a consequence, the internal cell
temperature is often underestimated by external temperature measurements [332].
A rising number of scientific works focus on integration of temperature sensor in the
Li-ion cells. Although cell internal sensors provide technically significant benefits for the
safe and reliable operation of Li-ion cells, their implementation proves to be challenging
and costly. Several requirements have to be fulfilled for sensors to be successfully integrated
within commercial Li-ion cells for BEVs:
•
•
•
•
•
•

low costs;
small size, so that the volumetric energy density of the cell is not significantly reduced
long term chemical stability towards the electrolyte;
negligible impact on the cell performance;
compatible with the cell assembly process;
reliable operation at least for eight to ten years depending on the local geopolitical
regulations.

Thin film temperature sensors based on thermistor and thermocouple technology
are low cost and small-sized, however, need to be isolated from the aggressive liquid
electrolyte of the Li-ion cells. Thereby, the used materials as well as the processing methods
need to be considered for reliable and reproducible long term operation. Several studies
use polyimide materials as support material or protective coating due to its very good
thermal conductivity and chemical stability in polar aprotic solvents [333–335].
Mutyala et al. [334] reported a technique to fabricate a flexible thin film K-type thermocouple device embedded in polyimide and transferred to a thin copper foil. The sensor,
which was attached to the outer face of the jelly roll of a 3 Ah NMC/graphite pouch cell,
showed reliable behavior during the charging and discharging of the cell at different
C-rates (see Figure 5a).
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(a) Thermocouple © Elsevier 2014

(c) Resistance Temperature Detector (RTD) © Elsevier 2020

(b) NTC Thermistors © Elsevier 2019

(d) FBG © Elsevier 2017

Figure 5. Integration of various sensors: (a) Thermocouple attached to the outer face of the cell stack of a 3 Ah pouch cell [334]. (b) NTC thermistors integrated within the cell stack of
a 5.5 Ah pouch cell (A–D) and in the mandrel core of an 18650 cylindrical cell (E–H) [331]. (c) RTDs integrated within electrode cavities [333]. (d) Integration of an Fiber Bragg Grating
Sensor (FBG) within the cell stack of a 15 Ah pouch cell [336]. All reprinted with the permission of Elsevier, 2021.
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However, the authors do not report behavior and stability of the sensor over continuous cycling. Martiny et al. use a polyimide substrate to fabricate thin K-type thermocouple
sensor assembly (54 µm) by sputtering Ni and Cu. Subsequently, the sensor, covered by
a polyimide tape, is inserted in a 2 Ah Lithium Cobalt Oxide (LCO)/graphite cell [335].
The authors report that, while no influence from the sensor on the cell response is observed, the behavior of the sensor after few cycles is unreliable and irreproducible, most
probably due to electrolyte leakage. The same group reports similar behavior for 27 µm
sensors using as a protective Parylene C coating, deposited via vapor deposition polymerization [337]. After the cell disassembly, damaged coating as well as massive corrosion
of the Cu is observed. Although Parylene C exhibits high chemical stability and forms
thin pinhole free coatings, its poor adhesion in liquid environments is generally an issue [338]. Fleming et al. [331] report a stable behavior of NTC thermistors with Parylene C
protective coating, integrated directly into the mandrel core of 3 Ah Lithium Nickel Cobalt
Aluminum Oxide (NCA)/graphite 18650 cell as shown in Figure 5b. After the attachment
of the thermistor to a polyimide substrate, the authors apply 1 µm Parylene C coating via
vacuum deposition. According to the authors, the integrated sensors are durable and have
no adverse effect on the cell performances for the studied period of three months. The
authors report similar behavior when the sensor is integrated between the middle layers of
the jelly roll of a 5.5 Ah LCO/graphite pouch cell (see Figure 5b). Although the authors
do not observe an impact of the sensor integrated in the middle of the pouch cell, it is
to be expected that the sensor would impede the ionic flow at this position between the
electrodes, especially when the cells are compressed within a module.
Zhu et al. [333] suggest the integration of several thin polyimide embedded platinum
RTDs in specially created cavities within the electrodes, so that the ionic flow is not
disturbed (Figure 5c). The cells show a stable behavior over 100 charge/discharge cycles;
however, a slight reduction of the cell capacity is apparent due to removal of active material.
3.5. Mechanical and Volumetric Change Detection
Another important parameter that is changing during the operation of Li-ion cells,
is the mechanical stress induced in the cells by the main reversible intercalation and
deintercalation of Li-ions and the side reactions. Due to lithium exchange between the
electrodes, the active material contracts and expands. This effect is called breathing and
is directly related to the lithiation of the electrodes. Irreversible aging effects, such as
SEI growth and electrolyte decomposition, cause permanent expansion of the cell, called
swelling. Additional information about the mechanical changes within the cell has the
potential to significantly improve the in operando determination of SOC and SOH of the
individual cells in the battery system. It can also support the early detection of safety
critical events [339–342]. The general methods that are used for monitoring mechanical
effects in individual Li-ion cells are summarized in two recent reviews [343,344].
In real applications, the volume changes are impeded by mechanical constraints, such as
cell and module housing, inducing strain within the cells [343]. Few studies suggest the combination of thermal and strain sensors to simultaneously monitor the temperature and the
mechanical changes within the cell during operation for improved and efficient assessment.
Knobloch et al. [345,346] report the design of a thin sensor platform containing platinum RTDs for temperature measurements and a flat spiral eddy current displacement
sensor. The sensor platform is attached to the housing of prismatic 5 Ah NMC/graphite
cells and the cells are assembled into modules, so that the sensor platforms are positioned
in between the cells [345]. Moreover, the authors instrument a 2014 Hybrid Electric Ford
Focus battery pack, containing 76 compressed cells, with 19 sensor platforms [346]. Although the authors observe the expansion and contraction of the cells during charging
and discharging, only the deflection of the cell in the lower SOC range is measured, due to
the resolution of the eddy current sensor and the low displacement of the hard cased cells
under compression. Nevertheless, the authors report that the cell individual RTDs detect
the temperature changes better than the few original thermistors in the battery pack.
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Hu et al. [26] prepare a health monitoring sensor consisting of piezoelectric/pyroelectric
polymer array (vinylidene fluoride-trifluoroethylene) and a thin-film transistor array by an in
situ poling process. Attached to a Li-ion cell, the polymer array provides a real-time response
to externally applied mechanical and thermal changes while the thin-film transistor array
responds to quasi-static mechanical damage with a high resolution of 50 µm. According to
the authors, the suggested monitoring sensor can be used as an early warning of mechanical
and thermal damage.
Another popular approach for measuring the mechanical changes and the temperature
in Li-ion cells is the integration of Fiber Bragg Grating Sensors (FBGs) [347]. FBGs are
light-weight, small-sized, tolerant to EMI, and electrically insulating which makes them very
attractive for application as internal sensors in Li-ion cells. FBGs are sensitive to temperature
changes that influence the refraction index and cause thermal expansion of the optical fiber.
Moreover, the Bragg wavelength is affected by strain due to physical elongation of the FBG and
photo-elastic effects. Thus, many studies utilize the sensitivity of the FBG to simultaneously
monitor the temperature and the surface or internal strain of Li-ion cells.
Several works claim that the integration of FBGs into the mandrel core of cylindrical
cells is a promising method for in situ monitoring of the internal temperature [348–350].
However, it needs to be verified that the integrated sensor of the cell is not blocking the
mandrel. Clogging the mandrel will increase the risk of cell bursting as it provides a path
for molten material and gases to flow to the burst vent in the case of thermal runway [351].
Other contributions show that FBGs, attached to the surface of free standing pouch or
prismatic cells, provide meaningful and reliable data on the temperature and mechanical
changes occurring as a function of the SOC during operation [352–354]. It is shown that
FBGs exhibit 28 % lower rise time compared to K-Type thermocouples, emphasizing their
real-time monitoring capabilities [355]. Furthermore, it is suggested that FBGs are deployable within the jelly roll or even in the electrode coatings [336,356–359]. The mechanical and
temperature changes during operation can be precisely monitored in this position. More
comprehensive information on the application of FBGs are found in recently published
reviews [134,343].
Despite the promising results, several issues regarding the integration of FBGs in real
applications should be considered. Few studies report that internally integrated optical
fibers can cause significant mechanical damage to the electrodes and the separator during cell
operation [353,357,358]. However, Raghavan et al. manage to successfully embed optical fibers
during the assembly of 15 Ah pouch cells with LG Chem’s stack-and-fold bi-cell structure (see
Figure 5d) and report stable cycling behavior even during stress test [336]. Moreover, the
authors emphasize the applicability of their approach to EV batteries and project the costs
up to the system level [211,336]. The additional cost is significant and thus regarded as an
obstacle for the successful application of FBGs as cell integrated sensors.
The application of optical sensors for the characterization of Li-ion cells gained significant popularity in the scientific literature recently. Several publications of the same
research group report measurements of the SOC of small laboratory cells. An optical fiber
is embedded into the graphite anode to exploit the strong correlation of the graphite’s
reflectance in the near-infrared band and the anode’s lithiation [212–214,360]. The authors
suggest the application of in situ fiber evanescent wave spectroscopy (FEWS) as a costeffective, real-time, and robust method to monitor the optical changes of the graphite anode
during operation. Their preliminary studies show that the capacity fade of the anode can
be monitored in operando [361]. However, the presence of the optical fiber within the electrode can impair the lithiation in the vicinity of the sensor, impeding the Li-ion diffusion
similar to defect-induced diffusion behavior changes [362]. Moreover, further studies on
larger cells, where the SOC distribution within the jelly roll is more inhomogeneous, are
essential for further consideration of FEWS for application in real battery systems.
In recent years, ultrasonic probing is gaining popularity as a non-invasive technique
for characterization of commercial Li-ion cells. In ultrasonic measurements, an actuator
emits a wave which propagates through the medium and a sensor measures the system’s

Energies 2021, 14, 5989

27 of 82

response to the excitation [343]. The measurements can be performed in reflection, throughplane, or in-plane modes, depending on the position of emitter and receiver. The higher
the density of the sample, the higher the attenuation of the signal.
The performed studies reveal that SOC and SOH of Li-ion cells can be successfully
estimated by ultrasonic probing. According to the literature, the mechanical changes that
arise during operation, can be monitored by tracking the propagation speed as well as the
amplitude of the signal. Davies et al. report that the propagation time and intensity of
the through-thickness bulk waves can be used as predictors for SOC and SOH estimation.
They use cell voltage, Time-of-Flight (TOF), and total signal amplitude metrics to train a
simple machine learning model. According to the authors, an SOC prediction error of ±1 %
is achieved [363].
Moreover, it is suggested that ultrasonic probing can be integrated into EVs and
portable devices by using basic signal processing electronics and simple piezoelectric
transducers [364]. Another use case is end-of-life assessment [365]. The majority of the
studies use high frequency transducers, such as piezoelectric transducers. They offer
an opportunity for smaller packaging, since the active element thickness is inversely
proportional to ultrasonic wavelength [363]. Some authors suggest the operation at lower
frequencies which enables the analysis of slow compressional waves [366].
Table 6 provides an overview of the research on ultrasonic probing for characterization of Li-ion batteries. The performed studies imply that ultrasonic probing of Li-ion cells
is a promising technique for state assessment of different cell compositions. However, the
majorities of the studies are performed with relatively small single pouch cells, and it is
shown that the acoustic behavior becomes more complex as the number of pass-through
layers grows [364]. Further studies on larger cells are necessary in order to access the
applicability of ultrasonic sensors in EV battery systems. There is also a lack of studies
on prismatic cells with wound jelly roll structure. In addition, concepts and examples for
integration of the sensors on module and system level have not been yet reported.
Table 6. Application of ultrasonic probing for characterization of Li-ion cells in the literature. All cells feature graphite
anodes. Abbreviations: pouch (po), cylindrical (cy).

Cell Type

Capacity

Frequency

Operation Mode

Application

LCO po

210 mAh

2.25 MHz

temporally resolved pulse-receive
acoustic TOF measurements

stress induced failure [367]
SOC/SOH

LCO po

200 mAh

2.25 MHz

transmission mode

SOC/SOH estimation [363]

LFP po

1.1 Ah

n.a.

n.a.

n.a.

LCO po

1 Ah

5 MHz

pulse echo mode through
transmission mode

detection of local
degradation [368]

LCO po

1.2 Ah

200 kHz

LCO po

n.a.

2.25 MHz

NCA cy

n.a.

NMC po

transmission mode

SOC determination [366]

pulse echo mode

SOC determination [364]

n.a.

through transmission mode

n.a.

3.3 Ah

n.a.

in-plane and through-plane modes

mechanical structure during
high temperature abuse [369]

NMC po

3.65 Ah

100–200 kHz

acousto-ultrasonic guided waves
in-plane mode

SOC determination intercalation
staging [370]

NMC po

36 Ah

200–600 kHz

non-contact air-coupled

SOC determination [371]

4. Reconfiguration in Intelligent Battery Systems
Advanced monitoring with the necessary implementation of sensors in an IBS solves
the challenge of unknown single cell states in automotive battery systems. However, even if
the cell states are known and potentially weak cells are identified, the fixed interconnection
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of multiple battery cells in today’s automotive battery systems prevents flexible intervention. The conceptualization of a multi-cell topology is defined in the battery design process
and is permanently linked during production via rigid electrical connections. However,
the operation of the entire system has to be restricted in such a way that the conditions are
acceptable for each cell in the battery [372,373]. A promising technology to overcome these
limitations is reconfiguration which has been widely discussed in the literature.
For this work, an IBS with reconfiguration functionality is called Reconfigurable
Battery System (RBS), which is defined by the following capabilities in its minimum
configuration (see also Figure 6):
•

•

The smallest unit in an RBS can be a single cell or multiple cells combined. Since these
cells do not necessarily have to be cells of the same type or even battery cells, the
smallest unit is referred to as Energy Storage Unit (ESU) (Figure 6a). However, in the
case of multiple cells, the flexibility of having influence on each individual energy
storage decreases [374].
An RBS is characterized by the fact that connections between the inherent ESUs can
be changed during operation. As visualized in Figure 6b, an ESU can have three
different states:
An ESU can be switched out of the power path, while the power path is either
further maintained after switching of the ESU (bypass state) and/or the switching
of the ESUs disrupts the power path (idle state).
An ESU is switched into the power path (active state).

–

–
•

An important feature of RBSs is that these states are reversible and can be repeated
multiple times during operation. Furthermore, such a system can be designed in a
way that it contains multiple load paths and that an ESU is assignable to one or more
of them. It is worth noting that an RBS needs to be able to change its configuration in
real-time depending on system state [372,373].
ESU “B”

ESU “A”

ESU “Z”

…
Cell 1

Cell 2

Cell 3

Cell 4

Cell Z1

Cell 6

Cell Z2

(a) Several possible ESUs as smallest unit in an RBS.

active

ESU

bypass

ESU

idle

ESU

(b) Different reversible states of ESUs in a serial connected RBS with half bridge microtopology.

RBS Type 1

U

ESU “A”

ESU “A”

ESU “A”

ESU “A”

ESU “A”

ESU “A”

t
U

RBS Type 2

t
U

RBS Type 3

ESU “A”

ESU “X”

ESU “Y”

t
t

(c) Schematic representations of RBS Types 1–3.

Figure 6. (a) Visualization of possible ESUs including single cells, multiple cells, and different cell types. (b) A serial
connected RBS with half bridge microtopology and all possible switching states. (c) Schematic representation of RBS
Types 1–3 with the respective output voltage waveforms.
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Reconfiguration actively controls the energy flow through the battery system. As
a consequence, new opportunities arise to influence system states in the battery system
during operation and over lifetime. In addition, RBSs gain flexibility and scalability compared to conventional battery systems and increase their tolerance to failures of individual
ESUs [372,373,375,376]. Different general expansion types of RBSs are differentiated in
Figure 6c, since not all applications require an RBS with its maximum possible configuration or functionality. These general types are introduced by the example of a two-switch
microtopology in serial configuration. The multitude of possibilities of different micro- and
macrotopologies will be shown in the following sections:
RBS Type 1 uses reconfiguration to directly change the state of an individual ESU. The
main goal of this expansion level is to change or adjust the SOC [377–380], the
temperature, and the SOH of an individual ESU as well as to guarantee its operation
in case of single ESU failure [379,381]. Reconfiguration is thus used to influence
internal states so that the batteries performance matches a new one’s for as long
as possible. Since it has the same electrical output characteristics as a conventional
battery but an extended lifetime, this technology can directly replace conventional
battery systems in BEVs.
RBS Type 2 performs reconfiguration dynamically and continuously to achieve the desired condition to operate the load, resulting in AC output voltage wave-forms. This
leads to a transfer of the power electronics into the battery system and thus a fusion of both components. In the literature, Type 2 is referred to as an Multilevel
Inverter (MLI) [382]. Commonly, the system is arranged in multiple strings of ESUs
to supply multi-phase AC. In an electric drive train, an IBS with MLI technology can
directly operate an electrical machine without additional components.
RBS Type 3 are battery systems in the form of Type 1 or Type 2. They are used to operate
different types of ESUs in one system. This type is called Hybrid Battery Storage
System with the goal to combine ESUs e.g., with different energy storage capability
or different power ratings [374]. With Type 3, an automobile manufacturer can, for
example, replace defective cells in a battery system of an older costumer vehicle, even
if the battery technology has changed in the meantime.
4.1. Basic Functions
The integration of switches into the battery system enables the BMS to directly control
the operation of individual ESUs. In this way, it is possible to define which ESU actively
contributes to the operation of the load. Furthermore, the load on the ESU has a significant
influence on internal state variables of the ESU, such as the SOC, temperature, or aging.
Reconfigurable IBSs can exploit this impact to increase the performance of the battery
system. Thereby, the basic functions are mostly implemented with a single cell ESU, since
balancing, detection, and handling of bad blocks is mainly dedicated to single cells.
4.1.1. Bad Block Management
As shown in Section 2.1, IBSs are equipped with the potential for extended fault
diagnosis. In addition, with an RBS, a new control lever is established at the ESU level
while conventional battery systems have no ability of error handling, except shutting
down the entire system. In a first step, the switches of an RBS can be used to identify
weak cells, since they are advantageously for active fault diagnosis [32,383,384]. Secondly,
cells with unusual behavior can be removed from the load path at an early stage without
having to interrupt the operation of the load [385]. Such procedures are called Bad-BlockManagement (BBM).
With a cell detected as abnormal, an RBS has the capability to reduce its effective
operating time by dynamic bypassing or by switching off the cell permanently. The decisive
factor is whether the state of a cell is defined as safe or unsafe for further operation [386].
Already, RBS Type 1 allows for an improved localization of faults within the battery
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system [32]. This is possible since RBSs can operate even if some ESUs are isolated or
bypassed as long as the load demands can be fulfilled, and the battery system safety
boundaries are taken into account. However, each isolated cell further limits the electrical
performance of the battery system.
There are methods that try to tolerate ESU failures completely maintaining the electrical performance for a certain number of ESU failures [385]. For this purpose, redundant
ESUs is kept available, which are not integrated into the operation or are cyclically exchanged with active ESUs [387,388]. This oversizing makes the system heavier, bulkier,
costlier, and less efficient, since even bypassed cells generate ohmic losses while the maximum possible voltage is not used. RBSs usually has a large number of redundant switching
states. However, the load can be operated normally even in the case of an error. If no
redundant hardware is available, the full control is limited only by the faulty ESU [384,389].
A further aspect of dynamic BBM comprising weak but safe cells is that the individual
cell states are influenced by the BBM procedures [386]. Related to the thermal interactions,
this aspect is discussed in Section 4.1.3.
For multi-phase systems of RBS Type 2, it is important to note that mostly symmetrical
output voltage systems are needed, so that an ESU failure in one phase will affect the other
phases in order to maintain the symmetry [389]. Thus, for AC voltage systems, more
sophisticated methods are found in the literature, which enable increased fault tolerance
without over-dimensioning. These methods do not require any additional hardware, since
they are based purely on the control of the RBSs. These are procedures of the Neutral
Point Shift (NPS) [385,390,391]. The NPS for fault tolerant operation tries to maximize the
load voltage by adjusting the phase shifts of the output system bringing the load voltage
systems amplitudes as close as possible to the desired original system [381,392–394].
4.1.2. Balancing
Deviations in SOC between ESUs can be caused by internal or external influences [373].
Internal imbalances are manufacturing variances, which are production-related differences
in the capacities, internal resistances [395,396], and self-discharge rates [397]. Examples for
external influences are the discharge via non-ideal parts of electronic circuits or safety components, leading to effects similar to self-discharge [396]. Both classes of influencing factors
are subject to environmental influences such as temperature [396,397]. Since the ESUs in
a conventional battery system is permanently connected to each other, the entire battery
system can only be operated until the limits of the weakest cell are reached, even if other
ESUs have not yet reached their cell-specific limits [372,376,396]. These differences can
increase over the lifetime of the ESUs [376,398,399]. To prevent this, balancing procedures
are implemented in battery systems.
Three types of balancing methods can be distinguished in conventional Li-ion battery systems: shunting, shuttling, and energy conversion. Shunting is often referred
to as passive balancing [395] as the energy conversion is dissipative [400,401]. For the
shuttling method and energy converter method, there are different topology architectures [395,402–404]. A classification can be made on the basis of energy flow either from
single cell to pack, pack to single cell, or single cell to single cell. In general, the energetic
poor passive balancing seems to have established itself in practice at present conventional battery system due to best cost–benefit ratio. There have been numerous reviews
of these conventional methods concerning hardware and operating strategies in recent
years [395,402–404]. In general, these methods can also be used in IBSs with an adequate
operating strategy. At this point, we focus on a different balancing method, which shifts
energy between the load and the ESU by using the reconfigurability of an RBS.
For RBS Type 1, where the output voltage must not change or should only change very
slowly in relation to the discharge time, a compromise must be found between balancing
functionality and output voltage quality. This is in order to create degrees of freedom for
balancing on the one hand and on the other hand to minimize battery losses and meet the
voltage requirements of the load. Manenti et al. [379] consider this condition as fulfilled if
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in large battery systems the weakest cell is taken out of the cell compound for adjusting
SOC during operation. In this case, the previous redundant cell is switched back into the
load path as a new one is isolated. Practical validation shows the feasibility of this method.
Bouchhima et al. [405] utilize dynamic programming to solve a finite horizon nonlinear optimal control problem using network modeling in order to find optimal distribution
of balancing impact. The algorithm decides how much balancing is currently justified to
achieve minimal power losses, if future charges are comparable to historic power distributions. The authors show that the model is robust against inaccurate power prediction.
The approach is advanced and designed for online application, but the algorithm becomes
computationally complex when applied to larger battery systems.
In contrast to the systems described above, RBS Type 2 permanently changes its
output voltage. The discharge time is orders of magnitude greater than the cycle times of
the periodic voltage changes. Thus, charge balancing methods are an integral component,
since these systems use reconfiguration for the adjustment of the output voltage [406,407]
with the charge withdrawal being cell-individual. It is irrelevant for the output voltage
for which ESUs are cascaded to form the output voltage as long as the sum of the voltages
produces an acceptable output voltage level. This results in intrinsic degrees of freedom
for balancing.
Focusing on RBS Type 2, a simple balancing-algorithm is implemented
in [380,387,408,409]. Thereby, the assignments of the ESUs to the voltage units are periodically rotated. Therefore, the average load times are theoretically identical for all
ESUs over the entire operation time. The method is statically not able to compensate for
deviations of ESU or for example initial SOC deviations.
A comparable method is used by Babaei et al. [410], where a shift angle optimization
for energy equalization is proposed. However, this method only considers the charge
inequalities that are introduced due to the multi-phase functionality. The actual load is
taken into account; however, classical reasons for charge differences like self-discharge and
capacity differences are not considered.
Chang et al. [411] present a phase-shift carrier modulation for an active cell voltage
equalization, where a closed-loop controller adjusts the phase shift angles according to
voltage inequalities. Nevertheless, due to the carrier-based method, only voltage and not a
SOC-based balancing can be performed [411,412]. Due to aging, this can lead to short-term
load balancing processes reducing the effectiveness of the procedure.
Methods using sorting algorithms in combination with an RBS are often used to
achieve equally charged battery systems [413–415]. Their aim is to assign higher charged
cells to lower voltage levels, since these levels are operated longer resulting from the
typically sinusoidal-shaped waveform of the output voltages. The sorting algorithm
evaluates voltages or SOC and adopts evolving differences in a closed loop overall battery
control strategy during operation.
Goetz et al. [416] introduce balancing strategies for topologies with parallel connecting capability. For this kind of topology, cells are not switched in idle, but the individual cell
load is reduced through parallelization of cells. Therefore, besides minimization of losses,
the controller keeps track of the maximum time each cell was in a parallel configuration.
Especially for RBS Type 2 in star-configured macrotopology, three or more phase
strings are set up. Usually, each string consists of a number of serial cascaded ESUs. To
operate a three-phase load, all three phases are needed. Therefore, a balancing between the
phases has to be considered to prevent early stopping due to under- or overcharge of one
string while the other two strings are still operable [406,407]. To ensure inter-phase balancing for a converter topology, an asymmetric power distribution over the three phases of a
three-phase converter must be established. Therefore, the overall performance must correspond to the required performance. Hardware solutions are one option, but they are bulky
and expensive. In the literature, multiple software approaches are investigated [417–419].
Balancing by reconfiguration is a convenient way for RBS to solve balancing issues
in a simple and flexible way. It is superior to conventional balancing systems because
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it is software-based and no additional hardware is required. Furthermore, it is truly
lossless and adjustable to different balancing needs over lifetime. However, balancing by
reconfiguration is only possible in operation with load currents.
Even though balancing by reconfiguration is generally based on the same principle for
all RBS types, a distinction must be made in the application between RBS Type 1, Type 2,
and Type 3. For RBS Type 1, balancing is in general in direct conflict with energy efficiency
for all balancing strategies, since the output voltage is reduced when cells are switched
out of the load path. However, in the opinion of the authors, the simple redundant cell
approach is a sufficient method for most applications and can also be used with a rule-based
on/off strategy to optimize efficiency based on different load situations.
Advanced balancing approaches do theoretically have better efficiency by finding
optimal solutions, but this does not seem to justify the computational effort in terms of
energy and hardware costs. These algorithms constantly try to exploit off-peak periods.
However, these are abundant in the operation of electric cars and therefore do not need to
be used particularly efficiently.
For RBS Type 2, balancing becomes an integral part of the system but is intrinsic and
truly lossless, as reconfiguration is part of generating AC output voltages. A reasonable
approach might consider equal load methods to reduce balancing effort by a static balancing
rule, but do not consider ESU differences. Additional methods should be used to account
for random ESU state deviations based on the actual system states. Since these effects
are small, the balancing methods should again be as simple as possible and balance the
different SOCs of the ESUs in a controlled manner. In RBS Type 3, the inherent balancing
properties of RBS are exploited to combine heterogeneous ESUs into a single battery system.
Depending on the degree of inhomogeneity, more advanced balancing procedures may be
required to manage the balancing effort.
4.1.3. Wear Leveling
The term balancing is usually limited to SOC balancing. However, the given methods
can also be extended to other ESU states. In the literature, there is also an attempt to
adjust the aging behavior of ESUs in a battery systems [376,420] and often the temperature
is included in this context due to its relation to aging and safety [421,422]. Operating
every cell in a module/system the temperature depends in general on the cell specific heat
generation of various cells and their position regarding the cooling system. If it is possible
to bypass cells in the system, the local heat generation of the bypassed cell is approximately
zero, while the cell current of the remaining active cells increases automatically to meet the
performance requirement. With knowledge of the resulting thermal behavior regarding
bypassing a cell or a parallel string, it is possible to implement intelligent algorithms that
perform balancing by switching not only for the thermal state. Furthermore, the focus
of wear leveling is to optimize multi-dimensional inhomogeneities e.g., of SOC, current,
temperature, and aging [2] comprehensively within the system.
Bouchhima et al. [423] evaluate the possible impact of an RBS on the main driver for
aging of Li-ion batteries including cell temperature, OCV, Depth of Discharge (DOD), and
charge throughput. Since most of these parameters are influenceable by reconfiguration,
an aging model is introduced. Based on the calendric and cyclic factors, a significant
enhancement on the battery lifetime and energy throughput over lifetime with an RBS is
achieved. Moreover, it is shown that cell inhomogeneity decreases with RBS operation.
Kleiner et al. [424] introduced an adaptive balancing algorithm with the focus on thermal
homogeneity implemented on a reconfigurable module hardware. Thereby, the authors
pointed out the resulting thermal effects of the current increase as well as the interactions
of temperature and SOC homogeneity related to RBS procedures. Atlaf et al. [421] consider
the simultaneous balancing of SOC and temperature. The close dependence of the two
quantities on the current flow is modeled, and an active balancing of SOC and temperature
is illustrated in a suitable control strategy. However, the use of the predictive control framework solves a rather complex control problem which is computationally expensive. This
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fact is addressed in [425], where model predictive control and an orthogonal decomposition into two problems are implemented. Thereby, the temperature and the SOC-balancing
are solved with limited knowledge on future load information. The presented methods
are strongly based on a suitable aging model. Li et al. [420] propose a method that focuses
on the change of the SOC while the cells are loaded with the same power. This is to detect
deviations in the capacity and the internal resistances. The method has been designed on
an MLI and considers circulating currents.
Generally, multi-objective wear leveling approaches become maximum attractive
with RBS in combination with advanced monitoring procedures. Not only dual-objective
balancing of SOC and temperature but further important states or influences on the wear
level, such as SOH and fault states, can be integrated. The goal is to find the optimal
load scheduling for the specific system in combination with the application. However, the
influence of switching procedures on aging or efficiency aspects as mentioned in Section 5.4
should not be neglected.
4.2. Switching Topologies
The functionality of reconfiguring ESUs is nowadays technically implemented by the
design of a connection network between the ESU and the selective insertion of switching
elements into the network trajectories. The interconnection of the ESU and the circuit
network is also referred to as a module. In such systems, these modules are reconfigurable
with each other, since the switching elements are able to activate and deactivate electrical
connections [375,426,427].
In the following, only cascaded topologies are considered in which each ESU can be
assigned to a defined structure of switching elements and connection paths. Therefore,
known MLI classes such as Flying Capacitor (FC) [428] and Neutral Point Clamped (NPC)
topologies [429,430] are not considered. The structure of the electrical paths within a
module, which connects a number of module terminals directly or via switching units
with the terminals of the ESU, is referred to as microtopology [374]. By multiple use of
this microtopology in an electrically cascaded manner, a larger storage system can be
created which has a higher voltage and/or current carrying capacity. The result of the
cascading process is called macrotopology, where the microtopologies can be switched
in series, parallel, or both [416,431,432]. Possible topology implementations for RBSs are
therefore not necessarily of the same quality, since they can vary in the number of inherent
switching devices or in the way they are interconnected. For this reason, a large part of the
recent research dealing with RBSs is focused on the development of innovative and most
appropriate structures. Topologies in general differ in the number of inherent switches,
their arrangement as well as the presence of possible connections between the ESUs. In
addition, they are distinguished depending on the number of immanent electrical ESUs
and their resulting voltage value.
4.2.1. Microtopology
In Table 7, various different microtopologies are listed. They mainly differ in their
respective functional range. Simple structures, such as the half bridge proposed by
Darco et al. [413], provide the basic functions for an RBS in serial configuration. The half
bridge design is one of the most frequently used topologies for RBSs today [375,381,408,
413,433–443]. The main advantage of this topology is its low complexity. For this reason,
the circuit is used in applications ranging from pure RBS Type 1 to voltage adjustable batteries like MLIs (RBS Type 2 and 3). They are able to disconnect any ESU from the load path
without interrupting the supply to the load [375,434]. The switching state of each module
is independent of the switching states of the other modules [375,413,433,434,438,444–446].
Due to the great importance of the half bridge topology, investigations have been made
to further improve this circuit by minimizing the number of switches in the load path,
while maintaining the same functionality. Choi et al. proposed in [447] a Prior half bridge
topology. It is characterized by having one switch in the load path for the case of an
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active ESU, whereby no switch is in current path if the ESU is bypassed. However, this
drastic reduction in switches causes dependencies that inhibit ESU-independent bypassing.
The half bridge topology is suitable for most RBSs. Drive applications require sinusoidal
voltages and currents that contain positive and negative voltage segments. The half bridge
misses the function of polarity reversal at the module terminals though.
Table 7. Overview of microtopologies from the literature with the number of submodules N and the instantaneous output
level n. All associated macrotopologies achieve the full 2N + 1 output levels but may need a polarity reversal circuit to do
so. The number of switches is counted with respect to the macrotopology, which includes the potential polarity reversal
circuit. Abbreviations: serial switches (SS), total switches (TS), polarity reversal (PR), serial bypass (SB), parallelization (PA),
external (ext), internal (int), Common Emitter Bidirectional Switched Based MLI (CEBS).

Microtopology

SS

TS

PR

SB

PA

N+2

2N + 4

ext

yes

no

Level 0: 2
Level N: N + 1

2N + 2

ext

no

no

N+1

2N + 2

int

no

no

3
N
2

3N

int

yes

no

4

4N + 4

int

no

no

2N

4N

int

yes

no

ECIN
[457]

≈ N+1

4N + 2

int

yes

no

Marx
[458–461]

≤ N+2

3N + 4

ext

yes

yes

MMSPC
[416,431,435]

≤N

8N

int

yes

yes

M2B
[455,462,463]

≤ 2N

9N

int

yes

yes

≤ N+1

6N + 2

int

yes

yes

Half Bridge
[375,381,408,413,433–443]
Prior Half Bridge
[447]
Cross-Switched
[448]
Cascaded Cross-Switched
[449]
CEBS
[450]
Full Bridge
[380,385,407,410,418,419,
435,451–456]

PECIN
[464]

n+2
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In [437,440,465], this problem is solved on the macrotopology level by connecting an
external polarity unit in the form of a full bridge at the terminals of the entire cascaded
string composed of the half bridge circuits.
In order to avoid this external device or a reduction of the maximum output level
of the battery system, further research was carried out to create this functionality on a
microtopology level. In [448], Kangarlu et al. present a Cross-Switched MLI having only
two switches per ESU. It has the capability to generate positive and negative output voltage
on the phase terminals [466,467]. Resulting from the absence of individual bypass capability
and in order to increase the number of possible voltage levels a Cascaded Cross-Switched
MLI is introduced by Sabahi et al. [449]. Babaei et al. [450] present a comparable simple
but energetically optimized topology. With the Common Emitter Bidirectional Switched
Based MLI, the number of switches in the load path is always four regardless of how many
of these modules are serially connected. Even for a small number of ESUs, the internal
resistance is therefore similar to a conventional battery system [468]. However, the small
number of switching elements leads to a reduced flexibility in reconfiguration; therefore,
e.g., an ESU individual bypass is not possible. Ebrahimi et al. [469] present a unipolar
version of the circuit. This variant saves components, whereas the missing bi-directionality
is created by a downstream full bridge.
One of the most frequently investigated microtopologies is the full bridge topology,
also named Cascaded H-Bridge (CHB) [380,385,407,410,418,419,435,451–456]. It offers the
same functionality as the half bridge, but the polarity inversion is directly integrated into
the microtopology [470]. Therefore, it is able to switch each individual ESU positively or
negatively into the load path. This offers a larger number of voltage levels but doubles
the switches in the load path for both active and bypass cases [470]. Thus, topologies such
as the CHB and the following more sophisticated topologies are mostly addressed if MLI
capability is requested. In the case of a Type 1 RBS, the half bridge circuit as in [375] is
typically preferred.
Terbrack et al. [457] have developed the so-called Enhanced Commutation Integrated
Nested (ECIN) topology. It reduces the number of switches in the load path for active
ESUs to one. Despite the lower internal resistance, it uses only four switching elements in
its microtopology, as the CHB. In addition to the functionality of voltage reversal, there is
a large number of topologies that extend the half bridge topology by the functionality of
parallel connection of ESUs [458,460,461]. An important field of application is the reduction
of the internal resistance of the battery system as well as the active switches in the load path
by this technology. In particular, this is feasible if the desired output voltage of the RBS is
lower than its maximum generable voltage value. In this case, some ESUs are temporary
out of use [457].
A side effect of the topologies, which can connect cells not only in series but also in
parallel, is that the usual two connection terminals are no longer sufficient for one module.
For these microtopologies, two connection points must be provided to the previous and
also to the subsequent ESU, so that a parallel connection is feasible. In technical realization,
there are topologies which require four terminals for the microtopology and topologies
which manage with three terminals. Doing so, the third terminal must be connected
to the preceding and subsequent ESU [374,416,429,431,471]. Especially in MLIs, where
the output voltage is periodically changed, advantages can be achieved with parallel
reconfiguration [472]. Compared to the CHB topology, however, e.g., the Marx topology
presented in [458,459] does not have the capability of direct voltage inversion. The topology
is further investigated and called BM3 by Helling et al. [460] while Kim et al. [461] call it
DESA. These topologies also have to use external commutation units for MLI operation
guaranteeing positive and negative output voltages. The so-called MMSPC topology
presented in [416,431,435] combines the functions of polarity inversion, parallelization, and
individual control of the ESUs in one topology. Therefore, it integrates the entire range of
functionality in one circuit. The topology consists out of two full bridges, containing at least
eight switches. In the purely serial case, there is only one switch in the load path for both

Energies 2021, 14, 5989

36 of 82

active and bypass. This number can be effectively reduced by parallel connection of ESUs.
Helling et al. [462] present an M2B MLI with the advanced functionality of parallelization
of cells. Thereby, parallel groups of cells can be formed even across defective ESUs by
inserting a further switch in series to each ESU [462]. However, for this reason, the number
of switches in the load path increases significantly, which leads to higher conduction
losses. In general, MMSPC and M2B are sophisticated but hardware intensive topologies.
Terbrack et al. [464] have implemented the Parallel Enhanced Commutation Integrated
Nested (PECIN) topology design. It incorporates all the functionality of the MMSPC, but
with reduced hardware effort.
The microtopology already defines important features of the overall RBS. The topologies presented attempt to minimize electrical components while maximizing functionality.
Especially for EVs, the way the microtopology is derived from the overall topology is
important to get few and equal parts for assembly. Since cost is a major driver in industrialization, the goal is to keep electrical equipment to a minimum. From a technical point of
view, the efficiency of the RBS benefits from the lowest internal resistance of the microtopology. For these reasons, the half bridge topology is most appropriate for RBS Type 1. More
sophisticated approaches are discussed for RBS Type 2, since polarity commutation is an
integral part of AC voltage generation. Topologies with external or intrinsic commutation
are presented in the literature. The half bridge or the MARX Inverter in combination
with an external full bridge are suitable candidates with low internal resistance. However,
topologies with intrinsic commutation do not require any additional external hardware
component. Since cost is a major consideration, the system designer needs to be clear about
the functionality required of the RBS system, as generally more functionality comes with
more hardware expense. The ECIN topology has very low internal resistance compared to
its number of components. If a more sophisticated approach is appropriate, PECIN has
slightly more hardware effort, but the additional ability to reduce internal resistance by
paralleling the battery cells, which increases the efficiency.
4.2.2. Macrotopology
There are different possibilities to cascade the microtopologies to a larger RBS. In most
cases, only one type of microtopology is cascaded to a specific macro-version. However,
it is possible to integrate different types of microtopologies in a macrotopology as it was
executed, for example, by Hinago et al. [432] or by adding a downstream full bridge as
polarity unit as in [437,440,465]. The combination of different topologies is in the literature
referred to as hybrid MLI [382,467,473]. The macrotopology has a great influence on
the function of the entire battery system and significantly determines its performance
and behavior. Therefore, the macrotopology is strongly dependent on the application.
An overview of common macrotopologies for reconfigurable IBSs is given as schematic
visualization in Figure 7.
A straightforward connection of microtopologies is based on a conventional battery system cell connection either in serial, parallel, or serial and parallel configuration (Figure 7a–d).
Typically, RBS Type 1 often do have these configurations [375,379,437,441,442]. For MLI applications, the star configuration (Figure 7f) is utilized in most cases [470,474], since it delivers
the highest output voltage for a given number of ESUs. A delta configuration of submodules
(Figure 7g) is proposed by Helling et al. [374] in order to improve the reliability of electric
cars at a fault in one electrical phase. Since the delta configuration is fault-tolerant [374], a
faulty string leads to the presented reduced string configuration which only uses two thirds
of the otherwise needed ESUs of the delta configuration. Especially for BEV, a common
DC-link is important to provide energy not only for the main drive, but also for electric
auxiliary consumers.
The star, delta, and reduced string configurations (Figure 7f–h) do not provide a DClink [374,416]. However, the Modular Multilevel Converter (MMC) topology (Figure 7e)
provides a DC-link. Therefore, the MMC is a well-investigated inverter design. Characteristic for the MMC is that circulating currents are emerging, which on the one hand
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are undesirable and can be reduced by control strategies or further included arm inductors [475]. On the other hand, the phase arms are balanced to each other automatically [433,434,445,446]. The MMC is mostly used with half bridge submodules, but there
are also variants that for example use full bridge and Clamped-Double microtopologies [467,476]. Nonetheless, in MLI applications, the MMC provides only a quarter of the
entire DC-link voltage on the AC-connections, which is a considerable disadvantage for
drive applications [431,433,434,445,472].
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Figure 7. Schematic visualization of different macrotopologies for reconfigurable IBSs: (a) parallel circuit, (b) serial
circuit, (c) serial parallel configuration, (d) parallel serial configuration, (e) MMC topology, (f) star configuration, (g) delta
configuration, (h) reduced string configuration.

Terbrack et al. [457] introduce a new approach to achieve a DC-link with as few
components as possible by integrating additional voltage taps into an MLI battery system.
Therefore, two or more MLI systems arise and are integrated into one battery system. They
independently supply individual adjustable output voltage systems but have access to
shared ESUs. An externally excited synchronous machine is operated with its three-phase
stator system and a controllable DC-voltage for the rotor system. In addition, there are
approaches with an RBS to generate several different output voltages simultaneously in
order to be able to operate different loads. Helling et al. [462] integrate so-called low voltage
power supply units in the phase arms to tap additional consumers. A further method is
presented by Kuder et al. [455], where two electrical machines are operated simultaneously
with the same MLI. However, this concept exhibits a higher control complexity, without
providing benefits in the hardware implementation.
In general, the most commonly used topology for conventional battery systems is
the parallel-serial configuration, which is directly transferrable to RBS Type 1. For RBS
Type 2, multi-phase approaches need to be considered. The star topology is the one most
considered due to the maximum output voltage and its simple structure. However, a
major drawback for RBS Type 2 is the missing DC-Link circuit for auxiliary devices. There
are approaches to provide a DC-Link, but they increase the complexity of the system.
Furthermore, the MMC topology that provides a DC-Link is inefficient in EV applications
due to a low AC output voltage.
4.3. Multilevel Inverter
As already briefly introduced, an MLI is the most common form of RBS Type 2. This
kind of inverter is a frequently investigated topic in the past few years and a still growing
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research area. Its functional principle is based on the generation of AC output voltages
formed by stepped wave-forms, whereby typically each step is built by one ESU.
Depending on the respective control strategy, an individual decision is made for
each ESU on how it contributes to providing a desired output signal of the entire battery
system as efficiently as possible. Due to this feature of composing reference voltages
by small voltage steps in form of the ESU, the resulting output voltages correspond
to the required signal in a very precise way. In particular, for the application in EVs,
this system offers its potential in the partial load operation, where conventional power
electronics can only switch the entire battery voltage [435,477]. This results in better
performance of the MLI in the entire speed-torque range. Besides this feature, other
advantages such as lower EMI and consequently smaller filter effort, the application of
power semiconductors with smaller breakdown voltage, lower proportion of harmonics in
the output signals, and smaller Total Harmonic Distortion (THD) can come along with this
technology. The typical field of application is the medium- and high power and voltage
range [426,429–431,433,434,444,445,448,468,472,478].
However, there are also some challenges that need to be overcome, such as the need for
a large number of switching devices [448,468] and the increasing computational complexity
of the control strategy as the number of ESUs increases. For this reason, the quality of the
topology and the control methods are decisive levers for the best possible utilization of an
MLI. Using the example of the powertrain of a BEV (Figure 8), the modulation scheme for
the switches is included in the operating strategy.
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Figure 8. Schematic flow chart of the power train and cluster of modulation techniques.

In the literature, a large number of modulation schemes exists [444,478,479]. On the
one hand, they can be classified either depending on the domain, in which the generation
of the demanded voltage level for a specific time interval takes place [444]. Thereby, it
can be distinguished between the time-domain and the state-space vector domain. On
the other hand, the strategies can be clustered with regard to the underlying switching
frequencies [444,480]. An allocation in dependence to the respectively switching frequency
is shown in Figure 8.
The choice of the right modulation strategy largely depends on the environmental
conditions of the system. Some of the most important selection factors are the requirements
for overall system efficiency, losses caused by the inherent switching elements as well as
the harmonic content of the inverter output signals. For intelligent battery systems, all
modulation schemes are conceivable at first sight. However, since e.g., the application in
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BEV requires a high-dynamically system with real-time characteristic, the computational
effort of the chosen variant should be low. Due to the typical high number of included
ESUs, attention should also be paid to the switching frequency of all inherent switching
devices. With increasing switching frequency, the total switching losses usually increase
by the factor of the number of ESUs. One comparatively simple method to control the
switching signals of an MLI is the Nearest Level Control (NLC) [481]. In this time-based
switching strategy, the output voltage level is chosen that is closest to the desired reference
vector (Vref ) [427]. Only one switching operation per voltage level is performed, and thus
the utilized switching frequency is in the fundamental range. Consequently, the entire
switching losses are kept low. No carrier signals are required to generate the control signal
for each individual ESU in the MLI structure. The NLC variant is flexible and stands out
for an easy digital implementation [20,482], which makes it attractive compared to other
strategies. This fact becomes more important with increasing number of ESUs or rather
levels. As mentioned in [481], the NLC scheme is in fact no modulation technique, since
no averaging processes take place. In general, all switching strategies are summarized
under the term of modulation techniques though [426,431,444]. With the NLC method,
suppression of harmonics is not feasible [483] and thus the harmonic content cannot be
minimized specifically. As a consequence, the performance suffers [481]. This fact gets
even more obvious for the case of a lower number of inherent ESUs in the entire system,
since the proportion of harmonics is comparatively higher [427].
This problem is addressed with Selective Harmonic Elimination (SHE) strategies,
which, however, still use low switching frequencies [426,427,444,481]. With the elimination feature, the harmonic content decreases while low switching frequencies result in low
switching losses. Kamaldeep et al. [427] investigated the comparison of the NLC- and the
SHE-method for a seven level MLI. The results show that a smaller THD value of harmonics
up to the 5th order is achieved when applying the SHE instead of the NLC. For SHE, the
Fourier coefficients of the expected reference signal are examined in an offline procedure
before the actual operation. From this system of equations, the associated switching angles (α1 , α2 , α3 , . . . , αn ) are determined [481]. Special numerical methods or optimization
algorithms such as Particle Swarm Optimization (PSO) or GA are utilized to calculate the
most suitable angles [454,484]. With the help of lookup-tables, the pre-calculated switching angles are applied in operation and interpolated with respect to the actual operating
point [444]. However, the complexity of these elimination procedures due to the underlying
numerical solving processes increases with the number of MLI levels. Thus, the application of
offline-based SHE is not the most appropriate one, especially for systems with high-dynamic
demands [481]. In addition, the required storage of the lookup-tables complicates the usage
in real-time applications [444] and diminishes its implementation in low cost microprocessors.
Furthermore, there is no control over the higher order harmonics that are not specifically suppressed with this method. As mentioned by Rodriguez et al. [481], they can become higher,
since the energy of the eliminated harmonics is allocated to the other ones.
Therefore, another approach called SHE-PWM is developed that has more than only
one switching operation on a level. Li et al. [485] introduce SHE-PWM as systematic control
strategy for cascaded MLI. Since those methods have similar outcome as high-frequency
based strategies described in the following, the elimination of low order harmonics seems
to be very expensive, especially regarding computational as well as storage effort.
A less complicated method is the so-called Space Vector Control (SVC), which is
better suited for dynamical applications and does not need any lookup-tables like multiple
SHE or SHE-PWM techniques [481]. It can be seen as a counterpart to the time-domainbased NLC-method. Like the NLC, its principle follows a fundamental switching frequency,
but depends on the closest voltage vectors in the space vector plane [486]. One drawback of
the SVC is that it suffers from the non-existent elimination of harmonics resulting in higher
THD and performance losses as NLC does [444,481]. However, the results of Rodrigues
et al. [486] show that the SVC method performs better regarding the voltage THD than a
low-frequency switching Multi-Carrier (MC)-based PWM method.
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To combine the benefits of both methods, SVC often is equipped with overlaying
PWM resulting in the Space Vector Modulation (SVM). Its procedure is similar to the
SVC and thus takes place in the space vector-domain but has a comparably high switching
frequency [444,481]. Contrary to the SVC, the reference vector is generated by means of
averaging processes. Therefore, the neighboring space vectors of the reference voltage are
switched sequentially depending on the underlying switching frequency. SVM as well as SVC
directly deal with all three (or more) phases compared to NLC or SHE where the voltages of
each phase are respectively controlled [426,482]. Thus, they superimpose in terms of criteria
such as performance, simple implementation, and maximum transfer ratio [426].
As mentioned by Franquelo et al. [444], a high number of SVM methods have been
proposed, but most of them are developed only for a certain number of inherent ESUs or
output levels. Attique et al. [487] summarize five different SVM strategies, also named
Space Vector Pulse Width Modulation (SVPWM), all based on a differing reference system.
All strategies are usable for any number of voltage levels as performed by Prasad et al. [488].
In addition, the strategies are less complex compared to conventional SVM as the ordinary
calculations have been transferred to simplified line voltage forms.
In recent years, many improvements of a conventional SVM technique are performed,
which becomes more complicated with an increasing number of output levels [487]. An
overview of recent development of simplifying and improving SVM methods is given by
Franquelo et al. [489]. The listed schemes thereby avoid the use of trigonometric functions or other complex calculations by utilizing drastically simplified computations [489].
Moreover, no lookup-tables are used [444]. Keeping this in mind, the more advanced SVM
strategies are promising candidates, especially because they can regulate more phases
simultaneously and keep the computational costs low.
Other commonly used modulation strategies are the general PWM techniques. Although the SVM uses averaging and, thus, modulation, processes, the difference compared to the PWM-based schemes is that the latter are based in the time-domain and do
have multiple carrier signals. In contrast to the determination of the switching times in
the space vector plane as a function of the position of the reference vector, with PWMstrategies [426,481], a time-based comparison between the reference signal and specific
carrier signals determines the switching times. In most cases, Sinusoidal Pulse Width Modulation (SPWM) is utilized as in [446]. The underlying carrier signals often have triangular
waveforms but can also be saw-tooth-shaped [490]. The number of carrier signals in SPWM
is normally equal to the number of inherent ESUs. During operation, each carrier signal
is compared to the reference signal. The resulting signals are pulse-sequences that are
allocated to the corresponding switching elements of the ESUs.
Although the SPWM strategy is simple and the switching frequency is adaptable to
the use case, the generation of multiple carrier signals must be considered and can be
very challenging. In particular, with an increasing number of ESUs, the number of carrier
signals that are needed also increases significantly, which is why we consider SVM to be
more appropriate.
Based on the descriptions above, the most promising candidates of modulation
schemes in intelligent battery systems are NLC and SVM methods. In both cases, complex
equation systems do not have to be solved to determine specific switching angles as in
the SHE methods. Although certain harmonics can be eliminated, the latter technique
often employs the use of lookup-tables. The NLC method as well as the SVM variant are
characterized by simple implementation and outstanding dynamic performance [20,426].
In [482], an NLC-PWM (also called Nearest Level Modulation) is used having a higher
switching frequency than the traditional NLC method. Thus, the NLC strategy can also be
applied with higher frequencies. This reduces the THD of the output signals and the harmonic components are shifted to higher orders. Consequently, its disadvantage decreases
compared to SHE. To optimize both methods depending on the actual operation point, the
switching frequency can be varied for both strategies and adapted to the current operating
range. Hence, the switching frequency is always as high as needed and not overdesigned.

Energies 2021, 14, 5989

41 of 82

4.4. Hybrid Battery Storage System
Battery systems containing individual ESUs that differ significantly in electrical,
mechanical or thermal properties are often refereed to as Hybrid Battery Storage System (HBSS). They pursue the goal of creating an optimal system through combination and
operation of several different ESUs that meet the application-specific requirements best.
Most HBSSs that are described in the literature are composed of high energy and high
power ESUs to achieve a system with superior characteristics regarding energy, power,
system efficiency, fast charging, long lifetime, low cost, low weight, and low volume [491].
In addition to the system-related advantages, the combination of different cell types or cell
generations result in further benefits for the manufacturer such as flexible dimensioning
and adaption of battery storages, utilization of scale effects (realization of several systems with a fixed number of different cells), or reduction of storage costs (combination of
different cell types/generations or aging states).
4.4.1. Topologies
An independent control of the energy and power flow of each battery cell of a certain
type is essential for the optimal operation and safety of the HBSS. Traditionally, this
requires additional power electronics such as one or more unidirectional or bidirectional
DC/DC converters. However, with the occurrence of reconfigurable topologies at the cell,
module, and system levels, no additional hardware components are required to realize an
HBSS. Despite the high potential of HBSSs, there are currently only a few publications that
deal with this topic in detail.
First, thoughts on the hybridization of battery storage systems are already found in publications on RBSs and MLIs [442,460,463,492–497]. The most comprehensive and systematic
collection of macrotopologies for HBSSs has been published by Zimmermann et al. [498]. As
one of the first, the authors combine the two research fields of RBSs and HBSSs and propose
a new topology class called discrete hybrid energy storage topologies. The basis for this
topology class is formed by ESUs which consist of single, multiple serial, or parallel connected
cells. Within a ESU, only one cell type is used such as high power or high energy. The
hybridization is realized by using different cell types for ESUs. Besides the energy storage
element itself, each ESU also contains some switching elements to activate, bypass, or
disable individual units, and therefore allows the reconfiguration of the HBSS as well as
an active load management. Based on Zimmermann et al. [497,498], four macrotopologies of multiple ESUs are frequently used for HBSSs: parallel, serial, serial-parallel, and
parallel-serial (see Figure 7a–d). The serial macrotopology is used by Horsche et al. [442] to
implement a serial HBSS with ESUs on cell level and switches in half bridge configuration.
A different concept is proposed by Tu et al. [492] for the combination of multiple
Energy Storage Systems (ESSs) on a system level called series-parallel reconfigurable
HBSS. This macrotopology allows for arranging two storage modules in series, parallel,
or serial-parallel configuration. However, due to the reconfiguration at system level, this
topology results in some restrictions in the operation and dimensioning of an HBSS to
avoid high compensation currents.
Guo et al. [494] propose a macrotopology for an HBSS based on the common MMC
topology. Therefore, the MMC topology with half bridge microtopology and high power
storage units is extended with a separate high energy storage as DC-Link. Thereby, the
high energy pack contains no additional switching elements.
Another HBSS topology, also based on the MMC structure, is presented by George et al. [496].
Their concept features a microtopology of the individual ESUs, where each ESU consists of a high
energy and high power cells as well as eight switching elements. Four of the switching elements
are used to select one or both ESUs (high energy or/and high power) and the remaining four
switches form a full bridge to change the polarity of the corresponding ESU. A disadvantage
of this concept is the high number of switching elements in the current-carrying path inducing
additional losses.
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Ciccarelli et al. [493] provide an MMC approach extending high power storage units
with high energy units via an additional DC-link. Furthermore, each ESU integrates a half
bridge in conjunction with a DC/DC converter. As a result, a large number of switches
and passive components are required in this configuration. Preliminary considerations
on HBSSs are found in the publications of Helling et al. [460,463] which introduce the
microtopology of BM3 and M2B, as already presented in Section 4.2.1.
In addition to the topologies listed above with reference to HBSSs, many other topologies form the scientific literature on RBSs and especially MLIs are interesting to be used for
an HBSS. Particularly promising are topologies that enable the independent control of the
energy and power flow within the system and also can generate an AC output voltage. This
opens up the possibility to combine the advantages of HBSSs and MLIs, whereby the system efficiency can be increased even further and additional power electronic components
can be reduced.
4.4.2. Operation
The combination of two or more different cells in one battery system results in a
high degree of flexibility in terms of system design and operating strategy. However, the
optimal control of the power or energy flow within the HBSS is challenging. A variety of
so-called energy management strategies are presented in the scientific literature. Generally,
most strategies aim to absorb short-term power peaks with the corresponding high power
storages and thus keep the output power of the high energy storage as constant as possible.
At the same time, the energy losses are intended to be minimal and simultaneously to
extent cyclic lifetime of the high energy storage. As far as the authors are aware, no
operating strategy has yet been published that explicitly deals with HBSSs in the context of
the novel RBS Type 3 topologies. However, the basic concept of most energy management
strategies is applicable to RBSs with some minor changes with regard to power control
and current distribution within the HBSS topologies. A compilation of various energy
management strategies for an HBSS is given by Krishna et al. [499]. Figure 9 visualizes their
categorization. The different algorithms for energy management strategies are classified
into four categories: rule-based, filtration-based, optimization-based, and learning-based.
This classification is not uniform in the scientific literature and other authors pursue
different approaches to grouping and classifying the algorithms.
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The most common are rule-based controllers due to their simplicity in implementation
and validation, as well as their good real-time performance. The underlying set of rules
are often predefined based on the application and the characteristics of the storage unit.
Therefore, the established rules depend either on the expert knowledge of the developer or
result from optimization algorithms used to derive the rules. Depending on the underlying
algorithms, these can be further subdivided into deterministic and fuzzy logic rule-based
strategies [499]. Simple deterministic approaches based on heuristics or empiric experience
can be found in [500–502]. The underlying rules are often fixed and presented in a flow
chart. Accordingly, the operation strategy can be regarded as a finite state machine.
Their performance is heavily dependent on knowledge of the system and its working
condition. The same disadvantage also applies to algorithms based on fuzzy logic. One
possible way to improve the performance is to use adaptive control strategies that change
the underlying set of rules depending on the respective operating point. A relatively
simple adaptive strategy, proposed by Jiang et al. [500], includes the setpoint of the output
current from the high energy storage depending on the SOC of the high power storage.
Zhou et al. [503] introduce another adaptive fuzzy logic based strategy, which changes the
output membership function of the fuzzy logic algorithm and the corresponding update
frequency according to the past driving cycle pattern. Another very promising approach is
to derive the underlying set of rules from the results of a global optimization-based energy
management strategy. Promising methods among others used in the literature are dynamic
programming [504,505], neural networks [506], and PSO [507,508]. Hu et al. [505] also take
traffic information into account.
An alternative variant of energy management strategies are filtration-based also
called filter-based or frequency-based approaches, which decompose the power demand
of the load into different frequency components to match them to the dynamic response
of the involved ESUs. High power cells offer a much higher short-term power capability
compared to high energy cells. Therefore, the aim of filtration-based approaches is to
stress high energy cells only with the low frequency part of the power demand, while the
high power cells take care of the high frequency components. The cutoff frequency and
other parameters in the filter design must be set accordingly. Filtration-based strategies
have the major disadvantage to introduce a large phase shift [501,509]. A relatively simple
filtration-based called average power method is provided by Wang et al. [510]. In order
to reduce the operation current/power frequency on the high energy storage, the high
power storage acts as a real-time adaptive power filter. For this purpose, the method uses
information from both the real-time power and history power demands. Another simple
approach to separate high and low frequency components is to apply a crossover filter [511].
The wavelet transformation is also a widely spread mathematical method to analyze and
separate different frequency of the power demand in energy management strategies for
HBSSs. Using the wavelet transformation, an original signal can be decomposed into
components at different positions and scales. Furthermore, the technique can be used
in the time as well as frequency-domain [504,512,513]. For an HBSS consisting of three
different energy storages, Zhang et al. [512] uses a three-level Haar wavelet to realize an
energy management strategy and to allocate power components with different frequency
contents. To take the influence of the driving cycle into account, Hu et al. propose in [513]
an adaptive wavelet transform-fuzzy logic control energy management strategy based
on driving pattern recognition. Cluster analysis is utilized to classify driving cycles into
different patterns according to the features extracted from the historical driving data
sampling window, and pattern recognition is used to identify real-time driving patterns. A
similar two-level structure-based real-time energy management strategy is proposed by
Zhang et al. [504]. It is composed of a learning ANN for driving cycle identification and a
multilevel Haar wavelet transform for power demand allocation. Whereby the first level
algorithm identifies the type of driving cycles based on a series of statistical characteristic
vehicle parameters, the wavelet transform algorithm subsequently uses the information to
enhance the power allocation.
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All the aforementioned energy management strategies (rule-based and filtrationbased) are only sufficient to provide a nearly optimal solution under all circumstances. On
the contrary, optimization-based approaches are able to deliver the optimal solution for a
given power demand profile. However, this often comes at the expense of high computational effort and lack of real-time applicability. The corresponding optimization algorithms
can be classified into (a) global optimization and (b) real-time optimization [499]. The
global optimization includes algorithms such as linear programming, dynamic programming, convex optimization, and GAs, which can only be applied to real-time problems with
adequate modifications or extensions (e.g., an adequate forecasting method). Therefore,
global optimization algorithms often serve as a benchmark for the performance of other
algorithms or as a starting point to design new strategies [504–508,514,515]. Optimization
algorithms that are promising for real-time application include methods such as stochastic
dynamic programming, model predictive control, neural networks, simulated annealing,
and Pontryagin’s minimum principle. However, these algorithms have the disadvantage
that they, in turn, can often only achieve nearly-optimal solutions. In order to handle
the stochastic uncertainties in operation such as driver-dependent variation of power demand, Wegmann et al. [515] present a real-time stochastic dynamic programming approach
based on a stochastic model of the vehicle velocity and power demand. In comparison
with the dynamic programming solution, the stochastic dynamic programming strategy
shows a comparable performance with the advantage of real-time applicability. In [514],
Romaus et al. applied stochastic dynamic programming as well. Since the calculations
take up a significant amount of memory, the resolution of the state variables is limited.
Therefore, the algorithm results in a look-up table that also can be implemented e.g., on
a microcontroller. Further approaches based on model predictive control that make use
of a short-term prediction horizon are found in [502,516]. A combination of a rule-based
and an optimization-based approach is also feasible. Trovao et al. [517] present an integrated rule-based meta-heuristic approach, where the strategy consists of a long-term
rule-based strategy to set the long-term management. It restricts the search space for
the optimization-based strategy that optimizes the real-time power distribution without
prior knowledge of power demand. The authors use a meta-heuristic simulated annealing
approach in [517], while, in [518], a PSO is used within the same framework. In both
approaches, the rule-based strategy helps the optimization method to find a good solution
quickly, by narrowing the scope of the search to the regions of interest. Choi et al. present
in [519] a similar structured real-time control framework based on convex programming.
Another promising category are learning-based energy management strategies, which,
however, are up to now rarely considered in the scientific literature. Yue et al. [520] propose a model-free reinforcement learning-based approach. Compared to relatively simple
rule-based strategies, the proposed learning-based method delivers the better results. Another approach based on a reinforcement algorithm called Q-learning is introduced by
Jiayi et al. [521]. Another rule-based strategy is presented in [522], where the control rules
are abstracted from the optimization results with dynamic programming and the learningbased method shows its effectiveness. A more advanced approach present Li et al. [523],
which combines reinforcement learning with deep learning. Thereby, the energy management strategy not only aims to minimize the energy loss (as in [520,521]), but also to
increase the electrical and thermal safety level of the HBSS.
Due to the great dependency between the design and operation of hybrid storage
systems, there are also a large number of publications that have linked these two tasks and
solve them together within a multi-objective optimization framework. The common goal
of those investigations is to find the global optimum for an HBSS in terms of dimensioning
and operation strategy. In contrast, the sole consideration of the operating strategy for a
fixed design often only provides a suboptimal solution for the entire HBSS. Yu et al. [524]
propose a multi-objective bi-level optimal design and control framework, in order to find
the optimal parameters for a fuzzy-logic-based real-time energy management algorithm.
This framework is able to obtain the Pareto optimal solutions of the objective function.
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It achieves both the optimal sizing parameters and the static parameters of the energy
management system simultaneously for each Pareto optimal solution. The formulated
objective function focuses on the reduction of the total mass of the HBSS consisting of a
high energy and high power storage and the extension of the cyclic lifetime of the high
energy storage. In the subsequent publication [525], Yu et al. enhance the algorithm for
the energy management strategy and introduce a parametric vectorized fuzzy inference
system, where a large number of fuzzy logic controllers run in parallel and enable fast
training and optimization. A different method is presented by Hung et al. [526] with the
so-called integrated optimization approach, which iteratively optimizes the system dimensioning and an “if-then-else” rule-based energy management strategy. The approach is
implemented within a nested for-loop-structure by solving the different objective functions
with a global searching methodology.
The operation strategy has a high degree of flexibility in order to achieve an optimal
energy and power distribution within the system. However, this also means a high level
of complexity in order to achieve flexibility for all operation conditions and reconcile the
interests of various other battery monitoring functions. With this objective and the requirement for real-time capability, optimization-based methods such as stochastic dynamic
programming, model predictive control as well as deterministic approaches with rules
derived from optimization results are most promising for IBSs. The performance and
computation effort of learning-based methods according to the current state of research is
difficult to assess due to the limited literature and therefore requires closer investigations
and comparisons.
5. Implementation of Reconfigurable Battery Systems
The idea of being able to flexibly combine individual battery cells or other ESUs into
a favored system configuration shows its attractiveness in many of the applications described in the previous section. However, regardless of the type, an RBS imposes hardware
and requirements to be realized in practice. Especially, the selected switching technology
influences the feasibility and efficiency of the applied operation strategy. Furthermore,
depending on the number of involved ESUs, suitable communication capabilities and an
adequate BMS architecture can become a serious challenge to realize the desired functionality. Within this section, questions of practical implementation of RBSs are discussed.
Notably, we put emphasize on side effects e.g., thermal influences or aging of switched
Li-ion cells that arise in an RBS but is seldom discussed in literature.
5.1. Switches for Reconfiguration Functionality
In order to achieve any RBS type, switches are imperative. The correct choice of
the switches depends on various factors, such as switching speed and conduction losses.
Therefore, it is important to address the general requirements related to the switches. Once
this is done, a suitable device among the existing technologies can be chosen.
Generally the switching topology dictates if switches with unidirectional voltage
blocking capability [527], bidirectional voltage blocking capability [379], or even a combination of those two [427] is needed. According to Rößler [528], the most important task
of the switch is the safe disconnect. Thereby, the operating voltage, load current, pulse
current capability, and the option to conduct current in both forward and reverse direction
play a crucial role. A low parasitic resistance is desirable as it reduces the conduction
losses [529,530]. Manenti et al. [379] states that the switch choice is affected by both the
number of components necessary to control the switch and the system’s ability to remain
safe in every operating point. A general collection of requirements related to switches in
reconfigurable battery systems for automotive applications is shown in Table 8.
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Table 8. Requirements related to the switches of RBSs.

Requirement

Reasoning

Electric Losses

The electric losses should be low in order to increase the overall range of the BEV and
to reduce the required cooling capacity.

Leakage Current

Should be low to reduce the stand-by consumption.

Switching Frequency

For an RBS Type 2, switching frequencies of several kilohertz are appropriate in
order to achieve a low harmonic content. In contrast to an RBS Type 2, the switching
frequency of a few hertz is sufficient for an RBS Type 1.

Blocking Voltage

The necessary blocking voltage of the switch is determined by the used topology of
the RBS [531]. The topology proposed by [532] e.g., requires to block the voltage of
the whole battery while the cascaded half-bridge for example only needs to block the
voltage of a single cell. Additionally, the topology dictates if the switch has to block
voltage in both directions (bidirectional) or in only one direction (unidirectional).

Current Capability

Since batteries need to be charged and discharged, the switch must be able to conduct
current in both directions. This requires either a unipolar device or a combination of
two bipolar devices or a bipolar device with a Schottky diode in parallel. Additionally,
the switch must be able to conduct the peak current of the application.
It should be noted that the choice of the switch practically depends on the maturity
of the technology as well as the commercial availability [533]. Therefore, only the most
common categories of switches will be discussed.
Electromechanical Relays easily allow for connecting various numbers of ESU in
series as they exhibit a galvanic isolation between the control and the power unit. Furthermore, the leakage current during off-state is negligible. The drawbacks of relays are
the necessity of an ongoing holding current as well as large physical dimensions and
weight compared to semiconductors. Furthermore, the degradation of the contacts due to
arcing with each switching operation makes them unsuitable for applications with periodic
switching. Since relays are based on mechanical operation, high switching frequencies are
not feasible. Nonetheless, the application of relays in the literature can be found [534,535].
It should be noted that even though some research work utilized relays, they suggest to use
semiconductor devices instead for the final application. In contrast to electromechanical
relays, semiconductor devices exhibit a much lower weight and physical dimensions, while
the maximum accessible switching frequency and the reliability are way higher. One
drawback of all semiconductors is the need of a drive circuit, which results in additional
components. Furthermore, the control signal and power path are not galvanically isolated.
This requires an additional digital insulator between the control signal and the switch
when multiple stages are connected in series.
Insulated-Gate Bipolar Transistors (IGBTs) achieve switching frequencies of a few
tens of kilohertz while showing a very high input resistance. Since the IGBT is a bipolar
device, their conduction losses in high-voltage and high-current applications are much
lower compared to MOSFETs [536]. One major drawback is that the on-state voltage drop is
nearly independent of the actual load current, which results in poor efficiency during light
load operation. Furthermore, their switching frequency is limited to a few tens of kilohertz.
A third drawback, induced by the bipolarity, is the unidirectional current flow [536]. In
order to conduct current in both directions, a freewheeling diode is needed. Applications
in the literature that use IGBTs are e.g., [381,537–541].
Thyristors are available in different structures. Only the Gate Turn Off (GTO) thyristor
is suitable for DC power circuit applications as the normal thyristor cannot be turned off
by removing the control signal [542]. In terms of on-state voltage drop, thyristors behave
similar to IGBTs. However, the switching speed of GTOs is very poor and with the
invention of IGBTs, the GTO has been replaced in traction applications [542]. Similar

Energies 2021, 14, 5989

47 of 82

to the IGBT, it conducts current only in a forward direction and blocks voltage in both
directions [536].
Metal-Oxide-Semiconductor Field-Effect Transistors (MOSFETs) achieves high switching speed capability of several hundreds of kilohertz in power applications and have an
extremely high input resistance. The on-state voltage drop rises linearly with the load current,
thus creating a better efficiency at light load operation than IGBTs. On the contrary, the
resistance rises strongly with higher blocking voltage [542] making the technology unsuitable
for applications with an operating voltage beyond a few hundred volts. MOSFETs block
voltage in only one direction which makes them suitable for DC applications. Furthermore, it
can conduct current in both forward and reverse directions [536]. Therefore, MOSFETs are
widely used for IBS-functionalities in the literature [371,375,377,379,380,400,401,441,442,456,
460,463,529–531,543–551].
Rößler [528] compares thyristors, IGBTs, MOSFETs as well as relays and concludes
that thyristors can be excluded for usage in RBSs. According to the author, IGBTs can be
used at the cost of poor efficiency and higher cooling effort during light load, whereas
MOSFETs is the most promising device especially for low voltage applications where
their on-state resistance outperforms any other semiconductor device. Additionally, the
possibility of conducting current in both directions without the need of an additional
freewheeling diode makes a MOSFET the ideal choice.
Apart from the research work, industrial solutions related to RBSs and MLIs in vehicles
are seldom. Drivetek from Switzerland offers an MLI solution based on IGBTs [552]. Their
flying capacitor MLI can generate five output levels. Thus, the voltage step size is large
enough so that IGBTs are justified.
5.2. Architecture of the Battery Management System
The Battery Management System (BMS) is an essential component and is responsible
for the safe operation of the battery system. This results in several tasks, from which the
most important ones are listed in Table 9.
Table 9. Requirements for the BMS based on [1,553–557].

Requirement

Reasoning

Cell Monitoring

To keep the battery cells in a save state, parameters like the cell voltages, temperatures, and
currents have to be monitored [558].

Battery Safety and
Protection

No battery cell in the pack may exceed a safety critical limit regarding voltage and temperature [558].

Estimation of SOC,
SOH, and SOF

SOC, SOH, and SOF are important indicators of battery systems and serve as basis for
functionalities like range prediction, balancing, etc. [554].

Ensure the Isolation

The BMS must guarantee the isolation between the HV and the rest of the vehicle.

Balancing

To increase the total usable capacity of the battery pack, charge imbalances between serial
cells must be compensated [554,559].

Charge Control

The batteries have limitations for the charge current. They have to be considered during the
charging process. Advanced charging strategies (e.g., pulse charging) may be applied.

Thermal Management

For safety reason, but also to increase the efficiency, the battery must be operated in an
optimal temperature range. For this purpose, it can be cooled as well as heated.

Communication with
the Car

The BMS is responsible for sharing important parameters like the SOC of the battery with
the other vehicle’s components. Furthermore, power requirements of the drive train are
received.

Open Main Switch

In emergency case or when the vehicle is parked the BMS opens the main switch.

Control RBS switches

A significant number of switches are controlled to reconfigure the ESUs. Depending on
the RBS type and its functionality, the switching operation must be performed with high
synchronicity.
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The architecture of BMSs can be divided generally into centralized and decentralized
systems [553]. Additionally, there exist mixture approaches which will be discussed in
more detail here. The possible architectures are visualized in Figure 10, and additionally
their occurrence in the literature is stated.
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Figure 10. Visualization of different BMS architectures based on [530,560] and their occurrence in literature. (a) centralized [561];
(b) modularized [554,557,562]; (c) distributed [9,401,461,527,555,563–567]; (d) decentralized [553,554,557,560,562,568–570].

Centralized BMSs pool the whole computing power to one controller. With a battery
system consisting of a fixed number of Li-ion cells, all monitoring and control tasks are
performed on a single computing unit. This is a rather common approach in conventional
BMSs. Consequently, temperature and voltage sensors of each cell have to be connected
to the central control unit, which causes high wiring effort [553]. The reason for this
approach is its low complexity. Since all control algorithms run on the same controller,
sensor data and other information are interchangeable between functions. With regard to
reconfigurability, synchronicity of switching operation is easier to achieve compared to
distributed BMS architectures. However, the central computing unit exhibits significant
computation power demands. Consequently, the hardware has to be chosen with respect
to the specific battery system to avoid costly undersizing or oversizing, respectively [568].
Therefore, it is difficult to apply the BMS to other battery systems, which results in high
development effort due to low flexibility and scalability [530].
Modularized BMSs are built to reduce the wiring effort. In these hierarchical BMS,
which commonly are used for large battery systems, computing tasks for sensor data
acquisition and cell monitoring are transferred to a module controller, which serves as
an intermediate layer between the master controller and the cells [554,557,558,562]. Communication between module and central controller is usually performed via a bus. This
modularized approach brings the data acquisition closer to the sensors resulting in more
reliable sensing capabilities. Furthermore, the architecture is scalable as more battery modules can be added to the system [553]. However, synchronic switching of reconfigurable
battery cells over multiple modules is a challenging task. Furthermore, the advantages of
lower communication effort disappear if control algorithm at the master computing unit
are driven by cell individual sensor data.
Distributed BMSs pursue the idea of implementing computing power close to the
battery cells. They include a controller on each ESU [401,563,566]. This can be seen
as the basic idea of smart or intelligent battery cells. In [555], each cell is equipped with
sensors and a micro controller for data acquisition, SOC/SOH determination, and balancing
functionality. Furthermore, data storage and communication capabilities are included [565].
Baronti et al. [527] use the storage ability of the cell BMS to store cell individual parameters
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over lifetime. A similar approach is proposed by Lorentz et al. [564]. It enables the usage
of the cells for second life application because the aging and corresponding parameter
changes can be tracked even if the battery pack is disassembled [530]. Li et al. [561]
introduce a distributed battery system with active balancing, where the functionality is
implemented on cell level. However, a central BMS controller is still provided for task
that are implemented on system level [567]. Communication between cell and central
controller is commonly realized by a bus [461]. Distributed BMSs feature a fast response
time for cell functionality, which is advantageous for switching operation of RBS, while
the data rate of the communication to the master controller is kept low. Furthermore, the
measurement accuracy is improved by shorter connection wires and increased interference
immunity [553]. Algorithms that are focusing on the individual cell (e.g., SOC and SOH
estimation, safety monitoring, etc.) are implemented on the cell controller, which reduces
the computational power requirements of the central BMS Thereby, an energy-efficient
BMS can be realized [461]. Though, the information available on system level is limited
because raw sensor data are not transferred to the central controller. Consequently, the
system algorithms have to deal with reduced input data. Depending on the application, the
number of cells in the battery pack can vary, with negligible adjustment of the architecture.
Decentralized BMSs, in contrast, consist of a multitude of identical intelligent battery
cells [568]. In this case, no master controller exists as the individual intelligent cells take
over all monitoring and control task of the BMS. However, considering that the smart
battery cells exchange information with each other, this can lead to an excessive bus load.
Consequently, communication has to be limited to a certain degree. With fragmentary
information, optimal control is hard to achieve. For decentralized BMSs, the type of
algorithms completely differs from central architectures [530,569]. System functions like
balancing or MLI must be solved in collaboration. Many research questions regarding
“concepts of self-organization and collaborative system-level” functionality [568] in battery
systems are still unanswered [553]. However, according to Steinhorst et al. [530] and Frost
et al. [570], algorithms for active cell balancing are implementable in an efficient manner
with such an architecture. Decentralized BMSs surpass central approaches regarding
scalability [560,568] because additional cells can be added to the pack with ease, and all
cell controller are built in the same way. However, difficulties arise about the connection to
other parts of the vehicle as no central communication interface towards the vehicle exists.
Decentralized architectures are regarded as robust and reliable because the control and
monitoring functions are not relying on specific components which might fail. However,
this assumption holds true only in case faulty cells are safely bypassed and cannot damage
the rest of the system. Otherwise, the whole battery pack must be disconnected for safety
reasons. Therefore, the BBM has to comprise the Li-ion cell itself as well as its corresponding
computing power.
To conclude, in today’s research regarding IBSs, the trend towards distributed and
decentralized BMS architectures is clearly visible. With sensors directly mounted to each
Li-ion cell, it is an obvious outgrowth to move computing power for cell monitoring on
this level too. Further advantages are the increased scalability and reliability compared
to centralized architectures. However, whereas simple operation strategies for e.g., active balancing can be implemented in a decentralized manner, other functionalities still
require control of a central master controller. This is true especially for MLI operation,
where synchronization of the switching actions is important. With regard to a cost- and
energy-efficient solution, the best allocation of computing power is an optimization problem that depends significantly on the specific application. This still remains an open
research question.
5.3. Communication in Intelligent Battery Systems
Communication of the BMS and among the cells is a major and important element of
the application of IBSs with distributed or decentralized architectures. The latter require
consideration of communication latencies in order to enable real-time capable realization
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of the features presented in Sections 2 and 3. The quality of some algorithms depend on
their cycle time, requiring a high sensor data throughput. MLIs and HBSSs also require
low latency for the current control algorithm to achieve a high efficiency of the engine.
Unfortunately, most of the literature on the BMS communication do not compare their
approaches neither to other solutions nor to the state of the art with regard to metrics like
the bitrate, bit error rate, costs, weight, or determinism. Usually, prior literature lack of
requirements, communication matrices and measurements under realistic environment
and higher number of nodes. Most of the researchers demonstrate the feasibility of their
approaches with just a few nodes, whereas BEV may consist of hundreds of nodes with distributed or decentralized architectures. These deficiencies impede a qualitative comparison
of the communication systems presented in the literature. Most important requirements
regarding the communication are:
•
•
•
•
•
•

Reliability, due to the high safety requirements.
Determinism and real-time capability, especially for safety critical data.
Synchronization, in order to enable synchronous switching in RBSs [571] and to
increase the quality of measured data [572]
Bit rate, which depends on the number of cells, the amount of data to be exchanged
per cell and the necessary data update rate of the system.
Scalability, in order to enable cheap and easy adaption for different vehicles and
vehicle variants.
Security, as the network is a common entry door for hackers.

Reliability and real-time capability are very important for the application in vehicles,
since most of the BMS functions are assessed as Automotive Safety Integrity Level (ASIL) [573]
C or D [574] and therefore have to meet strict safety and timing requirements. These points
are probably much more important than scalability, as the number of cells in a car is normally
fixed. Requirements on the communication further depend on features of the IBS. If cells can
be bypassed through switches and, thus, can enter safe states, the criticality of communication
losses to individual nodes can be reduced [568] and therefore also the significance of a reliable
communication. Furthermore, number and type of sensors strongly influence the necessary
bit rate. If the data of current sensors on cell level or the impedance results of EIS must be
exchanged, the required bit rate can be significantly higher.
Wired bus topologies are the state-of-the art of BMS communication. However, compared to wireless solutions, complex wiring of more than a hundred nodes leads to difficulty
in automated manufacturing [575] (higher production costs), limited flexibility and scalability [576] as well as heavier and larger battery packs [577]. The communication interface
must be isolated due to the different voltage levels of serially connected cells [575]. Depending on the maximum voltage difference, this has to be considered for the selection of
components and isolation space [9]. The wiring is a potential error source, affecting the
reliability in BEVs. Vibrations can lead to physical failure of cables and connectors [575,576].
According to car manufacturers and suppliers, the key failure modes of vehicles are issues
with wiring harnesses and connectors [572].
Isolated differential daisy chain connections are usually used with cell monitoring
chips such as [578–580]. If the nodes are connected into a ring topology and can forward
data in both directions, the system’s reliability can be significantly increased through fault
tolerance to cable breaks [578,579]. Daisy chain is only rarely found in the literature related
to BMS communication. In [581], a master–slave network with serially connected Cell Management Units (CMUs) is implemented with isolated Universal Asynchronous Receiver
Transmitter (UART). Ring topologies are more likely used for MLI applications [582,583].
EtherCAT is often used due to its exact synchronization feature and to achieve ideal switching precision of ±20 ns. Applying MCUs with integrated EtherCAT in combination with
automotive Ethernet [584] is not present in literature, but seems very promising for RBSs,
as it is deterministic, requires only two cables, and reaches bit rates up to 100 Mbit/s.
Isolated bus topologies are commonly used for wired intra-battery communication. Stateof-the-art BMSs usually use isolated Controller Area Networks (CANs) [554,560,568,585,586].
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Brandl et al. [554] present galvanic isolation concepts for BMS communication. CAN is
very robust, widely used in the automotive industry, cheap, and real-time capable due to
its multi-master prioritization and collision resolution scheme [587]. The message filter
feature is useful to address individual cells with broadcast communication and to reduce
computational load on all other nodes. However, Alonso et al. [588] criticize the poor
data rate of ordinary CAN of just 1 Mbit/s. The automotive industry has come up with
solutions to that problem. CAN-FD (Flexible Data rate) supports bit rates up to 5 Mbit/s.
The upcoming CAN-XL [589] technology from Bosch even features up to 10 Mbit/s. Furthermore, the necessary throughput can be achieved by partitioning Module Management
Units (MMUs)/CMUs into separate networks, as long as a distributed master slave topology is applied. Future works on optical CAN and CAN in combination with Ethernet are
recommended by Reindl et al. [553]. For the latter case, CAN-XL sounds promising, since it
supports up to 2048 B payload per frame, enabling IP-based protocols [589]. An I2 C bus is
shown in [561] and a UART bus is presented in [590]. Both solutions support master–slave
communication. However, these communication systems are much less robust compared
to CAN [587]. A novel bidirectional technology based on galvanically isolated, capacitive
coupled, differential bus with Frequency Shift Keying (FSK) is presented in [9,563,564]. The
authors analyzed the communication between up to 100 ESUs. The major advantage of
their approach is that isolated contacts and connectors are unnecessary. In order to reduce
the number of wires, Zhang et al. [565] propose a novel approach that uses the wiring
between the pack managing unit and the CMUs for both power and time division multiplexed data transmission. EMI issues may occur for high numbers of nodes. Unfortunately,
literature lacks of measurements on how many nodes can be connected to the same bus,
while keeping the communication reliable. This plays an important role for the costs and
the network architecture of IBSs.
Power Line Communication (PLC) in EVs utilizes the battery’s HV power path as
the physical medium to exchange data using coupler circuits. The major benefit compared
to standard wired solutions is the reduction of the wiring. Saleem et al. [591] present
a BMS with UART over power line with FSK, but the validation comprises only three
nodes. Saidani et al. [592] developed a new PLC concept where an AC current source in
parallel to the cell is used instead of an inductive or capacitive isolator. Unfortunately, the
cell impedance is too small to obtain the necessary amplitude. Using Rogowski coils as
coupling elements for PLC, in order to avoid saturation effects of iron-core couplers at
high current spikes, is proposed by Opako et al. [593]. The high noise due to inverters
and DC/DC converters on the medium is an important issue of PLC [563]. A simulative
examination of the physical layer of PLC in EVs is published by Ouannes et al. [594]. The
authors modeled a battery with 100 cells and analyzed several modulation schemes without
considering noise from the power electronics. Their results show that the attenuation of
the master signal strongly depends on the cell’s location as the signal propagates through
different PLC channels. Furthermore, the busbars used in battery packs do not have a
defined impedance characteristic, leading to a lack of scalability and re-usability [594,595].
In [594,595], the authors show that the channel transfer function varies from cell to cell.
Unfortunately, it is not investigated how the cell type, cell manufacturer, and cell aging
effects influence the transfer functions of the PLC channel. To the best of our knowledge,
there are no publications on PLC for RBSs. The additional switches and the varying power
path configuration will probably reduce the reliability. MLIs may lead to less interferences,
due to the lower switching voltages compared to traditional inverters. Additionally, if the
power path is interrupted by switching, the communication will probably break down.
Further research is required here.
Wireless Battery Management Systems (WBMSs) are of scientific interest for IBSs as
it is naturally isolated and cheap. In addition, it reduces the overall weight of the vehicle
due to less wiring [572]. However, safety, availability, reliability, and security have to be
fulfilled [596]. Easy access to the network from outside the car is one major disadvantage
of WBMS, leading to potential data theft by sniffers, communication losses due to jamming,
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or malicious firmware updates [597]. Unfortunately, most presented WBMSs are not tested
under realistic environmental conditions in BEVs. The feasibility of WBMSs in battery
packs is thus not proven. Wireless communication issues comprise inference and fading,
which can lead to communication losses, so it is seldom applied [565]. For the use in EVs,
a deep understanding of the radio channel inside the battery is required [577], which is
simulated and investigated for various battery pack parameters by Alonso et al. [598].
The authors analyze different antennas for the application in intra-battery communication
in [577,588]. Their results show that the channels strongly depend on the pack’s geometry
and that the distance between the antennas has a high impact on the channels’ attenuation.
The impact of these parameters increases with higher signal frequencies. Constructing a
reliable and stable wireless link inside an EV battery pack is very complex and inflexible
which contradicts the advantages of WBMS promised by various publications. However,
the usage in other applications like smart grids and ESS might be more promising. The
WBMSs presented in the literature use different wireless technologies like ZigBee [599,600],
Bluetooth [601], and Wi-Fi [571,602]. An approach where the CMU is integrated inside the
cell is proposed by Schneider et al. [566]. Kumtachi et al. [603] suggest a multi-hop forwarding technique based on over-hearing, useful for large scale IBS in smart grids. An Internet
of Things (IoT)-based decentralized WBMS architecture is shown by Faika et al. [604]. Unfortunately, the average data aggregation time is over 5 s for only five nodes. This is
obviously too long for safe application in BMSs, where battery data update rates of 10 Hz
are common [572]. Poor real-time capability is also shown by Lafrenz et al. [571] with
a WiFi-based WBMS for RBSs. Their measurements show high jitter on the sensor data
response time. Lee et al. [575] present a promising master-slave WBMS that can manage
up to 780 slave nodes with update rates of 10 Hz. It applies Amplitude Shift Keying (ASK)
or FSK modulation for 1 Mbit/s. A contribution by Navitas Solutions Inc. [605] shows that
the bitrate already increased to 2 Mbit/s for up to 640 nodes, communicating temperature and voltage data. Various semiconductor manufacturers work on integrated WBMS
solutions. Linear Technology has presented the first WBMS in a BMW i3 concept car in
2016 [606]. General Motors announced to use Analog Devices WBMSs for its automotive
Ultium battery platform with the aim to save up to 90 % of the wiring and up to 15 % of
the battery pack’s volume [607].
It is difficult to determine a specific technology as the best for communication in IBSs.
Literature for this topic lacks comparability and realistic conditions, especially with respect
to the number of nodes. Wireless communication offers promising advantages but requires
a deep understanding of the radio channel. Focusing on MLIs and their requirements on
high data throughput, real-time capability, and time synchronous switching, EtherCAT is
highly recommendable due to the very precise synchronization, determinism, and high
data rate of the technology. Another option is the upcoming CAN-XL, as CAN is very
reliable, cheap, and common in the automotive world. CAN-XL further improves CAN
networks considering data-rate and payload length. This solution is promising for RBSs
with a lower real-time demand compared to MLIs.
5.4. Further Implications of Reconfiguration
At this point, further aspects are addressed that are commonly overseen in application
of RBSs. Operating physical in contrast to ideal switches implies additional heat in the
system and influence on the cell chemistry, but these topics are seldom discussed. Furthermore, the influence of high-frequency switching on lifetime of the cells and efficiency
of RBSs is an important topic to guarantee the reliability in an industrial application and
justify their application.
5.4.1. Thermal Influence and Interaction in Reconfigurable Battery Systems
The main influence for the thermal behavior of battery modules and systems is the
local heat generation of cells in combination with the cooling system strategy. In IBS,
additional electronic components are utilized at a cell level that generate additional heat
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during use [386,608]. Identifying the heat generating components, mainly sensing (e.g.,
CSRs) and switching components in the current path generate power losses [377,609]. The
fact that an intelligent battery system in any case has an increased heat generation is rarely
reported and investigated in the literature. It is stated in the context of the number of
switches that an increasing number of switches improves the configuration flexibility but
increases the power dissipation [373]. In another work, the thermal influence is stated to
be negligible [529]. However, in a recent publication, Kleiner et al. [609] investigated the
influence of reconfigurable hardware on prismatic cells and found a significant influence on
the cell’s core temperature. In their follow up work, the authors match the IBS hardware to
the automotive application and report a temperature increase of approximately 1 K due to
the power dissipation of the electronics [608]. Thereby, the thermal influence of electronics
can be reduced with suitable approaches, but it must not be neglected.
Regarding the thermal modeling of IBS, the consequent approach is to consider
the electronics’ influence in the model-based estimation of the core temperature. With
the electronics influencing the cell’s thermal behavior, the influences need to either be
represented in the model or to be included in the dataset of solely data-driven approaches.
5.4.2. Influence of Switching on Cell Lifetime
During the application in RBS Type 2, such as MLIs, the cells are switched on and off
up to the kHz range. The data base for answering the question on the influence of switching on cell aging is limited as there is a high variety of potential current profiles (waveform,
duty cycle, frequency, C-Rate, etc.) and ambient temperature profile. Even for an explicit
aging pattern, it is not straight forward to define the appropriate constant current reference test as, e.g., a lower duty cycle increases the test time, reduces the average current,
and decreases the temperature rise caused by resistive heat. Therefore, it is not possible to
keep all parameters such as average current, maximum current, test time, and cell temperature constant. This makes a comparison of MLIs and reference tests challenging. These
fundamental issues of the optimal test design are one explanation for the contradictory
conclusions in the various publications on the topic.
The influence on the lifetime of Li-ion batteries for MLI comparable applications,
with rectangular waveforms up to the kHz range, is investigated in only two publications
that are known to us [610,611]. Uno et al. [611] tested 24 cells with 2 Ah capacity each
and a current of ±1 A for a high-frequency balancer application that is comparable to
MLIs. Varying the frequency from 1 Hz to 100 kHz, the authors conclude from the results a
higher capacity fade during switching for frequencies below 10 Hz. However, applying
switching procedures in the range of 100 Hz to 100 kHz, no significant aging in comparison
to calendar life tests is obtained. This was explained by the influence of micro cycles
at low frequencies while at higher frequencies only the double layer capacitances of the
electrodes are cycled. Chang et al. [610] investigate the MLI application explicitly for a
CHB at 2 kHz and 10 kHz. The results for five 3 Ah cells show no dependence on frequency
and power factor on capacity fade, but a 2 % lower capacity compared to reference cells
with the same average C-rate. Smaller deviations could be explainable by an unintended
test pause leading to anode overhang effects that have nearly compensated by the end of
the test [612]. The internal resistance changed comparably for all cells. In other literature
found for DC/DC converters and fast charging, it is also reported that pulsing in the kHz
range has a negative [613], not significant [614] or positive [615] effect on aging. Korth
Pereira Ferraz et al. highlight for 5 kHz a slightly stronger aging for 10 % DOD while no
impact is observed for 100 % DOD cycling [616].
As a conclusion, the impact of switching remains unclear, and it is necessary to investigate the influence of switching on the lifetime of the cells for different aging test conditions,
high power/high energy cells, and cell chemistries in the upcoming test campaign.
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5.4.3. Efficient Operation of Reconfigurable Battery Systems
In addition to the many advantages offered by switches on cell level and reconfigurability at the system level, the influence on the efficiency of the system must not be
neglected. This important point is usually not considered or discussed in current publications related to switches and reconfiguration. If at all, the statement is being made that the
conduction loss of the used switches needs to be negligibly small to avoid to degrade the
performance and the efficiency of the system [375]. Focusing on the influence of switches,
Kim et al. [377] mention three approaches to improve the efficiency:
•
•
•

reduce the internal resistance of a switch by suitable components;
use multiple switches in parallel for the same functionality;
reduce the number of single switched ESUs by including multiple cells.

The latter, however, reduces the flexibility of the system. This approach of resistance
optimization can be transferred to the other relevant components e.g., by contactless current
sensing or high-current capable hardware [608]. Nevertheless, for a meaningful evaluation
of the total energy efficiency of the whole EV system, the entire power train must be
considered and the lifetime of a vehicle must also be taken into account. The reason is that
many advantages and possibilities of intelligent battery systems only become apparent with
increasing runtime when cells start to age, faults, and failures occur and weak cells limit
the whole system. Especially in this period, when range and performance of conventional
battery systems decrease, IBS in their basic functions show their strengths.
Another point of view on efficiency arises when reconfigurable battery systems
fundamentally change the architecture of the power train. With MLIs and HBSSs in various
forms, conventional power electronics can be replaced. This is of decisive importance for
the overall efficiency as switching only takes place at the cell voltage level (3–5 V) in most
RBS cases. In current power electronics architectures, switching is usually performed at
the system voltage level of 400–800 V. This opens up the opportunity of using completely
different semiconductor components and changing the overall efficiency. Ultimately,
however, efficiency can only be assessed for a specific vehicle with real components.
A general evaluation of the power loss in RBSs with different topologies and levels of
modularization is made by Zimmerman et al. [497].
Besides the electric efficiency of the hardware, the well-designed combination of
BMS functionality is relevant due to contrary operation strategies influencing each other.
For example, a balancing procedure with respect to SOC homogeneity always changes
the cells’ temperature and aging coincidently. When switching procedures are necessary
for fault detection, EIS excitation, balancing, and MLI procedures simultaneously, a wellcoordinated control and regulation software in the BMS is indispensable.
Consequently, a focus of future research must be on finding operation strategies that
combine the discussed functionalities. This is regarded as a multi-objective optimization
problem. Thereby, the individual requirements of the advanced sensing functionalities as
well as the approaches based on reconfiguration must be intelligently combined with each
other to form a holistic IBS.
6. Summary, Conclusions, and Outline
Intelligent Battery Systems (IBSs), as a new technological advancement, represent a
promising but also a challenging approach to significantly improve the reliability, safety,
and efficiency of Battery Electric Vehicles (BEVs). Within this review, the functionalities
of IBSs and the prerequisites for their implementation in BEVs have been discussed. Considering the reviewed scientific literature on the functionalities of IBSs, we conclude that,
as an emerging technology, IBSs are in a rather early development stage and substantial
improvement has to be achieved until a phase of technological maturity is reached.
In this regard, IBSs are a versatile area of research due to their prosperity of available
sensor data and manifold control levers. Thereby, intelligent methods can be incorporated
in many applications such as continuous adaptive control, aging adaptation, online parameter, and state estimation. In addition to vital operating parameters of individual cells, a
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reliable detection and localization of faults is also achievable. Therefore, the goal of future
research related to fault diagnosis must be to bundle the detection of several different errors
in a unified fault diagnosis function. Furthermore, in contrast to the well-established State
of Charge determination, the existing State of Health monitoring functions must always
adapt to the ongoing development of chemical compositions for lithium-ion batteries. This
is a general challenge of battery systems. In the context of IBSs, it is an attractive option to
use on-board Electrochemical Impedance Spectroscopy for monitoring the aging behavior.
However, the hardware implementation for measuring the impedance in a BEV has not
been solved yet. In the area of temperature estimation, a major step has already been
taken with cell-specific temperature measurement using cell-dedicated hardware. From
the economic point of view, algorithm- and model-based approaches for cell temperature
estimation seem to be more attractive solutions than cell integrated temperature sensors
at present. In general, the realization of IBSs with advanced sensing imposes severe requirements on size, cost, and energy consumption, which is only partly solved by today’s
commercial sensor technology. Therefore, further research and development regarding
simple and yet reliable sensors is encouraged.
With the incorporation of cell individual actuators (switches) into an IBS, a new degree
of freedom for optimal and efficient operation is introduced. The resulting Reconfigurable
Battery System is a mechatronic system, where intelligent operation strategies can be applied
based on sensor data, advanced diagnosis, and overall energy demand. Simple topologies,
such as half bridges, already enable basic functionalities such as Bad-Block-Management
and balancing. However, when it comes to advanced reconfiguration applications such as
Multilevel Inverters (MLIs) or Hybrid Battery Storage Systems, more complex topologies are
favorable. The large number of emerging topologies suggests that a detailed analysis of the
specific use case is required to be able to find the optimal micro- and macrotopology. For
example, if an IBS enables AC output voltage by MLI functionality, external power electronics
can be omitted. This in turn requires a topology that enables variable system voltage levels.
However, the number of switches in the load path increases costs, losses, and the probability
of failure. Moreover, the chosen topology directly affects the thermal interactions as well
as the efficiency of the system. Therefore, appropriate semiconductor devices are required
to replace the system level power electronics. In addition, the high frequency application
of switching for MLIs requires a suited Battery Management System and communication
architecture. In addition, finally, all algorithms and functionalities that are based on switching
procedures must be coordinated for a functional operation strategy.
Despite the existing challenges, IBSs have the potential to significantly improve the
battery systems of Electric Vehicles and provide sophisticated solutions to the many limitations and issues encountered with conventional battery systems. The next important
step, besides the continuous development of the individual functionalities of advanced
monitoring and Reconfigurable Battery Systems, is to examine the mutual effects of the
many functionalities described in the literature to form a holistic concept of Intelligent
Battery Systems for future generations of Electric Vehicles.
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190. Maletić, F.; Hrgetić, M.; Deur, J. Dual Nonlinear Kalman Filter-Based SoC and Remaining Capacity Estimation for an Electric
Scooter Li-NMC Battery Pack. Energies 2020, 13, 540. [CrossRef]
191. Dragicevic, T.; Sucic, S.; Guerrero, J.M. Battery state-of-charge and parameter estimation algorithm based on Kalman filter. In
Proceedings of the Eurocon 2013, Zagreb, Croatia, 1–4 July 2013; pp. 1519–1525. [CrossRef]
192. Andre, D.; Appel, C.; Soczka-Guth, T.; Sauer, D.U. Advanced mathematical methods of SOC and SOH estimation for lithium-ion
batteries. J. Power Sources 2013, 224, 20–27. [CrossRef]
193. Guo, F.; Hu, G.; Hong, R. A parameter adaptive method with dead zone for state of charge and parameter estimation of
lithium-ion batteries. J. Power Sources 2018, 402, 174–182. [CrossRef]
194. Plett, G.L. Sigma-point Kalman filtering for battery management systems of LiPB-based HEV battery packs: Part 2: Simultaneous
state and parameter estimation. J. Power Sources 2006, 161, 1369–1384. [CrossRef]
195. Zhang, F.; Rehman, M.M.U.; Wang, H.; Levron, Y.; Plett, G.; Zane, R.; Maksimovic, D. State-of-charge estimation based on
microcontroller-implemented sigma-point Kalman filter in a modular cell balancing system for Lithium-Ion battery packs. In
Proceedings of the 2015 IEEE 16th Workshop on Control and Modeling for Power Electronics (COMPEL), Vancouver, BC, Canada,
12–15 July 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 1–7. [CrossRef]
196. Xiong, R.; Sun, F.; Gong, X.; He, H. Adaptive state of charge estimator for lithium-ion cells series battery pack in electric vehicles.
J. Power Sources 2013, 242, 699–713. [CrossRef]
197. Sun, F.; Hu, X.; Zou, Y.; Li, S. Adaptive unscented Kalman filtering for state of charge estimation of a lithium-ion battery for
electric vehicles. Energy 2011, 36, 3531–3540. [CrossRef]
198. Shen, P.; Ouyang, M.; Lu, L.; Li, J.; Feng, X. The Co-estimation of State of Charge, State of Health, and State of Function for
Lithium-Ion Batteries in Electric Vehicles. IEEE Trans. Veh. Technol. 2018, 67, 92–103. [CrossRef]
199. Xu, W.; Xu, J.; Yan, X. Lithium-ion battery state of charge and parameter joint estimation using cubature Kalman filter and particle
filter. J. Power Electron. 2020, 20, 292–307. [CrossRef]
200. Ganeshan, A.; Shanmughasundaram, R. Estimation of SOC and SOH using Mixed Neural Network and Coulomb Counting
Algorithm. Int. J. Innov. Technol. Explor. Eng. 2019, 8, 2557–2561. [CrossRef]
201. Rahbari, O.; Omar, N.; van den Bossche, P.; van Mierlo, J. A centralized state of charge estimation technique for electric vehicles
equipped with lithium-ion batteries in smart grid environment. In Proceedings of the 2018 IEEE International Conference on
Industrial Technology (ICIT), Lyon, France, 20–22 February 2018; pp. 1721–1725. [CrossRef]
202. Yang, F.; Li, W.; Li, C.; Miao, Q. State-of-charge estimation of lithium-ion batteries based on gated recurrent neural network.
Energy 2019, 175, 66–75. [CrossRef]
203. Zahid, T.; Xu, K.; Li, W.; Li, C.; Li, H. State of charge estimation for electric vehicle power battery using advanced machine
learning algorithm under diversified drive cycles. Energy 2018, 162, 871–882. [CrossRef]
204. Li, R.; Xu, S.; Li, S.; Zhou, Y.; Zhou, K.; Liu, X.; Yao, J. State of Charge Prediction Algorithm of Lithium-Ion Battery Based on
PSO-SVR Cross Validation. IEEE Access 2020, 8, 10234–10242. [CrossRef]
205. Shi, Q.S.; Zhang, C.H.; Cui, N.X. Estimation of battery state-of-charge using v-support vector regression algorithm. Int. J.
Automot. Technol. 2008, 9, 759–764. [CrossRef]
206. Ozcan, G.; Pajovic, M.; Sahinoglu, Z.; Wang, Y.; Orlik, P.V.; Wada, T. Online battery state-of-charge estimation based on sparse
gaussian process regression. In Proceedings of the 2016 IEEE Power and Energy Society General Meeting (PESGM), Boston, MA,
USA, 17–21 July 2016; pp. 1–5. [CrossRef]
207. Howey, D.A.; Mitcheson, P.D.; Yufit, V.; Offer, G.J.; Brandon, N.P. Online Measurement of Battery Impedance Using Motor
Controller Excitation. IEEE Trans. Veh. Technol. 2014, 63, 2557–2566. [CrossRef]
208. Jansen, P.; Vergossen, D.; Renner, D.; John, W.; Götze, J. Impedance spectra classification for determining the state of charge on a
lithium iron phosphate cell using a support vector machine. Adv. Radio Sci. 2015, 13, 127–132. [CrossRef]
209. Mohan, S.; Kim, Y.; Siegel, J.B.; Samad, N.A.; Stefanopoulou, A.G. A Phenomenological Model of Bulk Force in a Li-Ion Battery
Pack and Its Application to State of Charge Estimation. J. Electrochem. Soc. 2014, 161, A2222–A2231. [CrossRef]
210. Mohan, S.; Kim, Y.; Stefanopoulou, A.G. On Improving Battery State of Charge Estimation Using Bulk Force Measurements. In
Proceedings of the ASME 2015 Dynamic Systems and Control Conference, Columbus, OH, USA, 28–30 October 2015; Volume 1,
Paper No. V001T13A010. [CrossRef]

Energies 2021, 14, 5989

66 of 82

211. Ganguli, A.; Saha, B.; Raghavan, A.; Kiesel, P.; Arakaki, K.; Schuh, A.; Schwartz, J.; Hegyi, A.; Sommer, L.W.; Lochbaum, A.; et al.
Embedded fiber-optic sensing for accurate internal monitoring of cell state in advanced battery management systems part 2:
Internal cell signals and utility for state estimation. J. Power Sources 2017, 341, 474–482. [CrossRef]
212. Ghannoum, A.; Norris, R.C.; Iyer, K.; Zdravkova, L.; Yu, A.; Nieva, P. Optical Characterization of Commercial Lithiated Graphite
Battery Electrodes and in Situ Fiber Optic Evanescent Wave Spectroscopy. ACS Appl. Mater. Interfaces 2016, 8, 18763–18769.
[CrossRef]
213. Ghannoum, A.; Nieva, P.; Yu, A.; Khajepour, A. Development of Embedded Fiber-Optic Evanescent Wave Sensors for Optical
Characterization of Graphite Anodes in Lithium-Ion Batteries. ACS Appl. Mater. Interfaces 2017, 9, 41284–41290. [CrossRef]
214. Modrzynski, C.; Roscher, V.; Rittweger, F.; Ghannoum, A.; Nieva, P.; Riemschneider, K.R. Integrated Optical Fibers for
Simultaneous Monitoring of the Anode and the Cathode in Lithium Ion Batteries. In Proceedings of the IEEE SENSORS 2019,
Montreal, QC, Canada, 27–30 October 2019; IEEE: Piscataway, NJ, USA, 2019; pp. 1–4. [CrossRef]
215. Birkl, C.R.; Roberts, M.R.; McTurk, E.; Bruce, P.G.; Howey, D.A. Degradation diagnostics for lithium ion cells. J. Power Sources
2017, 341, 373–386. [CrossRef]
216. Lewerenz, M.; Marongiu, A.; Warnecke, A.; Sauer, D.U. Differential voltage analysis as a tool for analyzing inhomogeneous
aging: A case study for LiFePO4 |Graphite cylindrical cells. J. Power Sources 2017, 368, 57–67. [CrossRef]
217. Haifeng, D.; Xuezhe, W.; Zechang, S. A new SOH prediction concept for the power lithium-ion battery used on HEVs. In
Proceedings of the IEEE Vehicle Power and Propulsion Conference, Dearborn, MI, USA, 7–10 September 2009; IEEE: Piscataway,
NJ, USA, 2009; pp. 1649–1653. [CrossRef]
218. Berecibar, M.; Gandiaga, I.; Villarreal, I.; Omar, N.; van Mierlo, J.; van den Bossche, P. Critical review of state of health estimation
methods of Li-ion batteries for real applications. Renew. Sustain. Energy Rev. 2016, 56, 572–587. [CrossRef]
219. Xiong, R.; Li, L.; Tian, J. Towards a smarter battery management system: A critical review on battery state of health monitoring
methods. J. Power Sources 2018, 405, 18–29. [CrossRef]
220. Tian, H.; Qin, P.; Li, K.; Zhao, Z. A review of the state of health for lithium-ion batteries: Research status and suggestions. J. Clean.
Prod. 2020, 261, 120813. [CrossRef]
221. Li, Y.; Liu, K.; Foley, A.M.; Zülke, A.; Berecibar, M.; Nanini-Maury, E.; van Mierlo, J.; Hoster, H.E. Data-driven health estimation
and lifetime prediction of lithium-ion batteries: A review. Renew. Sustain. Energy Rev. 2019, 113, 109254. [CrossRef]
222. Prasad, G.K.; Rahn, C.D. Model based identification of aging parameters in lithium ion batteries. J. Power Sources 2013, 232, 79–85.
[CrossRef]
223. Guo, Z.; Qiu, X.; Hou, G.; Liaw, B.Y.; Zhang, C. State of health estimation for lithium ion batteries based on charging curves. J.
Power Sources 2014, 249, 457–462. [CrossRef]
224. Liu, H.; Naqvi, I.H.; Li, F.; Liu, C.; Shafiei, N.; Li, Y.; Pecht, M. An analytical model for the CC-CV charge of Li-ion batteries with
application to degradation analysis. J. Energy Storage 2020, 29, 101342. [CrossRef]
225. Eddahech, A.; Briat, O.; Vinassa, J.M. Determination of lithium-ion battery state-of-health based on constant-voltage charge
phase. J. Power Sources 2014, 258, 218–227. [CrossRef]
226. Lee, S.; Kim, J.; Lee, J.; Cho, B.H. State-of-charge and capacity estimation of lithium-ion battery using a new open-circuit voltage
versus state-of-charge. J. Power Sources 2008, 185, 1367–1373. [CrossRef]
227. Feng, X.; Li, J.; Ouyang, M.; Lu, L.; Li, J.; He, X. Using probability density function to evaluate the state of health of lithium-ion
batteries. J. Power Sources 2013, 232, 209–218. [CrossRef]
228. Li, Y.; Abdel-Monem, M.; Gopalakrishnan, R.; Berecibar, M.; Nanini-Maury, E.; Omar, N.; van den Bossche, P.; van Mierlo, J. A
quick online state of health estimation method for Li-ion battery with incremental capacity curves processed by Gaussian filter. J.
Power Sources 2018, 373, 40–53. [CrossRef]
229. Theiler, M.; Endisch, C.; Lewerenz, M. Float Current Analysis for Fast Calendar Aging Assessment of 18650 Li(NiCoAl)O2/Graphite
Cells. Batteries 2021, 7, 22. [CrossRef]
230. Tröltzsch, U.; Kanoun, O.; Tränkler, H.R. Characterizing aging effects of lithium ion batteries by impedance spectroscopy.
Electrochim. Acta 2006, 51, 1664–1672. [CrossRef]
231. Huhman, B.M. A Single-Frequency Impedance Diagnostic for State of Health Determination in Li-ion 4P1S Battery Packs. Ph.D.
Thesis, Virginia State University, Falls Church, VA, USA, 2017.
232. Lajara, R.; Perez-Solano, J.J.; Pelegri-Sebastia, J. Predicting the batteries’ state of health in wireless sensor networks applications.
IEEE Trans. Ind. Electron. 2018, 65, 8936–8945. [CrossRef]
233. Gong, W.; Chen, Y.; Kou, L.; Kang, R.; Yang, Y. Life Prediction of Lithium Ion Batteries for Electric Vehicles Based on Gas
Production Behavior Model. In Proceedings of the 2017 International Conference on Sensing, Diagnostics, Prognostics, and
Control, Shanghai, China, 16–18 August 2017; Li, C., Ed.; IEEE: Piscataway, NJ, USA, 2017; pp. 275–280. [CrossRef]
234. Li, Y.; Wei, Z.; Xiong, B.; Vilathgamuwa, D.M. Adaptive Ensemble-Based Electrochemical-Thermal-Degradation State Estimation
of Lithium-Ion Batteries. IEEE Trans. Ind. Electron. 2021, 1. [CrossRef]
235. Chiang, Y.H.; Sean, W.Y. Dynamical estimation of State-of-Health of batteries by using adaptive observer. In Proceedings of the
2009 2nd International Conference on Power Electronics and Intelligent Transportation System (PEITS), Shenzhen, China, 19–20
December 2009; pp. 110–115. [CrossRef]
236. Plett, G.L. Recursive approximate weighted total least squares estimation of battery cell total capacity. J. Power Sources 2011,
196, 2319–2331. [CrossRef]

Energies 2021, 14, 5989

67 of 82

237. Remmlinger, J.; Buchholz, M.; Meiler, M.; Bernreuter, P.; Dietmayer, K. State-of-health monitoring of lithium-ion batteries in
electric vehicles by on-board internal resistance estimation. J. Power Sources 2011, 196, 5357–5363. [CrossRef]
238. Rahimian, S.K.; Rayman, S.; White, R.E. State of Charge and Loss of Active Material Estimation of a Lithium Ion Cell under Low
Earth Orbit Condition Using Kalman Filtering Approaches. J. Electrochem. Soc. 2012, 159, A860. [CrossRef]
239. Nuhic, A.; Terzimehic, T.; Soczka-Guth, T.; Buchholz, M.; Dietmayer, K. Health diagnosis and remaining useful life prognostics of
lithium-ion batteries using data-driven methods. J. Power Sources 2013, 239, 680–688. [CrossRef]
240. Remmlinger, J.; Buchholz, M.; Soczka-Guth, T.; Dietmayer, K. On-board state-of-health monitoring of lithium-ion batteries using
linear parameter-varying models. J. Power Sources 2013, 239, 689–695. [CrossRef]
241. Schwunk, S.; Straub, S.; Armbruster, N.; Matting, S.; Vetter, M. Parallel particle filter for state of charge and health estimation
with a long term test. In Proceedings of the World Electric Vehicle Symposium and Exposition (EVS 27), Barcelona, Spain, 17–20
November 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 1–10. [CrossRef]
242. Weng, C.; Cui, Y.; Sun, J.; Peng, H. On-board state of health monitoring of lithium-ion batteries using incremental capacity
analysis with support vector regression. J. Power Sources 2013, 235, 36–44. [CrossRef]
243. Zheng, Y.; Lu, L.; Han, X.; Li, J.; Ouyang, M. LiFePO4 battery pack capacity estimation for electric vehicles based on charging cell
voltage curve transformation. J. Power Sources 2013, 226, 33–41. [CrossRef]
244. Han, X.; Ouyang, M.; Lu, L.; Li, J. A comparative study of commercial lithium ion battery cycle life in electric vehicle: Capacity
loss estimation. J. Power Sources 2014, 268, 658–669. [CrossRef]
245. Hu, X.; Li, S.E.; Jia, Z.; Egardt, B. Enhanced sample entropy-based health management of Li-ion battery for electrified vehicles.
Energy 2014, 64, 953–960. [CrossRef]
246. Berecibar, M.; Omar, N.; Garmendia, M.; Dubarry, M.; Villarreal, I.; van den Bossche, P.; van Mierlo, J. SOH Estimation and
Prediction for NMC Cells Based on Degradation Mechanism Detection. In Proceedings of the 2015 IEEE Vehicle Power and
Propulsion Conference (VPPC), Montreal, QC, Canada, 19–22 October 2015; pp. 1–6. [CrossRef]
247. Wu, J.; Wang, Y.; Zhang, X.; Chen, Z. A novel state of health estimation method of Li-ion battery using group method of data
handling. J. Power Sources 2016, 327, 457–464. [CrossRef]
248. Dubarry, M.; Berecibar, M.; Devie, A.; Anseán, D.; Omar, N.; Villarreal, I. State of health battery estimator enabling degradation
diagnosis: Model and algorithm description. J. Power Sources 2017, 360, 59–69. [CrossRef]
249. Sánchez, L.; Couso, I.; Otero, J.; Echevarría, Y.; Anseán, D.; Sánchez, L.; Couso, I.; Otero, J.; Echevarría, Y.; Anseán, D. A
Model-Based Virtual Sensor for Condition Monitoring of Li-Ion Batteries in Cyber-Physical Vehicle Systems. J. Sens. 2017,
2017, 9643279. [CrossRef]
250. Cai, Y.; Yang, L.; Deng, Z.; Zhao, X.; Deng, H. Online identification of lithium-ion battery state-of-health based on fast wavelet
transform and cross D-Markov machine. Energy 2018, 147, 621–635. [CrossRef]
251. Chen, Z.; Sun, M.; Shu, X.; Shen, J.; Xiao, R. On-board state of health estimation for lithium-ion batteries based on random forest.
In Proceedings of the 2018 IEEE International Conference on Industrial Technology (ICIT), Lyon, France, 20–22 February 2018;
pp. 1754–1759. [CrossRef]
252. Li, S.; Pischinger, S.; He, C.; Liang, L.; Stapelbroek, M. A comparative study of model-based capacity estimation algorithms
in dual estimation frameworks for lithium-ion batteries under an accelerated aging test. Appl. Energy 2018, 212, 1522–1536.
[CrossRef]
253. Santos, S.R.d.; Aranha, J.C.M.S.; Nascimento, T.C.d.; Vieira, D.; Junior, E.M.O.; Cerri, F. Study of machine learning algorithms to
state of health estimation of iron phosphate lithium-ion battery used in fully electric vehicles. In Proceedings of the 2018 SAE
Brasil Congress & Exhibition, Sao Paulo, Brazil, 3–5 September 2018. [CrossRef]
254. Smiley, A.; Plett, G.L. An adaptive physics-based reduced-order model of an aged lithium-ion cell, selected using an interacting
multiple-model Kalman filter. J. Energy Storage 2018, 19, 120–134. [CrossRef]
255. Tang, X.; Zou, C.; Yao, K.; Chen, G.; Liu, B.; He, Z.; Gao, F. A fast estimation algorithm for lithium-ion battery state of health. J.
Power Sources 2018, 396, 453–458. [CrossRef]
256. Wassiliadis, N.; Adermann, J.; Frericks, A.; Pak, M.; Reiter, C.; Lohmann, B.; Lienkamp, M. Revisiting the dual extended Kalman
filter for battery state-of-charge and state-of-health estimation: A use-case life cycle analysis. J. Energy Storage 2018, 19, 73–87.
[CrossRef]
257. Yu, Q.; Xiong, R.; Yang, R.; Pecht, M.G. Online capacity estimation for lithium-ion batteries through joint estimation method.
Appl. Energy 2019, 255, 113817. [CrossRef]
258. Zheng, Y.; Qin, C.; Lai, X.; Han, X.; Xie, Y. A novel capacity estimation method for lithium-ion batteries using fusion estimation of
charging curve sections and discrete Arrhenius aging model. Appl. Energy 2019, 251, 113327. [CrossRef]
259. Bi, Y.; Yin, Y.; Choe, S.Y. Online state of health and aging parameter estimation using a physics-based life model with a particle
filter. J. Power Sources 2020, 476, 228655. [CrossRef]
260. Jiang, B.; Dai, H.; Wei, X. Incremental capacity analysis based adaptive capacity estimation for lithium-ion battery considering
charging condition. Appl. Energy 2020, 269, 115074. [CrossRef]
261. Shu, X.; Li, G.; Zhang, Y.; Shen, J.; Chen, Z.; Liu, Y. Online diagnosis of state of health for lithium-ion batteries based on short-term
charging profiles. J. Power Sources 2020, 471, 228478. [CrossRef]
262. Xu, J.; Mei, X.; Wang, X.; Fu, Y.; Zhao, Y.; Wang, J. A Relative State of Health Estimation Method Based on Wavelet Analysis for
Lithium-Ion Battery Cells. IEEE Trans. Ind. Electron. 2020, 1. [CrossRef]

Energies 2021, 14, 5989

68 of 82

263. Yang, J.; Du, C.; Liu, W.; Wang, T.; Yan, L.; Gao, Y.; Cheng, X.; Zuo, P.; Ma, Y.; Yin, G.; et al. State-of-health estimation for satellite
batteries based on the actual operating parameters—Health indicator extraction from the discharge curves and state estimation. J.
Energy Storage 2020, 31, 101490. [CrossRef]
264. Meissner, E.; Richter, G. Battery Monitoring and Electrical Energy Management. J. Power Sources 2003, 116, 79–98. [CrossRef]
265. Farmann, A.; Sauer, D.U. A comprehensive review of on-board State-of-Available-Power prediction techniques for lithium-ion
batteries in electric vehicles. J. Power Sources 2016, 329, 123–137. [CrossRef]
266. Sun, F.; Xiong, R.; He, H.; Li, W.; Aussems, J.E.E. Model-based dynamic multi-parameter method for peak power estimation of
lithium–ion batteries. Appl. Energy 2012, 96, 378–386. [CrossRef]
267. Xiong, R.; Sun, F.; He, H.; Nguyen, T.D. A data-driven adaptive state of charge and power capability joint estimator of lithium-ion
polymer battery used in electric vehicles. Energy 2013, 63, 295–308. [CrossRef]
268. Bohlen, O.; Buller, S.; de Doncker, R.W.; Gelbke, M.; Naumann, R. Impedance based battery diagnosis for automotive applications.
In Proceedings of the 2004 IEEE 35th Annual Power Electronics Specialists Conference (IEEE Cat. No.04CH37551), Aachen,
Germany, 20–25 June 2004; IEEE: Piscataway, NJ, USA, 2004; pp. 2792–2797. [CrossRef]
269. Plett, G.L. High-Performance Battery-Pack Power Estimation Using a Dynamic Cell Model. IEEE Trans. Veh. Technol. 2004,
53, 1586–1593. [CrossRef]
270. Küpper, M.; Hülshorst, T.; Seibert, D. Prädiktive Algorithmen für Lithium-Ionen-Traktionsbatterien in Elektro- und Hybridfahrzeugen. ATZelektronik 2011, 6, 70–78. [CrossRef]
271. Anderson, R.D.; Zhao, Y.; Wang, X.; Yang, X.G.; Li, Y. Real time battery power capability estimation. In Proceedings of the 2012
American Control Conference (ACC), Montreal, QC, Canada, 27–29 June 2012; pp. 592–597. [CrossRef]
272. Bhattacharya, S.; Bauer, P. Requirements for charging of an electric vehicle system based on state of power (SoP) and state of
energy (SoE). In Proceedings of the 7th International Power Electronics and Motion Control Conference, Harbin, China, 2–5 June
2012; pp. 434–438. [CrossRef]
273. Xiong, R.; He, H.; Sun, F.; Zhao, K. Online Estimation of Peak Power Capability of Li-Ion Batteries in Electric Vehicles by a
Hardware-in-Loop Approach. Energies 2012, 5, 1455–1469. [CrossRef]
274. Fleischer, C.; Waag, W.; Bai, Z.; Sauer, D.U. Adaptive On-line State-of-available-power Prediction of Lithium-ion Batteries. J.
Power Electron. 2013, 13, 516–527. [CrossRef]
275. Pei, L.; Zhu, C.; Wang, T.; Lu, R.; Chan, C.C. Online peak power prediction based on a parameter and state estimator for
lithium-ion batteries in electric vehicles. Energy 2014, 66, 766–778. [CrossRef]
276. Balagopal, B.; Chow, M.Y. The state of the art approaches to estimate the state of health (SOH) and state of function (SOF)
of lithium Ion batteries. In Proceedings of the 2015 IEEE 13th International Conference on Industrial Informatics (INDIN),
Cambridge, UK, 22–24 July 2015; pp. 1302–1307. [CrossRef]
277. Xavier, M.A.; Trimboli, M.S. Lithium-ion battery cell-level control using constrained model predictive control and equivalent
circuit models. J. Power Sources 2015, 285, 374–384. [CrossRef]
278. Burgos-Mellado, C.; Orchard, M.E.; Kazerani, M.; Cárdenas, R.; Sáez, D. Particle-filtering-based estimation of maximum available
power state in Lithium-Ion batteries. Appl. Energy 2016, 161, 349–363. [CrossRef]
279. Dong, G.; Wei, J.; Chen, Z. Kalman filter for onboard state of charge estimation and peak power capability analysis of lithium-ion
batteries. J. Power Sources 2016, 328, 615–626. [CrossRef]
280. Malysz, P.; Ye, J.; Gu, R.; Yang, H.; Emadi, A. Battery State-of-Power Peak Current Calculation and Verification Using an
Asymmetric Parameter Equivalent Circuit Model. IEEE Trans. Veh. Technol. 2016, 65, 4512–4522. [CrossRef]
281. Lelie, M.; Braun, T.; Knips, M.; Nordmann, H.; Ringbeck, F.; Zappen, H.; Sauer, D. Battery Management System Hardware
Concepts: An Overview. Appl. Sci. 2018, 8, 534. [CrossRef]
282. Luca, R.; Whiteley, M.; Neville, T.; Tranter, T.; Weaving, J.; Marco, J.; Shearing, P.R.; Brett, D.J.L. Current Imbalance in Parallel
Battery Strings Measured Using a Hall–Effect Sensor Array. Energy Technol. 2021, 9, 2001014. [CrossRef]
283. Schneider, D.; Vögele, U.; Endisch, C. Model-based sensor data fusion of quasi-redundant voltage and current measurements in a
lithium-ion battery module. J. Power Sources 2019, 440, 227156. [CrossRef]
284. Schneider, D.; Endisch, C. Robustness and Reliability of Model-based Sensor Data Fusion in a Lithium-Ion Battery System.
In Proceedings of the 2020 IEEE Conference on Control Technology and Applications (CCTA), Montreal, QC, Canada, 24–26
August 2020. [CrossRef]
285. Ripka, P. Contactless measurement of electric current using magnetic sensors. tm-Tech. Mess. 2019, 86, 586–598. [CrossRef]
286. Ziegler, S.; Woodward, R.C.; Iu, H.H.-C.; Borle, L.J. Current Sensing Techniques: A Review. IEEE Sens. J. 2009, 86, 354–376.
[CrossRef]
287. Patel, A.; Ferdowsi, M. Current Sensing for Automotive Electronics—A Survey. IEEE Trans. Veh. Technol. 2009, 58, 4108–4119.
[CrossRef]
288. Takaya, H.; Miyagi, K.; Hamada, K. Current-sensing power MOSFETs with excellent temperature characteristics. In Proceedings
of the 2009 21st International Symposium on Power Semiconductor Devices & IC’s, Barcelona, Spain, 14–18 June 2009; pp. 73–76.
[CrossRef]
289. Meddings, N.; Heinrich, M.; Overney, F.; Lee, J.S.; Ruiz, V.; Napolitano, E.; Seitz, S.; Hinds, G.; Raccichini, R.; Gaberšček, M.; et al.
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