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Summary

To improve electric vehicle (EV)’s operation performance and reliability, an energy
management system (EMS) should be designed to supervise and control the power
sources including lithium-ion (Li-ion) batteries. In this thesis, some topics relevant to
implementation of a new intelligent EMS for EVs and focusing on Li-ion battery’s
operation and performance are researched. The intelligent EMS is based on some novel
methods for modeling and estimation of Li-ion batteries, cell equalization in battery pack

and power management strategy design for the power sources in EVs.

The first part of this thesis focuses on Li-ion battery modeling. Various types of
equivalent circuit model are established and compared. It is verified that the series circuit
model with two resistor-capacitor (RC) networks has good performance. The model using
fuzzy logic to describe the temperature effect based on experiments is proposed. Then,
another new type of battery model trained by the extreme learning machine (ELM)
algorithm is proposed in experimental condition with simple current patterns. The ELM
model performs simpler modeling process and better accuracy comparing with existing

radial basis function (RBF) neural network (NN) battery model.

Based on existing and proposed models, Li-ion battery state of charge (SOC) estimation is
researched and improved in this thesis. The Kalman filter (KF)-based methods including
extended Kalman filter (EKF), unscented Kalman filter (UKF), adaptive EKF (AEKF)
and adaptive UKF (AUKF) are applied on the ELM model. Experimental results and
comparisons indicate that the AUKF algorithm achieves improved SOC estimation
performance with better accuracy and faster convergence rate. The estimation results also
verify that the ELM model is more suitable for SOC estimation than the conventional
RBF NN model.

Considering the battery model’s flexibility, accuracy and practical operation conditions,
the particle filter (PF) methods are applied on an accurate nonlinear Li-ion battery
equivalent circuit model. The model represents the circuit parameters’ variation according
to SOC by nonlinear functions and achieves better accuracy than constant parameter
circuit models. The algorithms of PF and unscented particle filter (UPF) for nonlinear

systems are executed to estimate Li-ion battery SOC. The estimation results reveal that
vii



UPF has better accuracy and faster convergence rate than PF. However, the computational

load for the PF methods is heavier, bringing limitations in EMS’s applications.

Then, the accurate nonlinear equivalent circuit model is simplified to a constant circuit
parameter model with system uncertainties to achieve simpler modeling and estimation
process. The sliding mode observer with high accuracy and light computation is applied.
The adaptive gain technique is used in the observer and SOC estimation with good
performance is provided by this proposed adaptive observer. The adaptive observer based
on sliding mode scheme is also applied to estimate Li-ion battery SOC and state of health
(SOH) simultaneously. The estimation results verify that the proposed observer scheme

has accurate and robust performance on battery SOC and SOH estimation.

Another part in this thesis is about cell equalization in Li-ion battery packs. Since cell
imbalance brings damage to Li-ion batteries in the pack, considering circuit size, system
implementation and cost, the equalization method using switched capacitors is applied
and improved for series battery strings in battery pack in this thesis. The proposed
modularized cell equalization schematic using chain structure switched capacitors
achieves fast equalizing speed and small voltage across the switches. Another
modularized double switched capacitor equalization schematic considering battery SOC
and SOH is also proposed to improve the equalizing efficiency and reliability. The trade-
off between equalization speed and system simplicity should be considered to select the
appropriate equalization schematic in applications.

The last part of this thesis designs the power management strategy in EMS for EVs. Fuzzy
logic control strategy is proposed and Li-ion battery’s aging levels represented by SOH is
considered in the control system. By designing fuzzy rules, the fuzzy control strategy
realizes the functions of EV power distribution and power sources operation supervision
for various EV driving actions. Specifically, Li-ion battery life is extended by the
designed fuzzy control strategy considering SOH. To summarize, the proposed power
management strategy in EMS for EVs achieves good performance on EV power sources

operation, supervision and Li-ion battery service life extension.
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Chapter 1 Introduction and Literature Review

1.1 Motivation

With the world’s energy crisis and heavier environmental pollution of greenhouse gas
emission from traditional fossil-fuel vehicles, the development for vehicles with electrical
energy is considered as a possible solution [1]. Electric vehicle (EV) has the advantages of
no pollution and high energy efficiency, which meets today’s demand for vehicles. Thus,
EV attracts more and more attention and is developing rapidly. However, there are still
some problems unsolved in EVs. One of the most important issues is to realize and
improve the EV power supply’s status supervision, prediction, operation control and
protection. EV would encounter its bottleneck if the power sources operation status are
not supervised and controlled appropriately. Improving the power source’s reliability and
safety is also the focal point to be researched. Thus, to implement an intelligent energy
management system (EMS) in EVs is necessary. EMS performs the functions of
supervising and controlling energy storage and power distribution for all the sources in
EVs. An intelligent EMS can achieve the objectives of obtaining maximum energy
efficiency, providing required power for different vehicle driving conditions, supervising
and predicting the sources operation status by estimating the power source’s inner states,
and extending the source’s life by protection measures. EMS’s performance is important
because it influences EV’s performance significantly [1]. A well-designed EMS improves
EV’s reliability and practicability.

As the device converts stored chemical energy into electric energy, battery has been
adopted as the power supply for EVs. Since a lithium-ion (Li-ion) battery has the
advantages of high energy density, light weight, low self-discharging rate and long cycle
life [2, 3], it outperforms other types of batteries and has been widely used in EVs. A Li-
ion battery meets the specific operational and environmental demands for EV’s power
devices. However, there are still some limitations in Li-ion battery development in EV
applications, which is one of the motivations in this research. Exploration of
enhancements for Li-ion battery performance supervision based on battery inner state
estimation and battery use life extension in EVs is still needed in EMS. Besides, as a

power supply, Li-ion batteries constitute battery pack by series and parallel connecting

1



structures and the batteries in the pack should be controlled for reliable and efficient
operations [4]. In general, EV’s performance and EMS implementation have resulted in
the development of Li-ion battery estimation and battery behavior control, including the
key functions of state of charge (SOC) and state of health (SOH) estimation [5] and cell

equalization in the battery pack.

The issues on Li-ion battery SOC and SOH estimation have been attracting researchers’
attention recently. As an EV’s power device, each battery needs accurate SOC and SOH
knowledge to avoid the phenomenon of over-charging, over-discharging and over-rapid
aging. However, Li-ion battery has nonlinear characteristics and complex dynamic
behavior, bringing difficulty to the estimation process. On the other hand, various existing
cell equalization methods carried out in the Li-ion battery pack have led to complex
circuit topology, high component voltage and high cost, which also need more research

and enhancement.

A Li-ion battery pack plays a major part in the EV’s power supply system. Besides, EVS
also need some assistant power devices to compensate high-frequency fluctuating
variation of the required power during EV driving. Then, to design a power management
strategy to realize power distribution between supply sources and source operation status
supervision is another significant topic in EMS. Especially, Li-ion battery life extension

could be realized by designing intelligent control strategies.

The motivation of this research is to design an intelligent EMS in EVs. The designed
EMS will be able to improve EV’s power supply system operation performance and
reliability by supervising, predicting, controlling the Li-ion battery and pack operation and
distributing and controlling the EV power between the Li-ion battery pack and other

power sources.

1.2 Literature Review

A comprehensive review on relevant topics in EMS studied in this research is done in this

section.



1.2.1 Li-ion Battery Modeling

Since EMS needs accurate Li-ion battery status as the basis to supervision, Li-ion battery
modeling is the fundamental step when acquiring battery knowledge. For any closed-loop
online estimation algorithm to obtain battery state, it is necessary to establish the battery
model at first. With an accurate and proper battery model, the battery operation
performance including charging and discharging behaviors can be simulated and predicted.
Usually, a single battery is taken to obtain the model since such a model can reflect the
battery’s dynamics accurately. The Li-ion battery’s inner electrochemical reaction is very
complex and it is a complicated system with nonlinear behavior. So the process of battery
modeling would not be simple. There are mainly three kinds of models for Li-ion battery:

electrochemical model, equivalent circuit model, and black box model [6-9].

The electrochemical model [10-12] focuses on the battery’s inner chemical reaction and
predicts the spatially distributed behavior of the essential states of the battery [13]. This
kind of model is the most accurate for Li-ion battery. However, the electrochemical model
is described by partial differential equations, which is difficult for calculation and
estimation. It may even be not applicable in real-time application [14]. This kind of model
is mostly used to optimize physical design process and test the battery’s chemical

characteristics.

The equivalent circuit model for Li-ion batteries is commonly used for control and
prediction [6, 9, 15, 16]. Impedance testing has verified that equivalent circuit models
have a meaningful description for Li-ion batteries. When providing battery knowledge to
EMS, the equivalent circuit model is much easier than electrochemical model. The
equivalent circuit model simulates Li-ion battery characteristics by using particular
circuit’s behavior. The equivalent circuit model is easy to comprehend and appropriate for
different current patterns. Represented by mathematical equations derived from electric
circuit theory, this kind of model can reduce computation load and needs simpler
estimation algorithm compared with the electrochemical model. In [9], different Li-ion

battery equivalent circuit models are proposed, analyzed and compared.

The equivalent circuit models are established by external reflection of the battery directly,

using the battery’s measured voltage and current. Such kind of models can be very
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accurate to describe Li-ion battery’s dynamics. The circuit model components are
changing to some affecting factors, such as SOC and SOH. If the circuit parameters are
obtained at different conditions and represented by nonlinear functions, the model
accuracy will be improved significantly, whereas complicated equations and strong
nonlinearity will be brought to the model expressions. In [17], the parameters are set as
functions of SOC determined by curve fitting, resulting in a model with complex
equations. If the estimation process’s simplicity is considered, some changes may be
executed on the Li-ion battery model, sacrificing its accuracy to some extent. In [18], the
parameter variations influenced by affecting factors are represented by bounded

uncertainties, making the model equations simple although the accuracy is reduced.

Most Li-ion battery equivalent circuit models are discussed at specific temperature.
However, the ambient temperature also has obvious effect on Li-ion battery’s
characteristics [19-21]. Recently, some researchers begin to describe this effect on the Li-
ion battery’s equivalent circuit model. In [19], the temperature effect on model parameters
is tested and described by simple interpolation algorithm. In [20], the model parameters
are represented by nonlinear functions of SOC and temperature. However, the model

parameters are complex with the functions of two variables.

In experimental condition with simple current pattern, neural networks (NNs) can be
applied to model Li-ion batteries with a higher accuracy. Recently, NNs have also been
widely applied to battery modeling. NNs can approximate complex nonlinear mappings
directly from the system input-output samples without knowledge of the inner structure.
Thus, the NN battery model provides a black-box model without the need to know the
battery’s inner structure and electrochemical reactions. The application of NNs brings
significant convenience and accuracy improvement to the battery modeling process. No
manual step is needed after network initialization. The pre-designed NN learning
algorithm will provide the mapping results with its highest accuracy. The battery model
trained by NN describes the relationships between battery current, voltage and other
variables. Reference [22] uses typical back propagation (BP) NN to approximate the
relationships between battery variables. In [23-26], the Li-ion battery model is trained by
radial basis function (RBF) NN and the relationships between battery state variables are

approximated. As the proposed model based on BP network, RBF NN has better learning
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ability, convergence property and mapping rate compared with the traditional BP NN [27].
In [28], a battery model using fuzzy logic combining NN is established, although the
model has a complex structure and the parameters are adjusted during learning. The NN
model has simpler modeling steps than the equivalent circuit model for Li-ion batteries.
However, traditional NNs still have the flaws of heavy computation and inefficient
learning process. The extreme learning machine (ELM) algorithm is proposed to
overcome these flaws. ELM is firstly introduced in [29] and it gives a fast learning
process. This new kind of learning algorithm could be applied to train the model for Li-

ion batteries.

For different types of Li-ion battery models, the acceptable accuracy is around 1% to 5%
error [17]. Since the SOC range for Li-ion battery operation in EVs is commonly larger
than 20%, the model error in low SOC range could be less focused. When establishing
and selecting the suitable model for Li-ion batteries, the model simplicity should also be
considered because a complex model is difficult to control and estimate. Thus, the
modeling process for Li-ion battery will be a trade-off between the battery model’s

accuracy and simplicity.

1.2.2 SOC Estimation

Since over-charging and over-discharging bring inevitable damage to Li-ion battery, the
battery’s inner charge must be estimated accurately to avoid such a phenomenon and
ensure safe operation. An important variable describing the Li-ion battery’s status is SOC
[3]. SOC indicates the battery’s available energy. Therefore, EMS’s control and
supervision on Li-ion batteries is based on the SOC knowledge. Accurate SOC estimation
should be provided by EMS [30].

SOC is defined the ratio of the battery’s remaining capacity to the nominal capacity [15].
It indicates the battery’s storage charge. By the definition of SOC, its equation is given by:

SOC(t) = SOC(t,) —j?dr (1.1)

n

where SOC(tp) represents the battery initial SOC; C, represents the battery nominal

capacity; and | is the battery current defined positive for discharging and negative for



charging. For the discharging process, a constant discharging efficiency factor is often
applied in the integral part. Here, this factor is assumed as 1. Sometimes, the equation is

transformed to the discrete form as:

SOC(k +1) = SOC (k) —§ 1K) (1.2)

n

where k is the sampling point; and At is the sampling interval. When doing estimation on
battery, SOC is often taken as one state variable for the system state-space equations of

the battery model with above descriptions.

To obtain accurate SOC estimation for Li-ion battery, various methods have been
proposed. Reference [31] summarizes these SOC estimation methods. The most widely
used technique for SOC estimation is Coulomb counting [32]. The principle of Coulomb
counting is to treat the battery as a capacitor and obtain its storage energy by current
integration directly. Nevertheless, estimation error may be accumulated for this open-loop
algorithm, resulting in the estimate drifting away from the true value. Any initial SOC
error also causes a bias in the estimation. Another commonly used technique is the open-
circuit-voltage (OCV) method. This method computes SOC from Li-ion battery’s OCV-
SOC relationship represented by the OCV curve [33]. However, accurate OCV
measurement requires the battery to be in the equilibrium state, whereas the batteries in
EVs are mostly at work during driving. Therefore, the OCV method is not suitable for
real-time SOC estimation [31]. The above methods have simple theories and are easy to

implement. Big errors may be caused by noise or improper measuring condition.

The impedance spectroscopy technique measures the battery’s impedance by testing the
voltage response with a small AC current applied to the battery [34]. A spectroscopy is
composed of the impedance data extracted from different frequency currents. This method
can provide accurate SOC values. But it needs specific measurement and is not
appropriate in EVs. In [35], the intelligent method of fuzzy logic is combined with
impedance spectroscopy to achieve better SOC estimation results. This method provides
good estimation results, but it needs specific experiments so it is not suitable for

applications in EVs.



State estimation can lead to filtering algorithms. Kalman filter (KF) is a mathematical
technique that provides an efficient recursive means for estimating the states of a process
by minimizing the mean of the squared error [36, 37]. It is a powerful method to use
measurements containing noise to do online state estimation. This technique is based on
existing battery models. The KF-based algorithms are widely applied for SOC estimation
[32, 38, 39]. Since the Li-ion battery SOC has a nonlinear relationship with other
variables [40], in [28, 41, 42], some improved nonlinear KF versions are applied to
estimate SOC with accuracy and robustness. The most commonly-used nonlinear version
of KF, extended Kalman filter (EKF), is applied to estimate the battery SOC in [19, 39,
43-46]. The essence of EKF is to linearize the system at each time step to approximate the
nonlinear system with a linear time varying system. Reference [47] proposes a series of
EKF with linear combination based on linear local model networks (LMNSs) whereas it is
difficult for LMNs to contain all the working conditions. However, EKF is only
applicable when the model is precise or has a suitable form. For the system with more
obvious nonlinearity, EKF’s linearization step would bring large estimation error or even
divergence. In this way, the unscented Kalman filter (UKF) which is more suitable for
nonlinear systems is also applied to do SOC estimation in [36, 48]. UKF does not
linearize the system and achieves a higher order of accuracy in estimating the mean and
error covariance of the state vector [36, 48]. Based on EKF and UKF, adaptive Kalman
filter has been applied in battery estimation to achieve better results [49, 50]. Compared
with EKF, adaptive EKF (AEKF) has better performance [51]. A much better estimation
performance can be achieved for nonlinear systems by adjusting the noise covariance

matrices by adaptive Kalman filter [52, 53].

However, the estimation performance of KF variants is still dependent on the model’s
nonlinearity and accuracy. To estimate the system with severe nonlinearity remains a
problem. Sometimes EMS demands the battery model to be accurate, resulting in strong
system nonlinearity. Then the KF-based methods may not supply satisfying estimation
results. In addition, KF variants’ statistical property demand for the system noises may
also be in conflict with practical EV driving conditions. In [54], an adaptive Luenberger
observer is used to do estimation on a linear battery model without any assumption about
the system noise characteristics, but the Li-ion battery’s nonlinearity is not reflected for
7



this method. An H_ observer is applied to estimate battery SOC despite the system noise

statistical property in [55] under the working condition with unknown errors. However,

the H_ observer is based on linear matrix inequality (LMI) solving and may be not

applicable in practice for the need of sufficient condition. Moreover, both methods in [54]
and [55] calculate SOC from OCV estimation, which may lack reliability because a small

OCYV error leads to a large SOC error.

As another strategy for filtering other than KF variants, particle filter (PF) has been
applied in navigation, object tracking and communication. PF is based on sequential
Monte Carlo methods and it can deal with any nonlinearities or distributions [56],
including system with severe nonlinearity and non-Gaussian distribution noises. Thus, PF
could compensate the KF methods’ defects. In [57], PF is applied on nonlinear battery
models for SOC estimation. The performance of PF can be improved by including new
observation information when generating proposal distribution. The unscented particle
filter (UPF) which uses UKF to update each particle with new measurement is applied on

high-power Li-ion batteries using simple voltage expression in [58].

Recently, the sliding mode observer is also applied as a reliable and robust tool for battery
SOC estimation on the models representing the nonlinear part as uncertainties [18, 59-61].
The sliding mode observer has robust tracking performance to the a priori knowledge of
the system noise and simple structure with light computation load [62], which is suitable
to Li-ion battery systems with presence of modeling errors, measurement noises and
uncertainties [59]. The sliding mode technique is a robust method for handling uncertainty
in system [63-65]. The system will be forced to move along a predefined manifold named
sliding surface and remain on it thereafter. The observer based on sliding mode concepts
is firstly proposed in [63]. This kind of observers has high accuracy, simplicity and
robustness to handle system uncertainty and noise efficiently during estimation. By
compensating the model uncertainties, the demand for model precision can be reduced.
The sliding mode observer using equivalent control method is proposed and developed in
[63, 66]. When the sliding surface is reached, the equivalent control method can obtain
some unknown system quantities [63, 66]. Since to determine the appropriate switching

gain for the system may be not easy, an adaptive gain scheme is applied in the sliding
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mode observer recently. The switching gain is adjusted by adaptive laws according to the
tracking errors. In [67], an adaptive gain observer combined with the sliding mode method

IS proposed.
1.2.3 SOH Estimation

In EVs, the Li-ion battery is charged and discharged for multiple cycles. The phenomenon
of battery aging occurs and deepens gradually with battery usage because of the reactions
and material consumption inside it. The lifespan of the Li-ion battery is a limitation for
EVs. In [68, 69], Li-ion battery’s aging mechanism is studied and the affecting factors on
battery degradation are proposed and tested. Both the calendar and cycle effect on the Li-
ion battery life is studied in [70]. Li-ion battery’s degradation performance expressed by
capacity fade modeling is also studied in [71-74]. Some studies emphasize battery inner
reactions or design complex testing process in experiments, obtaining a complex
degradation model that is hard to understand and not applicable. In [75-78], Li-ion battery
degradation mechanism considering practical vehicle utilization is constructed. A new
concept of total Ah-throughput is proposed and the aging effect from any cycle is
transformed to the nominal cycle with a predefined factor that describes the battery aging

progress. This battery aging model is easy to comprehend and applicable in practice.

The Li-ion battery’s aging level could be represented by SOH. SOH is defined as the
performance of the battery compared to its past and expected future. Hence, it reflects Li-
ion battery’s performance relative to its fresh condition and could predict the battery’s
future operations [79]. Li-ion battery’s operation status is relevant to its SOH and its life
time can be indicated from SOH.

As the important variable indicating Li-ion battery status, SOH also needs estimation like
SOC. Although battery aging models have been proposed in various studies stated above,
they are relevant to many factors with complex relationships, which is difficult to estimate.
In this way, SOH is often indicated by Li-ion battery parameter variation, including

capacity reduction and an inner resistance increase.

The internal resistance is used to compute the Li-ion battery SOH as proposed in [59, 79-

82]. Reference [83] identifies Li-ion battery’s aging parameters in the electrochemical

model, which provides the theory basis for using resistance to compute SOH. Estimating
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SOH by impedance measurement combining with fuzzy logic is proposed in [84, 85].
NNs are also taken to train the battery aging mechanism by the data from battery life
cycle tests and SOH is estimated from the trained model in [86]. However, these
intelligent techniques depend on numerous long-time experiments and large data training
sets. An enhanced method based on the Coulomb counting technique is proposed to
estimate Li-ion battery SOC and SOH in [87]. The charging and discharging efficiencies
are considered and SOH is determined by the maximum releasable capacity, whereas this
method is not suitable for online work. Reference [79] applies the adaptive control
approach to estimate battery OCV and internal resistance to compute SOC and SOH,
whereas the convergence performance is not satisfying. In [59], the adaptive law for SOH
estimation is established based on a battery model with uncertainty and nonlinearity. The
estimation error converges to zero. However, the resistance variation is not considered in
this method.

The KF methods are also executed to estimate SOH. In [37], AEKF is used to estimate
SOC and the battery parameters as a joint estimation approach. However, the system state
vector is augmented by the parameters with high dimension [88]. Large matrix operation
is taken and the computation load is increased. The dual Kalman filter method using
separate filters for state and parameter estimation is a better approach applied to Li-ion
battery estimation. In [42-44, 80, 89, 90], dual nonlinear Kalman filters are operated to
estimate battery SOC and SOH simultaneously in real time. In [80], the dual EKF
algorithm is combined with pattern recognition whereas it is difficult for the testing

conditions to include all kinds of electrochemical characteristics in the battery.

Although widely used and easy to implement, dual nonlinear KF methods still encounter
the problems of model error, model nonlinearity and system noise as conventional KF
variants do. In [91], a dual sliding mode observer scheme is applied on a simple circuit
model to estimate battery SOC and SOH simultaneously. The proposed observer deals
with system’s nonlinearity and modeling error by the function of the sliding mode

observer. Meanwhile, the dual estimator scheme’s simplicity and usability is retained.
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1.2.4 Cell Equalization

To provide sufficient power and energy to EVs, Li-ion batteries must make up a battery
pack by connecting batteries in series and parallel. In battery pack, each single battery is
named a cell. In a series-connected battery stack, the charging and discharging currents
are the same for cells. However, individual cells may have manufacturing variance in the
internal resistance, capacity or other parameters, leading to different voltages and SOC
during operation. Specifically, individual cell voltages will drift apart overtime [92]. If the
differences grow bigger, the capacity of the total pack would be decreased, or even cell
damage would occur. So the cell imbalance phenomenon must be avoided in a battery
pack. Some equalization measures should be taken.

To achieve cell equalization, there are mainly two ways: passive and active equalization
schematics [93-96]. The passive equalization schematic uses resistors connected with cells
in parallel and discharges a higher-energy cell onto corresponding resistor. Such a method
is not efficient because of energy waste. The active cell equalization schematic uses
unconsuming energy elements such as capacitor or inductor as the energy storage and
transfer devices. So energy will be transferred from a higher-energy cell to a lower-energy

cell and the energy efficiency will be improved [97].

In [94], a review on Li-ion battery cell equalization using switched capacitors, inductors
and transformers in EV applications is proposed. In [92], various cell equalization
methods are established and compared via Matlab simulation. In [98], the topology using
switched inductors is implemented. To improve the equalization speed, single-winding
transformers and multi-winding transformers are used in [99, 100]. However, the

application of transformer leads to high cost and magnetic loss.

Another widely-used method for cell equalization is the application of equalization
converter. In [101, 102], a buck-boost converter is used as the equalization circuit with
higher energy efficiency and less circuit losses. In [93], a bidirectional DC/DC converter
with an energy transferring capacitor based on fuzzy logic control is proposed. However,
the equalization converter significantly increases the circuit size, complexity, and
implementation cost. The control strategy in the converter also increases the computation
load of the whole system.

11



In [103], the equalization schematic using switched capacitors is proposed. Both the
equalization circuit and control method are simple. To overcome conventional switched
capacitor’s slow equalization speed, the switched capacitor circuits with chain structure
[104], and double layer structure [105] are proposed to achieve faster equalization
recently. Reference [106] interprets the topology combined double-tiered switched
capacitors with chain structure, which has the advantages of the two schematics and
achieves a short equalization time. Nevertheless, more capacitors and switches are
designed in the circuit, which improves the cost and circuit complexity. A shortcoming for
switched capacitor is that the current flow is driven under cell voltage difference during
the equalization process. In this way, researchers add SOC estimation into switched
capacitor equalization system to select the right cells to be charged or discharged. In [107],
a single switched capacitor equalization schematic is applied based on cell SOC
estimation results from EKF. However, the capacitor is in parallel with the whole string or
single cell, which leads to large voltage difference during equalization steps and it may

cause large current impulse to individual cells.

Battery modularization is often applied in battery packs. With the modularization concept,
the battery pack is divided into several modules so that each module could be treated with
a separate equalization schematic [92, 108, 109]. Then, another higher-level equalization
topology can be constructed to realize module equalization. The modularized equalization
schematic improves the equalization speed inside one module and reduces the equalizing

components’ voltage and current stress [92].

1.2.5 Power Management Strategy

Although designed as the major energy source, the Li-ion battery pack could not supply
all the required power during EV driving. The Li-ion battery is not suitable for drastically
varying current applications for some driving actions. For example, EV’s acceleration
may bring an abrupt large current pulse that is harmful to the Li-ion battery. Besides,
when achieving EV regenerative braking, the instantaneous regenerative braking current
will be injected into the batteries and may cause the battery voltage to increase suddenly,
even exceeding the electrolyte breakdown threshold voltage [94]. Thus, to protect the Li-

ion battery pack and improve energy efficiency, some other power sources enduring the
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drastic power variation are needed in the EV’s power supply system. Mostly, the

ultracapacitor is designed as the source for abrupt varying power in EVs.

With the Li-ion battery pack and ultracapacitors designed as the power sources, the
method to determine the contributed power of each source is needed. Besides, to improve
the power supply system’s performance and protect the devices, both the Li-ion battery
pack and ultracapacitors should operate in their optimal operation regions. Hence, the
power management strategy that distributes the source’s contribution power and
supervises the source’s operation points is indispensable for EMS in EVs.

The optimal control method is used to do energy management in [110]. Considering
battery operation constraints, the control system optimizes the usage of battery. However,
the a priori knowledge of the power profile is required for this optimization-based
technique [111].

Intelligent control strategy can achieve the objectives of power management for their
intuition and comprehensiveness. According to the nonlinear behavior of the Li-ion
battery pack and the complexity for the whole system, a fuzzy logic control strategy is
suitable to achieve the functions of power distribution and source supervision. In [112], an
EMS in EVs using fuzzy logic supervisory strategy is proposed and tested. The fuzzy
rules adjusting system power allocation are designed according to the power source’s
characteristics and experience. High dynamic performance is achieved for each source
with the proposed strategy, although the battery aging phenomenon is not considered.
Reference [113] applies similar fuzzy control structure and strategy with different rules
for EV’s practical driving cycles. Considering the power exchange between power
sources in system, a multi-mode power allocator using fuzzy logic in an energy storage
system is proposed in [114]. The control strategy determines power allocation as well as
the power exchange between the Li-ion battery pack and ultracapacitor pack. Thus, the
power sources not only supply or absorb power from external system, but also transfer
power to each other according to their status. The Li-ion battery aging phenomenon is
considered in [114]. However, it is not considered in the fuzzy control strategy.
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1.3 Objectives and Contributions of This Thesis

In this thesis, an intelligent EMS in EVs is developed by implementing and improving the
research on topics focusing on the Li-ion battery. In EMS, it is necessary to propose
simpler and more accurate battery model. Moreover, innovations should be taken to
obtain better battery estimation. The estimation algorithm should be designed to have
good accuracy and robustness, but not with heavy computation. The EMS also needs
efficient cell equalization schematic with a simple circuit and control method. At last,
considering the Li-ion battery’s aging phenomenon, it is necessary to design and improve
the power management strategy in EMS that not only making the power sources operate

with good performance but also extending Li-ion battery’s service life in EVS.
The major contributions of this research are as follows:

(1) The new Li-ion battery model considering temperature effect is developed. An
innovative method using fuzzy logic to consider the affecting factors of Li-ion battery
model is proposed. A new Li-ion battery model is trained by the ELM algorithm for a
simple current type in experimental condition, achieving intuitive and faster modeling

process.

(2) Li-ion battery SOC estimation performance is improved with better accuracy and

robustness by applying the adaptive UKF (AUKF) algorithm based on the ELM model.

(3) Apply the UPF algorithm to estimate Li-ion battery SOC estimation for an accurate

nonlinear equivalent circuit model, overcoming the KF method’s defect.

(4) Li-ion battery SOC and SOH estimation is realized simultaneously using an adaptive
observer based on the sliding mode scheme for a battery equivalent circuit model with
uncertainties. The proposed estimation algorithm achieves a simpler model, a simpler
estimator design process and lighter computation with good estimation accuracy and

robustness.

(5) A simple cell equalization topology and a control method using switched capacitors
by modules are designed. Compared with conventional techniques, Li-ion battery
SOC and SOH are considered and the equalization schematic efficiency and reliability

is improved.
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(6) An intelligent power management strategy using fuzzy control is proposed. The power
management strategy performs the EMS’s supervision and control function for EV’s
power sources and realizes Li-ion battery life extension by considering the Li-ion
battery aging phenomenon.

1.4 Organization of This Thesis

In Chapter 1, the motivation of this research is proposed and literatures in relevant areas

are reviewed. The objectives and contributions of this thesis are also introduced.

Chapter 2 describes Li-ion battery models and proposes new battery models. The
equivalent circuit model is investigated. The equivalent circuit model with two RC
networks is established based on battery experiments. An equivalent circuit model
describing temperature effect by fuzzy rules is also proposed from experiments. Then, the
model trained by specific learning algorithms for simple current pattern is researched. The
model trained by ELM with a simpler training process and a higher accuracy is proposed.
Experimental verification indicates that the ELM model outperforms the model trained by
RBF NN. Li-ion battery modeling is the basis for state estimation and system dynamic

behavior simulation in later chapters.

In Chapter 3, the SOC estimation is done based on the proposed ELM model in
experimental condition and good estimation results are given by AUKF. The estimation
algorithms including EKF, UKF, AEKF and AUKF are applied to estimate SOC. With
better performance in nonlinear system and noise adjustment techniques, AUKF performs
the best estimation tool including both good accuracy and robustness. Estimation results
from the RBF NN model are also described as a comparison, which verifies that the
proposed ELM model with the AUKF estimation technique improves the SOC estimation

performance.

In Chapter 4, an accurate Li-ion battery equivalent circuit model suitable for complex
current pattern considering SOC effect on model parameters is established. The PF
algorithm that adapts to nonlinear system and non Gaussian distribution noise is applied
on the accurate model. The improved form of PF, i.e. the algorithm of UPF, is also
applied to estimate SOC. The estimation results show that UPF gives accurate and

convergent estimation for the nonlinear model with heavy computational load.
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In Chapter 5, a novel adaptive observer based on sliding mode scheme is proposed to
estimate the Li-ion battery SOC and SOH simultaneously. The battery equivalent circuit
model is described by a simpler form with uncertainties. The sliding mode observer with
adaptive gain is applied to estimate the Li-ion battery SOC, showing better accuracy than
that of the sliding mode observer with constant gain. Then, the adaptive observer based on
the sliding mode scheme is applied to do battery SOC and SOH estimation. Good SOC
and SOH estimation results are provided, verifying the proposed estimation algorithm’s

performance.

Chapter 6 presents cell equalization schematics in battery packs. The switched capacitor
method with simple circuit and control signal is studied and improved. A modularized
chain structure switched capacitor equalization method is proposed. The equalization
speed is effectively improved and the voltage across the equalization components is
reduced. The modularized double switched capacitor equalization method is also proposed.
Cell SOC and SOH are considered for this method, improving the equalization system’s

reliability.

Chapter 7 establishes a novel power management strategy using fuzzy logic control. The
system applies the Li-ion battery model with description of the Li-ion battery’s aging
mechanism. The Li-ion battery aging progress is modeled and represented by SOH in the
control strategy. The designed fuzzy logic control strategy distributes the system power
and supervises power source’s operation points using the controller inputs of Li-ion
battery SOC, SOH and ultracapacitor SOC. Li-ion battery aging is considered directly in
the system and the battery use life can be extended by the proposed strategy.

Chapter 8 gives the conclusions of this thesis. Some future works based on this research

are recommended.
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Chapter 2 Li-ion Battery Modeling

For lithium-ion (Li-ion) batteries, the equivalent circuit model and neural network (NN)
model are commonly applied for estimation. In this chapter, the two kinds of Li-ion
battery models are presented. Section 2.1 introduces the content of this chapter. In Section
2.2, various types of the equivalent circuit model for Li-ion batteries are established and
compared. In Section 2.3, a fuzzy logic based model considering battery temperature
effect is established. In Section 2.4, the extreme learning machine (ELM) algorithm is
described and the ELM model is proposed. An online ELM model is also trained in this

section. Section 2.5 gives the conclusion of this chapter.

2.1 Introduction

The knowledge of the battery model is important and indispensable in energy
management system (EMS) for electric vehicles (EVs). Li-ion battery modeling is the
elementary step to employ estimation algorithms and operation rules. As a nonlinear
system with complex inner electrochemical reactions, a Li-ion battery needs a model that
simulates its dynamic characteristics accurately.

In this chapter, various types of models for Li-ion batteries are investigated and
established. First, the equivalent circuit model is studied. Both the series circuit model and
parallel circuit model using constant circuit parameters are established from experiments
and comparisons on these two kinds of models are done. The temperature effect on Li-ion
battery characteristics is also considered and combined with the SOC effect in an
equivalent circuit model to form a fuzzy logic based model. The temperature effect on
model parameters is represented by fuzzy rules clearly and efficiently. From simulations
and experiments it is verified that this new model has good accuracy and flexibility in the
entire temperature range. Then, the temperature effect on Li-ion batteries is excluded in
later chapters according to the experimental results on battery surface temperature. To
achieve simpler and faster modeling process, the mathematical model for the Li-ion
battery trained by NN learning algorithms is also researched and improved in this chapter.
The ELM algorithm is applied to train the battery model. Compared with the existing

RBF NN model, the ELM model gives better performance for Li-ion batteries. Besides, an
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online trained battery model is provided to EMS by the algorithm of online sequential
ELM (OS-ELM).

2.2 The Equivalent Circuit Model for Li-ion Batteries

As the commonly-used battery model, the equivalent circuit model is easy to comprehend
and with good accuracy for different current patterns. The equivalent circuit model
represents the battery characteristics by a circuit composed of a voltage source, resistors
and capacitors. This kind of model can be represented by mathematical equations derived
from electric circuit theory when doing control and estimation. There are various types of
equivalent circuit models for Li-ion batteries [15]. In this section, several representative

Li-ion battery models are established and compared.

2.2.1 Parallel Circuit Model

The parallel circuit model is proposed and applied to do state of charge (SOC) estimation
in [18] and [54]. This kind of model is designed using the software of Advisor for
simulating EVs. The model circuit has a parallel structure as shown in Fig. 2.1.

R :

%O
Ro Rp +
+ + Vi
Vp = Gy Vo =/ G,
O

Fig. 2.1. The parallel circuit model for Li-ion batteries [54].

In Fig. 2.1, V; represents the battery terminal voltage and | represents the current entering
the battery. The capacitor C, with large capacitance is the bulk capacitor that represents
the battery capacity. All the other RC components are with small values and they describe
the battery dynamic behaviors. Denote the voltage across the two capacitors as Vy, and V.
The model equations are derived as (2.1)-(2.3):

V, =-— 1 V, + 1 Vv, + R, I
G (R, +R,) G (R, +R,) G (R, +R,)

(2.1)
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1 1 R,

V. = V. — Vo + I 29
" C,(R,+R,) " C,(R,+R,) " C,(R,+R)) 22)
, R R,R
V, = PV, + R, V,+RI+——F—] (2.3)
(R, +R)) (R, +R)) (R, +R))

The parallel circuit model has linear model equations. The model is simple to control and
estimate. However, this kind of model does not perform good accuracy. In [54], the
dynamic behavior of the parallel circuit model is not ideal compared with the battery’s
actual terminal voltage. A large model error occurs when current changes or SOC is small.
To improve the model’s dynamic behavior, the bulk capacitor Cy, is replaced by a

nonlinear voltage source dependent on SOC in [18], bringing nonlinearity to the model.

2.2.2 Series Circuit Model

Compared with the parallel circuit model, the series circuit model for Li-ion battery is
more widely used for its better accuracy. A simple series circuit model is shown in Fig.
2.2. The voltage source simulates the open circuit voltage (OCV) that describes battery
terminal voltage at the equilibrium state. For Li-ion batteries, OCV has a monotonic
nonlinear relationship with SOC. R represents the battery’s inner resistance. The model

equation for the simple series circuit model is:
V,=0CV +RI (2.4)

Based on the simple model, parallel resistor-capacitor (RC) networks are added to
simulate Li-ion battery’s dynamic behavior. The series circuit model with one RC circuit

network is shown in Fig. 2.3.

R

+

ocv (_) \ft

O

Fig. 2.2. The simple series circuit model for Li-ion batteries [115].
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Fig. 2.3. The series circuit model with one RC network for Li-ion batteries [115].

The model equations are derived as (2.5) and (2.6):

. 1 1
V, = — V, +—1
' RC, ' C (2.5)

V,=0CV +V, +R| (2.6)

With one RC network describing battery’s dynamic characteristics, the series circuit
model’s accuracy is improved. It can be used for both the single battery and battery packs.
More RC networks can be included to improve the model, whereas more RC circuits
make the model more complicated. The model with appropriate trade-off between
accuracy and simplicity is the series circuit model with two RC networks [6, 17]. The
model circuit is depicted in Fig. 2.4. Here, V; represents the terminal voltage. The
battery’s OCV is also represented by a voltage source and the battery’s behavior is
described by resistors and capacitors in the circuit. The series resistance Rs describes the
battery’s instant dynamics when the current changes. The RC network parameters include
R1, C1, Ry, Cy. Ry and C; describe the RC circuit representing the effects of the double-
layer capacity [46] with short time constant. R, and C, describe the RC circuit
representing the diffusion phenomenon in the electrolyte [46] with long time constant.
The voltages across the RC networks are represented by V; and V,. The model equations

describing the model circuit are deduced as (2.7)-(2.9):

. 1 1
V,=———V,+—I

' R1C1 ' C1 (2.7)

V, =— 1 v2+i| (2.8)
R2C2 C2
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V, =OCV +V, +V, +R | (2.9)

All the circuit parameters are changing to SOC, temperature and battery aging level. Such

effects will be considered and discussed in later chapters.

C, C,
R |
S R1 Rz A
O
-V, + - Vo, +
+
ocv() v,

O

Fig. 2.4. The series circuit model with two RC networks for Li-ion batteries [6].

2.2.3 Experiment and Model Comparison

To establish and compare the models described in the above sections, one Li-ion battery is
tested by an experiment. A constant pulse current test [17] is applied to a fully charged
Sanyo 18650 Li-ion battery. The battery’s nominal capacity C, is 2.6 Ah. The definition
of the nominal capacity is the capacity in Amp-hour of the charge stored in the battery
[17]. Thus, for the tested battery,

C =C, -3600 = 2.6-3600 = 9360 coulomb (2.10)

capacity

Each current pulse that consumes the capacity of 0.1C, and reduces SOC by 0.1 is set by
0.3C. Here, the symbol C represents C-rate, which is defined as the ratio of the applied
charging or discharging current to the battery nominal capacity [75]: I[C]= I[A]/C, [Ah].
After each pulse, a resting period of 20 mins is taken to make the battery achieve the
equilibrium state. An existing battery testing system, Arbin BT2000, is used to control the
battery current and record the measurements. This tester provides charging and
discharging current in the range of 0~5 A, which is the same range to the tested battery’s
operating current. The data sampling interval is 1s. When the battery reaches the cut-off
voltage, the experiment is stopped by the testing system automatically. The experiment
lasts 21920 s. The temperature range for operations of the tested battery is -20 C to 60 C.
The temperature effect on Li-ion battery model is excluded by maintaining the

environmental temperature around room temperature of 25 ‘C. From the manufacturer’s
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instruction, the tested battery has a limited range for the terminal voltage as: Vi = 4.2 V,

Veutoff = 3 V. The nominal voltage is 3.7 V.

The experimental platform is shown in Fig. 2.5. As the unmeasurable variable, the battery
SOC is calculated by a Coulomb counting method using the testing current and sampling
time recorded by the testing system. The initial SOC is set as 1 because the battery is fully
charged before testing. The battery current, terminal voltage measured by the system and

the calculated SOC are shown in Figs. 2.6-2.8. In Fig. 2.6, the discharging current is set
negative.

Fig. 2.5. The battery testing system.
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Fig. 2.6. The constant pulse testing current.
4.2
4 N i
s 3.8 Nﬂ\J_‘\r—L
. f\r‘\ —
£ \{
g 3.4
3.2
30 5000 10000 15000 20000 25000
Time (s)

Fig. 2.7. Battery terminal voltage.
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Fig. 2.8. Battery SOC.

It is assumed that a current resting period of 20 mins can make the battery achieve the
steady state. Hence, the OCV at every 0.1 SOC is obtained by the measured terminal
voltage at the end of each resting period. The nonlinear relationship between OCV and
SOC is approximated by the curve fitting tool box in Matlab. The OCV-SOC relationship
is described as (2.11):

OCV (SOC) = 3.695 +0.1166SOC +0.1732SOC? +0.2102S0OC? — 0.6944¢ 2085
(2.11)

The measured battery OCV compared with the approximated OCV curve versus SOC is
shown in Fig. 2.9. It is verified that the curving fitting results approximate the actual OCV

accurately.
4.2
4 y:
S 38 —af"‘/
% 36 //(
E 3.4 /
3.2 nonlinear OCV function
N O  measured OCV
0 0.2 0.4 0.6 0.8 1
SoC

Fig. 2.9. OCV versus SOC.

In this section, other parameters of the equivalent circuit model are set constant to
simplify the modeling process. Only the measurements at SOC =0.5 are taken to obtain
the parameters [6]. The battery voltage at SOC =0.5 with the current 1 =0 is shown in
Fig. 2.10.

For the series circuit model, Rsis determined from the ratio between the instant voltage
increase or drop when the current applies or stops. The voltage variation caused by Rs

when the current changes is depicted in Fig. 2.10. R is calculated by:
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R ==, (2.12)
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Fig. 2.10. The voltage in the resting period.

The circuit parameters in the RC networks are also identified from the battery terminal
voltage in Fig. 2.10 [116]. The curve fitting method is applied. This technique does not
need any prior knowledge of the RC circuit’s time constant. The voltage curve in the
battery resting period is approximated by the curve fitting tool box in Matlab. Considering
the series model with one RC network, the battery terminal voltage is expressed by (2.6)
with | =0. Hence, the voltage curve in the resting period is described by the following

equation:
V,(t)=0CV +a-e” (2.13)

where OCV could be calculated by (2.11) with SOC=0.5, and a and b are the
coefficients determined by curve fitting. The curve fitting results from Matlab are shown

in Fig. 2.11. Then, the RC circuit parameters are calculated by

a 1
R=-—=,C=——. (2.14)
1 1 Rb

The parameters for the series model with one RC network identified from experiments are

shown in Table 2.1.

Table 2.1. Model parameters for the series circuit model with one RC network.

Rs R1 C1
0.0782Q 0.02852 2 5222 F

For the series model with two RC networks, its voltage is expressed by (2.9). The battery

voltage in the resting period with | =0 is described by:
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V,(t)=0CV + p,-e* + p, -e* (2.15)

where OCV has been calculated. The coefficients ps, 01, p2, g2 are also calculated by curve
fitting. The curve fitting results from Matlab are shown in Fig. 2.12. Then, the RC circuit

parameters are determined by:

Rlz—& RZZ_& C:—i C2=— 1
1 ] 1 y .
l l Rp, R, P,

(2.16)

The parameters for the series circuit model with two RC networks identified from

experiments are shown in Table 2.2.

Table 2.2. Model parameters for the series circuit model with two RC networks.

Rs R, C: R> C,
0.0782Q 0.0249Q 1593F 0.0135Q 22168F
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Fig. 2.11. Curve fitting results for R, and C,.
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Fig. 2.12. Curve fitting results for R;, C;, R,, C,.

The parallel circuit model parameters are also calculated from the same experiment to
make a comprehensive comparison. The resistors and capacitors in Fig. 2.1 are

determined from the circuit analysis method [18]. Hence,

_ 2Cn '3600'Vfu|| _ 2-9360-4.2
’ (Vfill _Vcit—off) (4-22 —32)

25

=9100 F . (2.17)



It is assumed that R; holds 25% of the internal resistance and R, has the same resistance as
Rp. The sum of R; and Ry, is determined from the battery voltage increase when the pulse

current changes in Fig. 2.10, which is similar to (2.12):

_V(R)

R +R, | (2.18)
The capacitance of C, is determined by:
T
C =
" “R+R (2.19)

where 7 is the RC circuit’s time constant. It is assumed that 7 is the same as the time
constant of the series model with one RC network. The parallel circuit model parameters

are shown in Table 2.3:

Table 2.3. Model parameters for the parallel circuit model.

0.0196 Q@ 1253.1F 0.0588Q 9100F 0.0588 Q

After obtaining all the parameters for Li-ion battery equivalent circuit models, the
different type models are established in Matlab/Simulink. The battery current in Fig. 2.6 is
applied to the models. The output voltages from different models compared with the

actual battery terminal voltage are shown in Fig. 2.13.

From the model output comparison in Fig. 2.13, it is obvious that the series circuit model
has better performance than the parallel model. The series model’s RC networks also
improve the model’s dynamic characteristics significantly. The root mean squared errors
(RMSEs) for different models are calculated and compared in Table 2.4. It verifies that
the series equivalent circuit model with two RC networks has the best accuracy for Li-ion

battery.
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Fig. 2.13. The model output voltages compared with the actual voltage.

Table 2.4. The comparison of RMSEs for different models.

Simple model Series model (1 RC) Series model (2 RC) Parallel model

0.0434V 0.0337 V 0.0310 V 0.1162 V

2.3 A Fuzzy Logic-Based Model for Li-ion Batteries with Temperature
Effect

In this section, a fuzzy logic-based Li-ion battery model considering temperature effect is
established by experiments.

2.3.1 Experimental Setup

The battery model considering temperature effect is based on the battery circuit model
described in Fig. 2.4. The same constant pulse current test in Fig. 2.6 is applied to another
Li-ion battery with nominal capacity 2.6 Ah. All experiments are done in a thermal

chamber maintaining different temperatures. The temperatures of 15 C, 25 ‘C (room
temperature), 35 C and 45 C are tested. The experimental platform is shown in Fig. 2.14.

To obtain the temperature effect clearly and exclude the effect caused by battery aging,
the tested battery is new. The battery terminal voltage curves at different test temperatures
are shown in Fig. 2.15. It indicates that temperature has obvious effect on Li-ion battery’s
operation.
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Fig. 2.14. The test platform.
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Fig. 2.15. The battery voltage curves at different temperatures.

The temperature also has effect on Li-ion battery’s actual capacity represented by C,. To
obtain this effect, a constant discharging process (0.2C) is tested at 15 °C, 25 'C, 35 C
and 45 ‘C. Before discharging, the battery has been fully charged with a constant 0.5C
current and then 4.2 V constant voltage, until the charging current decays to 0.025 A. The
discharging process stops when the battery voltage is smaller than 3 V. The discharging
capacity is provided by the tester. At 25 °C, the battery actual capacity is the same as C,.
In Fig. 2.16, the capacity C, at 25 °C is set as 1. The capacities at other temperatures
compared to the capacity at 25 °C are described in Fig. 2.16. It shows that at above 25 C,
the battery actual capacity is almost constant with the same value of C,. The capacity
decreases obviously to a value of C,; when the temperature is around 15°C. It reveals that

the battery capacity changes drastically when battery operates below room temperature,

and stays nearly constant above room temperature.
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Fig. 2.16. The comparison of battery capacity at different temperatures.
2.3.2 Model Parameter Extraction
The circuit parameters are extracted from the battery voltage data by the same method
described in Section 2.2.3. SOC is calculated by the tester using equation (1.1). The OCV
curves at the four test temperatures are depicted in Fig. 2.17. It shows the OCV curves are
almost the same at different temperatures. The OCV curve at 15 ‘C is also very similar to

the curve at higher temperatures. Therefore, OCV is considered temperature independent

and with the same expression as (2.11).
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Fig. 2.17. The OCV curves at different temperatures.

The R; values at different temperatures within the entire SOC range are depicted in Fig.
2.18. It is shown that Rs varies with SOC and temperature, indicating that both
temperature and SOC have effect on R;. Thus, the SOC effect on model parameters is also

considered here.

The parameters of the RC ladders are also determined by the battery’s terminal voltage
during the resting period. The RC ladder parameters may vary to some extent by using the

curve fitting method. It has been indicated in [17] that all the RC parameters stays nearly
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constant in SOC €[0.2,1] and changes drastically in SOC [0,0.1] . To simplify the
modeling process, Ry, Ry, Ci, C, are set constant in the region of SOC €[0.2,1] by
SOC =0.5 [17]. The values of R;, R, C;, C, at each test temperature are shown in Fig.

2.19. Similar to Rs, all the RC parameters also vary with temperature.
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Fig. 2.18. The R values over the SOC range at test temperatures.
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Fig. 2.19. The RC parameter values at test temperatures.

2.3.3 The Fuzzy Logic-Based Model for Li-ion Batteries

The above section shows that the equivalent circuit model parameters are influenced by
temperature and SOC. In this section, a global fuzzy logic-based model considering the

parameters’ variation to temperature and SOC is established. Fuzzy logic can describe

30



several antecedents in one rule and approximate system nonlinear dynamic properties with
high accuracy. Therefore, the model parameters’ variation to temperature and SOC
represented by fuzzy rules could model the battery dynamics accurately. In our model, the
parameter values around some partition points of temperature and SOC are taken as the

fuzzy rule consequents.
1) Fuzzy rules describing the battery capacity

It has been stated that the battery capacity is almost constant around or above room
temperature. When the temperature is below room temperature, the capacity becomes
lower. To describe this variation trend, the fuzzy rule base of temperature for battery

actual capacity C, is determined by:
Rule 1: IF Tis (T >23°C), THEN C, =C, ;
Rule 2: IF Tis (T <15°C), THEN C, =C,,,

where C, and C,; have been obtained from battery test in Section 2.3.1. The methodology
to determine the fuzzy rules for model parameters within a low temperature range is based
on the temperature scope described in this section. Here, the battery capacity within the
interpolated interval 15 ‘C <T <23 C is represented by a combination of these two rules

with the membership function «(T) . Hence, the battery capacity varying with

temperature is determined by:

2
C.(T)=2 #,(T)-Cyp, (2.20)
=1
where u (T) represents the membership functions associating to the fuzzy rules. Here,
2
0<u, (T)<land Z,um =1. The trapezoidal membership functions are shown as Fig.

m=1

2.20.
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Fig. 2.20. The membership functions of temperature for C,.

2) Fuzzy rules describing the model parameters

For the resistors in the model, the variation pattern of affecting factors should be
established. First, the two affecting factors, SOC and temperature, are considered
separately. The effect of SOC on the model parameters is analyzed based on the parameter
variation trend at a specific temperature. As Fig. 2.18 shows, the variation trend of R
versus SOC at each temperature is similar. The R, value varies little within the region
SOC >0.2 at each temperature. In the region SOC <0.2, Rs begins to increase. To
describe this variation trend by fuzzy rules, the partition points and the membership
functions are selected according to the Rs value over the SOC range. Hence, the SOC
range is divided by two regions: [0, 0.1] and [0.2, 1]. Then, the rules can be optimized and
verified by existing fuzzy identification algorithms [117]. The partition points can be
amended to optimum subspace divisions to achieve high modeling accuracy over the
entire range of the antecedent SOC. In this case, considering the model’s accuracy and
simplicity, the partitioning points of 0.1 and 0.2 of SOC are selected and the trapezoidal

membership function is utilized. The fuzzy rule base is established by:

Rule 1: IF SOC is (SOC >0.2), THEN R, =R

s1(soc) ;

Rule 2: IF SOC is (SOC <0.1), THEN R, =R

s2(soc) *
The membership functions over the entire SOC range for R are shown in Fig. 2.21.

The variation trends for the RC network parameters at a specific temperature are assumed
to be similar to Rs. Hence, Ry, C;, Ry, and C;’s variations to SOC are represented by
similar fuzzy rule base. The membership functions of SOC associating to the fuzzy rules

are defined the same to R..
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Fig. 2.21. The membership functions of SOC for Ry and the RC parameters.

After obtaining the fuzzy rules representing model parameters’ variation versus SOC, the
temperature effect is considered. The Rs values within the region of SOC >0.2 and
SOC < 0.1 at different temperatures are shown in Fig. 2.22. It indicates that Rs increases
when the temperature decreases. When the temperature is above 35 C, Rs varies little,
implying that the effect on Rs is not obvious in the high temperature region, i.e. above a
temperature higher than 35 °C, Rs remains almost constant. The difference in the Ry value
between 15 “C and 25 ‘C is much larger than the difference between 25 C and 35 C,
indicating that Rs changes more drastically when the temperature is lower than the room

temperature, i.e. Rs varies continuously over the interval between 15 ‘C and room

temperature.
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Fig. 2.22. The R, values at different temperatures.

The fuzzy rules are determined roughly based on the existing Rs data at different
temperatures. Within the temperature interval from room temperature to high temperature,
although data is collected from three test temperatures, Rs is set to be represented by 2
fuzzy rules because Ry’s variation versus temperature is not severe in this region. The

interpolated interval is selected as 10°C considering the temperature range and parameter
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variation scope. Here, the partition points in this temperature region are set to A and A+10.

The Rs value tested at 35°C is taken to determine A. R ,_;; is a combined value

calculated by:

Hr (T (35)- Rs(mgh> T T (T o) (35)- Rs(T = Rs<T=35) : (2.21)

room ) -

When (2.21) is solved, A = 27. In this way, the temperature range 23~27°C is taken as the

room temperature interval. The trapezoidal membership function is also utilized over the
entire temperature range. The fuzzy rule base is described as:

Rule 1: IF Tis (T <15 'C), THEN R =Ry ,;
Rule 2: IF Tis (23 C<T <27 'C), THEN R, =R,,;

Rule 3: IF Tis (T =37 C), THEN R, =R;,.

The membership functions of the temperature for Rs are shown in Fig. 2.23.

,u(T) A
1

5 15 23 27 37 50
T

Fig. 2.23. The membership functions of temperature for Rs and the RC parameters

As shown in Fig. 2.24 a), the R; value’s variation versus temperature trend is similar to
that of Rs. To simplify the model, the same partition points and membership functions of
the temperature for Rs are set for the RC ladder parameters. It should be mentioned that C;
and C,’s variation versus temperature trends are opposite to those of the resistors, which
indicates that C; and C, have larger capacitance at high temperature and smaller
capacitance at low temperature. The values of C; varying with temperature are shown in
Fig. 2.24 b).
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Fig. 2.24. The Ry and C; values at different temperatures.
After separately determining the fuzzy rules representing SOC and temperature’s effect on
model parameters, the comprehensive fuzzy rule bases considering the two factors
together are established. To synthesize fuzzy rules of the two affecting factors, the

connective “AND” is used. For example, the global fuzzy rule base for R; is described as:
Rule m: IF SOC € (SOC,,,) AND T (T,,), THEN R =R oc1y» M=12..,M.

Here, M represents the number of fuzzy rules, determined by M (SOC)-M(T). Hence,
the membership function £(SOC,T) for Rule m is determined by:

14, (SOC,T) = /u(m,l)(SOC) “Him2) (T). (2.22)

Then, a two-dimension fuzzy membership function schematic is drawn in Fig. 2.25. Here,
the operating space of SOC and temperature is decomposed into fifteen zones. The R;
value is determined by:

M
R/(SOC,T)=> 14, (SOC,T)-R,,. (2.23)
m=1

The global fuzzy rule bases of SOC and temperature for other parameters are in the same
form.

Hence, the fuzzy logic-based model considering SOC and temperature’s effect on
parameters is completed. The advantage of this modeling method is that only a few tests
at specific temperatures are needed. The variation trends of model parameters versus SOC
and temperature are described simply and clearly, especially for the parameters varying to
both two factors.
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Fig. 2.25. The 2-dimension function membership schematic for R;.

2.3.4 Model Verification

To verify that the proposed model can describe Li-ion battery dynamics at various SOC
and temperatures, different current patterns shown in Fig. 2.26 a) and b) are applied in
experiments. The corresponding SOC calculated by (1.1) for these two current patterns
are shown in Fig. 2.26 c¢) and d). To test the model’s flexibility over the entire temperature
range, the experiments are done at some new temperatures. The tests stop when the
battery voltage is smaller than 3V. The new test temperatures include 19 °C, 20 C, 30 C,
and 40 ‘C. All the comparisons between the experimental battery voltage and the
proposed model voltage in different conditions are shown in Figs. 2.27 a)-e). The RMSEs
in various test conditions are shown in Table 2.5. It shows that for all the tests, the RMSE
is smaller than 0.03 V. Especially, in the range when SOC <[0.1,1], the maximum model
error is smaller than 0.03 V for most tests, except the 19 ‘C/20 C condition because the
temperature effect on battery capacity is more obvious at lower temperature. All the large
model errors exist in the range when SOC €[0,0.1]. The model accuracy in small SOC
range could be significantly improved if more fuzzy rules for this range are added. Thus,
it is verified that the proposed model has high accuracy for Li-ion batteries over the entire

SOC and temperature range.
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Current (A)

Table 2.5 Model RMSEs for verification.

T/Current pattern RMSE (V)
15 C/pulse current 0.0222
25 ‘C/pulse current 0.0191
35 Clpulse current 0.018
45 “Clpulse current 0.0172

19 “Clcurrent pattern 1 0.026

30 “C/current pattern 1 0.0206

25°C/current pattern 2 0.0157

20 “C/current pattern 2 0.0184

40 “Clcurrent pattern 2 0.0145
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Fig. 2.26. Testing current pattern and SOC.
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Fig. 2.27. The battery voltage compared with model voltage at different temperatures.

2.3.5 Battery Surface Temperature

In the previous section, only the ambient temperature is considered. Restricted by the
experimental condition, the ambient temperature lower than 5 ‘C and higher than 50 C is
not considered in this research, whereas the modeling method in these temperature ranges
is similar. To analyze the temperature effect more accurately, the battery surface
temperature is also tested in this section. A data logger connected with thermocouples as
shown in Fig. 2.28 are utilized in the experiment to record the battery surface temperature.
Firstly, the pulse current test in Section 2.2.3 with the thermal chamber temperature
maintained at 25 “C is conducted on a new 2.6 Ah Li-ion battery. The battery surface

temperature is shown in Fig. 2.29 a). The sampling time is 10 s. It is clear that the battery
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stays around the same temperature with ambient temperature when the battery is not in
operation. When current applies, the battery temperature increases because of battery
thermal characteristics. Then, the thermal chamber’s temperature is improved to 40 C
and the current test in Fig. 2.26 b) is performed. The battery temperature is shown in Fig.
2.29 b). It is clear that the battery temperature’s increase during the operation is lower
than 4 ‘C without any cooling and thermal management measures. With a specially
designed module structure and an ideal cooling strategy in battery pack, it is assumed that
the battery’s surface temperature will not vary too much with the ambient temperature in
this research. In practice, the ambient temperature for the EV battery pack during
operation will not change drastically. Besides, the battery current in EVs is limited to
prevent overheating. Thus, it is reasonable to assume that the batteries in EVs are thermal
balanced and operating within a narrow optimal temperature range. The battery model
parameters could be determined by referring to the measured ambient temperature. With a
certain ambient temperature range, the temperature effect on battery could be put aside
temporarily. In later chapters, all the experiments and operations are under room

temperature according to our experimental condition and the temperature effect is

excluded.
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Fig. 2.29. The battery temperature at ambient temperature of 25 ‘C /40 C.
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2.4 Li-ion Battery Model Proposed by Neural Networks

Although having good performance, sometimes the equivalent circuit type model for Li-
ion battery may bring inconvenient modeling process. For example, it takes a long time to
make the battery arrive at the equilibrium state when measuring OCV. The curve fitting
process for identifying the circuit parameters may also be complex and time-consuming.
For some simple current types, it is more convenient and intuitive to establish a

mathematical battery model from NNs.

It has been stated that the equivalent circuit parameters are changing to different factors in
practice. Such parameter variation brings complex equation and obvious nonlinearity to
the circuit model. Thus, in experimental condition with simple current pattern, the NN
model can be applied to Li-ion batteries to avoid the complex modeling process and
complicated expressions in the model equations.

NNs can describe nonlinear mapping directly from existing input-output samples. The NN
model provides a black box model without the need to know the battery’s inner structure
and electrochemical reactions, brining significant convenience to the battery modeling
process. All the factors affecting the Li-ion battery’s behavior can be taken as model
inputs without considering their specific effects on the model parameters. After designing
the model’s inputs and outputs, existing learning algorithms can be applied to train the
model automatically without the knowledge of the elements inside the black box. NNs can
approximate any nonlinear function with desired accuracies [25]. NNs also have powerful
capability of computational intelligence. Using appropriate training data set, a
mathematical model describing the variation of the battery parameters regardless the
expressions of exact laws can be obtained. Moreover, the NN learning algorithms provide
a discrete model directly during the learning process. Thus, the battery model established
by NNs can be controlled and estimated directly by discrete control methods such as KF-

based methods. It will be easy for engineers to handle.

Recently, the model proposed by NNs is applied to Li-ion batteries more and more widely.
Researchers establish the Li-ion battery’s NN model approximating its characteristics

with high accuracy. The battery NN model describes the relationships between SOC,
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voltage, current and other battery state influential factors with mathematical equations. In

this section, the NN model for Li-ion batteries is established and improved.

2.4.1 The Extreme Learning Machine Algorithm

Although NNs are suitable for Li-ion battery modeling, traditional NN algorithms still
have the flaws of heavy computation and long training time. For traditional NNs, the
model parameters need to be tuned iteratively during training. The iteration steps need
large amounts of computation and make the mapping learning process inefficient [29,
118]. On the other hand, to represent Li-ion battery’s dynamic characteristics
comprehensively and achieve the desired model accuracy, the training data sampling time
must be short enough. Thus, the amount of training data may be large. Hence, a faster

mapping learning algorithm is needed here.

In this section, the ELM algorithm introduced in [29] is applied to establish the Li-ion
battery model. Unlike conventional learning algorithms, ELM provides good learning
performance with simple learning process at extremely fast speed. For ELM, there is no
need to tune the model parameters during training. The input weights connecting the input
neurons and hidden neurons and the hidden layer biases are chosen randomly [29, 118-
121]. The output weights connecting the hidden neurons and output neurons are
determined analytically. There is no dependency between the weights and the biases.
ELM trains data fast and provides satisfactory training error with smaller norm of weights
[29]. Compared with traditional NNs, the ELM algorithm has simpler model training
process, satisfactory training accuracy, and spends much less time on training.

The application of ELM makes the battery modeling process simpler and provides a more
accurate representation of the battery model’s input-output relationship. Thus, a discrete
Li-ion battery model is trained by ELM using the sampled data from experiment in this
section. The input-output mapping in Fig. 2.30 is designed as the model structure, where
X;j represents the model input vector and t; represents the model output. One hidden layer

is set for the proposed model.

The 3-step ELM learning algorithm is described as follows:
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Step 1: Randomly assign the input weight vector a, =[a,,a,,,...,a,]" and the hidden layer
bias b,, where i represents the ith hidden node. The number of hidden nodes is set to L.
The value of L is determined flexibly so as to achieve acceptable accuracy.
Step 2: Determine the hidden layer output matrix. The model is expressed as:
L
> BG(a.b.x)=t,j=1..,N (2.24)
i1
where . is the output weight connecting the ith hidden neuron and output node. The

activation function G(x) is determined before training [29, 120]. In this case, a sigmoid

function is used as the activation function G(x) in (2.25):

G(a,b,x;) =(L+e ) hi=1., L j=1.,N (2.25)
(2.24) can be written in the equivalent form:
Hp=T (2.26)

where

G(a,b,x) ... G(a,b,x)

H = . B=[B-B] . and T=[t,..t,] . H

G(a,b,xy) ... G(a,,b,xy) .

represents the hidden layer output matrix.

Step 3: Calculate the output weights. The output weights can be analytically determined
through the generalized inverse operation of the hidden layer output matrix [29, 118].

Therefore, g is obtained by
p=H'T (2.27)

where H™ is the Moore-Penrose generalized inverse of H [122].
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Fig. 2.30. Model structure of the ELM algorithm.

Considering the ELM algorithm described above, it is obvious that no iterative step is
taken and this advanced technique will bring significant improvement to the model
training speed. In general, the learning process of ELM is more efficient than that of
traditional NNs. In [29], it has been tested and verified that the ELM algorithm has good
accuracy and run much faster than traditional BP learning algorithm and support vector
machines (SVWSs). In the next section, the radial basis function neural network (RBF NN)

will be taken as a comparison.

2.4.2 Radial Basis Function NN

RBF NN is a typical kind of feed-forward NN with nonlinear mapping characteristics,
strong generalization ability and self-organized study ability [26]. Hence, RBF NN can be
adopted to train the Li-ion battery model. The modeling structure is shown in Fig. 2.31.
Here, a three-layer feed-forward network including one hidden layer is designed. x;
represents the model input vector and t; represents the model output. g(x) is the
activation function of the hidden neurons, designed by Gaussian function:

g,(x,) =exp(—M),i =12.L (2.28)
O

2
i

where L is the number of hidden neurons. ¢; and o; represents the center and radius for

the ith neuron. ||...| is the L, norm.

The model output is calculated by the sum of the weighted functions from the L neurons:
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t, =,BO+Z,8iG(xj),j=l,2..N (2.29)

where N represents the number of training data, S, ~ . constitute the weight vector
connecting the hidden neuron and the output layer. g, is defined as the bias weight

adding directly to the output layer.

To improve the training efficiency, it should be noticed that all the input-output samples

have been normalized before training.

Input Layer Hidden Layer Output Layer

Fig. 2.31. The RBF NN model structure.

2.4.3 The Comparison between ELM and RBF NN Trained Battery Models
To establish the Li-ion battery model, the proposed model’s inputs and output are

determined first.

The SOC sampled at step k, SOC(k), is taken as the model input since it represents the

battery’s present status. SOC has a nonlinear relationship with the battery voltage and
current. The proposed model should be able to describe this relationship accurately. As

the directly measured variable, the current (k) is taken as an input. The battery terminal
voltage V,(k) is defined as the output. Moreover, the terminal voltage at sampling step

k-1, V,(k—1), is chosen as the third input for the proposed model. V,(k —1) represents
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the battery’s status at the last step and implies the previous operation status. The

theoretical ground for the selection of V,(k—1) is the derivative relationship of the

equivalent circuit model stated in Section 2.2.2. As more inputs bring complexity to the
model, the series circuit model with one RC network is utilized as the basis here. Simply

transforming (2.6) to discrete form, the terminal voltage sampled at step k is expressed as:
V,(k) =0CV (SOC(k)) +V, (k) + R (k) (2.30)

where V, (k) represents the RC circuit voltage at the sampling step k relating to V, (k —1)

via a first order differential equation derived from (2.5). To make the model inputs

directly measured variables, V,(k—1) is considered being included in Vi(k). Hence,
V,(k—1) has a direct relationship with V, (k) . A function expressing V, (k) is obtained by
synthesizing the unknown parameters:

V, (k) = F(V,(k —-1), 1 (k), SOC(k)) (2.31)
which is to be approximated by learning algorithms.

The input vector and output for the proposed battery model are represented by
p(k) =[V,(k—=1) 1(k) SOC(k)]" and V,(k) respectively. The proposed model’s

mathematical equation is expressed by:

F(p(k)) =V (k). (2.32)
The input-output samples of {p(k)~V,(k)} are used for model training. Define p(k) = x;
and V, (k) =t;. The training set is defined as{(x;,t;)|x; eR"t; eR", j=1..,N}. In this
case, N=3, m=1. Here, N is the input-output sample number of the training set.

To obtain the input-output samples for the model training set, an experiment on battery
discharging process is done. One fully charged 2.6 Ah Samsung 18650 Li-ion battery is
tested. The ambient temperature is maintained around room temperature of 25 “C. The
testing pulse discharging current is shown in Fig. 2.32. In the figure, the discharging

current is set positive because positive model inputs are used during model training.

During the experiment, the battery’s terminal voltage, current and SOC are sampled and

recorded by the existing battery testing system. The battery terminal voltage is shown in
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Fig. 2.33. The SOC value is calculated with the Coulomb counting method in
experimental condition, shown in Fig. 2.34. The initial SOC equals to 1. To avoid battery
damage, the discharging process ends when the battery terminal voltage gets smaller than
3 V with 0.05 SOC. Therefore, the SOC range is from 1 to 0.05 in this test. The testing
process lasts for 34020 s. Considering the desired model accuracy and the amount of the

training data, the sampling interval for the experiment is set to 20 s.

Portions of the sampled data are selected to train the model. The input-output samples
with SOC in the ranges of [1, 0.8] and [0.3, 0.05] are selected as the training data. The
basis for this selection is that the samples in above ranges represent the typical battery
dynamic characteristics and are highly nonlinear as described in Fig. 2.33. The training
data amount is N =782. After obtaining the training data, the ELM algorithm is applied
to train the battery model. Meanwhile, RBF NN is taken for a comparison on both the

training time and training accuracy.
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Fig. 2.32. The pulse discharging current for model training.
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Fig. 2.33. Battery terminal voltage for model training.
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Fig. 2.34. Battery SOC for model training.

The same training data set extracted from the Li-ion battery discharging experiment is
trained by the two algorithms of ELM and RBF NN. The data for verifying training
accuracy is the whole sampled data set from the battery test. All the simulations are run in
the computational environment of Matlab R2009b with the 2.66 GHz Intel Core 2 Quad
CPU. The number of the hidden layer neurons is set to 10. At the end of training, the
RMSE from RBF NN for the testing samples is 0.0138 V, which is much larger than
0.0056 V from ELM. The training time of RBF NN is much longer than the ELM

algorithm.

The next comparison increases the number of hidden layer neurons to 15 for the two
algorithms. In this case, the RMSE from RBF NN for the testing samples is similar to the
ELM algorithm with 10 neurons, but still larger than ELM with 15 neurons. Moreover,
the training time of RBF NN is also much longer than the training time of ELM. The
testing errors for the two algorithms with 15 hidden neurons are shown in Fig. 2.35. It is
obvious that ELM has smaller errors than RBF NN. Consequently, the ELM algorithm
trains the input-output samples with higher accuracy and much less training time. A
comparison between ELM and RBF NN is shown in Table 2.6. In this table, the algorithm
training accuracy is represented by RMSE for the testing samples. In conclusion, the ELM
algorithm improves both the training accuracy and reduces the training time for the Li-ion

battery modeling process.
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Table 2.6. The comparison between ELM and RBF NN.

Training Time Training Accuracy
ELM 10 neuron 0.0469 s 0.0056 V
ELM 15 neuron 0.0781 s 0.0026 V
RBF 10 neuron 43281s 0.0138 Vv
RBF 15 neuron 7.1875s 0.0064 V
0.04 ELM
RBF
i 0.02+1 |
: '\
NN | |
0025 500 1000 1500

Number of poirts
Fig. 2.35. The testing errors for ELM and RBF NN.

It is shown that ELM obtains better performance than RBF NN during the Li-ion battery
modeling process. The ELM algorithm achieves a higher accuracy with less hidden
neurons than that of RBF NN. It is obvious that more hidden layer neurons make the
battery model more complex and improve the computation load for estimation. Therefore,
the battery model trained by ELM with 10 hidden neurons will be selected to do
estimation work in the next chapter for its better accuracy and simplicity. To apply the
proposed ELM model for further study, the model expression is derived as:

Vi(k) = F(p(k)) = Z(1+e(ar[vt(kﬁ(k),SOC(k)]Hb.)) (2:33)

i=1

where &, b, £ and L have been set in Section 2.4.1.

Therefore, the discrete-time model equations describing Li-ion battery are obtained by
combining (2.33) and the discrete SOC definition equation (1.2). To verify the proposed
model, the initial variables are substituted into the model equations (2.33) to extract the
model output. The actual battery voltage from a constant discharging current compared
with the ELM model’s output voltage is shown in Fig. 2.36. It verifies that the model
error is quite small. Fig. 2.37 presents a comparison of the proposed model’s output

voltage and the measured terminal voltage of a different Samsung 2.6 Ah Li-ion battery.
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The model output RMSE is 0.0165 V. The largest error is 0.0838 V. It is verified that this

proposed Li-ion battery model has good accuracy.
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Fig. 2.36. The actual voltage and model output with constant current.

As the comparison, the model trained by RBF NN is also verified here. The RBF NN
model is expressed by:

IV, (k -2), |<k>,soc<k>]—ci||2)
o2

Vi(k) =F(p(k)) =4, + Zﬂ. -exp(- (2.34)

where all the model parameters have been obtained during training. The hidden neuron

number is also set as 10. Similar to the ELM model, the RBF NN model’s equations are
described by (2.34) and the SOC definition in equation (1.2).
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Fig. 2.37. The actual voltage and model output for another battery.

Fig. 2.38 presents a comparison of the RBF NN model’s output voltage and the measured
terminal voltage of the Samsung 2.6 Ah Li-ion battery used to test the ELM model in Fig.
2.37. The model output RMSE is 0.0219 V. The largest error is 0.0872 V. It indicates that
the RBF NN model has a larger modeling error than that of the ELM model.
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Fig. 2.38. The actual voltage and model output for the RBF NN model.

2.4.4 Li-ion Battery Modeling with the Online Sequential ELM Algorithm

In previous sections, the models for Li-ion batteries are all established off-line.
Sometimes EV’s energy system may need a battery model trained online. Based on the
ELM model proposed in Section 2.4.1, an online trained ELM model is proposed for Li-

ion batteries in this section.

In [118], an online sequential learning algorithm based on the ELM algorithm, named OS-
ELM, is proposed. OS-ELM solves the problem that the input-output observations are
obtained sequentially, but not in a batch. The OS-ELM algorithm trains the model’s input-
output mapping online. Compared with other kinds of sequential learning algorithms, OS-
ELM has faster learning speed and good generalization performance [118].

The OS-ELM algorithm can learn input-output samples one-by-one or chunk-by-chunk
sequentially. For Li-ion battery modeling in this section, the learning block is set to one
and the model is learned with one-by-one input-output sample observation. For Li-ion
battery, the utilization of OS-ELM provides possibility and improvement for the online
modeling process. There is no need to know the prior knowledge of the model parameters

before modeling. OS-ELM provides the online accurate and fast modeling process.
The algorithm of OS-ELM is described as follows. There are mainly two steps:

Step 1: Initialize the model parameters with some initial input-output samples. The initial

training data is represented by:
{(x;,t) %, eR"t; eR™, j=1..,N} (2.35)
where N, is the number of the initial input-output samples. There is no need to set N, a

large set. The only demand for N, is N, > L where L is the hidden neuron number.
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The input weight a, and the hidden neuron bias b, are assigned randomly, where

i=1..,L.Itis noticed that the values of a,and b, are not tuned during training, which is

the same to the ELM algorithm.

Then, the initial form of the hidden layer output matrix Hy is determined as:

G(a,b,x) ... G(a,b,x)
H, = : :

G(a,by,xy,) - G(a,b,xy,) NoxL
where G(x) is the activation function.
The equivalent form of the model is:

Hoﬂo = To

where B =[B, Br:- B,] and Ty =[t,,....t,]. Thus, B, is determined by:

ﬂo = (Hg Ho)ingTo
Set

M, = (Hg Hp)™

(2.36)

(2.37)

(2.38)

(2.39)

Step 2: It is designed that the new samples come one-by-one. Hence, when a new

observation {(x, ,.t..,), K =Ny} arrives, the sequential learning phase is executed. A

partial hidden layer output matrix is determined by:

H, =[G(a,, b, %1)---G(a . b, X,1)]

Then, the output weight 3, ,, is calculated by:

M [ Hk+lHkT+1M [

‘ _1+ Hl-<r+1Mka+l

Mk+l = M

ﬂk = ﬂk + Mk+lHk+1(tII+l - HI-<r+1ﬂk)

Then set k =k +1 and execute step 2 until the training process ends.
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The same model structure in Fig. 2.30 is designed for the OS-ELM trained Li-ion battery
model. Thus, in (2.35), n=3 and m=1. L is set to 5. The initial training data amount is

set to N, =75. It is noted that there is no need to know the number of samples before

training. The activation function G(x) is also defined the sigmoid function:

G(a,b,x)=1+e ™) i=1..L, j=1,.. (2.43)

A battery experiment with various discharging currents is executed to test the online
modeling algorithm. The data sampling interval is set to 3 s. The SOC value is also
calculated by the Coulomb counting method in experimental conditions. The input-output
samples arrive sequentially and the battery model is trained with the new arriving
observation after each sampling step. Fig. 2.39 shows the training results for the Li-ion
battery model compared with the measured terminal voltage. The training accuracy
represented by RMSE for the testing samples is 0.0135 V. It verifies that the OS-ELM
algorithm trains the Li-ion battery model with good performance. Therefore, an online

battery model is realized by the OS-ELM algorithm.
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Fig. 2.39. The actual voltage and model output from the OS-ELM model.

2.5 Summary

In this chapter, Li-ion battery modeling is investigated and improved. The equivalent
circuit model including the parallel circuit model and series circuit model are reviewed
and established for Li-ion batteries. By model output comparison, it is verified that the
series circuit model with two RC networks has good performance. The temperature effect
on Li-ion battery behaviors is also considered. A fuzzy model based on equivalent circuit
model considering temperature and SOC effect is established. This new model describes
the ambient temperature effect on Li-ion battery clearly with good accuracy. Li-ion

battery’s surface temperature variation during operation is also tested here, verifying that
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it is reasonable to exclude temperature effect when the battery operates in the same
ambient temperature. Thus, in later chapters of this thesis, the temperature effect is not
considered and all the experiments are under room temperature. Then, the NN model
which is suitable for simple current pattern is applied and improved in experimental
conditions in this chapter. Trained by the ELM algorithm, the proposed ELM model has a
simple modeling process and high accuracy compared with those of the RBF NN model.
Finally, an online trained battery model using OS-ELM is proposed and good modeling

performance is achieved.

Based on various types of Li-ion battery models, several estimation algorithms
corresponding to different focusing points will be applied to do SOC estimation in the
following chapters. EMS’s practical needs will be considered. Besides, when studying
other EMS topics in this thesis, the models established in this chapter will also be applied
to simulate or supervise the batteries. In the next chapter, the proposed ELM model will

be used to do SOC estimation using KF-based algorithms.
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Chapter 3 Li-ion Battery SOC Estimation Based On the ELM
Model Using Kalman Filter Methods

In this chapter, the topic of Li-ion battery state of charge (SOC) estimation will be
discussed. This chapter aims at SOC estimation using the widely-used methods of Kalman
filter (KF)-based algorithms. Section 3.1 gives a rough introduction for the estimation
methods used in this chapter. In Section 3.2, various KF-based algorithms are described in
detail. Section 3.3 gives the system state space equations for Li-ion batteries using the
ELM model. In Section 3.4, estimation results are compared and discussed. Section 3.5

concludes this chapter.
3.1 Introduction

SOC reflects Li-ion battery’s remaining energy and present operation status. The energy
management system (EMS) in electric vehicles (EVS) supervises Li-ion batteries and
controls the batteries’ charging and discharging referring to SOC. Thus, accurate SOC
estimation for Li-ion batteries is necessary and important. With models focusing on
different aspects, various estimation methods are applied in this chapter and the later

chapters to obtain the estimated SOC for Li-ion batteries.

The proposed discrete Li-ion battery’s ELM model in Chapter 2 has simple structure that
is convenient to do estimation. This chapter aims at SOC estimation based on this model.
As the unmeasured quantity of battery, SOC is defined as one state in the battery model
system. SOC estimation could lead to filtering problem since it is to estimate system
hidden variable as a set of online observations [56]. For the system with Gaussian noise,
KF is an optimal selection. KF is a powerful estimation tool with good performance and
simple implementation. KF or its variants are able to do estimation for linear or nonlinear
systems. In this chapter, with the Li-ion battery’s ELM model, several estimation
algorithms based on KF, including extended Kalman filter (EKF), unscented Kalman filter
(UKF), adaptive EKF (AEKF) and adaptive UKF (AUKF), are applied and compared for
SOC estimation.
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3.2 KF Variants

The KF theory for estimating a dynamic linear system with discrete data’s unknown state
variables using the measurements is first proposed in [123]. The algorithm includes a
series of mathematical equations to provide the estimated state that minimized the mean
of the squared error. Optimal estimation could be achieved with this recursive method.
Compared with other kinds of estimation technologies, no convergence proof is needed.

The filter design process is significantly simplified.

The KF algorithm mainly has two steps [124]: the predicting process and the updating
process. Define a linear dynamic system with discrete-time state-space equations as (3.1)
and (3.2):

X =A% +Bu_ +a, (3.1)
7, =CX +y, (3.2)

where x, e R" is the state vector and z, e R" is the system output at sampling step k;
u, e R’ is the input to the system; AeR™, BeR™ , and CeR™" are constant
matrices; and @, € R" and v, € R™ represent the process and measurement noises. It is

defined that o, and v, are uncorrelated white Gaussian noise with zero mean and

constant covariance. The probability distributions are:
p(w) ~N(0,Q), p(v) ~N(O,R) (3.3)
where Q and R are the covariance matrices.

KF’s operation schematic including the mathematical expressions is shown in Fig. 3.1.

The two steps are executed concurrently to achieve the estimation for the state vector. K

is the Kalman gain matrix. X, is defined as the a priori state estimate before the
measurement z, is taken. X, is defined as the a posteriori state estimate at step k given

the knowledge of z,. B and P, are the a priori estimate error covariance and a posteriori

estimate error covariance. The state vector is initialized in (3.4) and (3.5) with the mean of

X, and error covariance of P, before taking the estimation steps:
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R, = E[%,] (3.4)

R = EL(x% — %) (% — )A(o)T] (3.5)

As stated in Chapter 2, the Li-ion battery model is generally nonlinear. Hence, the linear
form filter of KF is not suitable for Li-ion battery estimation. Some nonlinear and
improved versions of KF are described and applied in the following sections.

v

The updating process

The predicting process

Kalman gain

State predict
K, =P C"(CRC" +R)™

X =A%, +Bu
State update

Error covariance predict N o
R, =X + K. (z, -CX,)

P =AP_A"+Q

Error covariance update
P =(1-KC)R

A

Initialization
%, P k=12,..

Fig. 3.1. KF operation schematic.
3.2.1 Extended Kalman Filter

As the nonlinear version of KF, EKF is developed based on the KF technique to do
estimation for nonlinear dynamic systems. A linearization process is used to approximate

the nonlinear system at every step. Define a nonlinear system as:
% = f(X . u)+ag, (3.6)
z, =h(x.,u,)+0, (3.7)

where X, z, and ux have the same definitions as in (3.1) and (3.2); @, and v, have the
same distributions as (3.3); and f(-) and h(:) represent the nonlinear state transition and
measurement functions. Before taking estimation, the state vector is initialized as (3.4)

and (3.5).

The EKF algorithm has similar operation steps as shown in Fig. 3.1. The mathematical

equations are described as follows:
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1) The predicting process:

{)A(k = f()A(kfl,kal) (3.8)

R = A(—lpk—lA-(r—l +Q
2) The updating process:

Kk = Pk_HII(HkPk_HI;r + R)_l
)A(k = )A(k_ + Kk(zk - h()A(k_7uk)) (3-9)
Pk :(I - Kka)PLZ

In (3.8) and (3.9), A and H, are the Jacobian matrices of the partial derivatives of

f (x,u) and h(x,u) with respect to X, expressed by: A , :% L+ Hy :g—h| .
k-1 X X

The EKF algorithm is widely used for nonlinear system’s estimation. At each time step,

f (X, u,) and h(x,,u,) are linearized around the operation point by a first-order Taylor-

series expansion [30]. However, EKF relies on this linearization process to update the state
mean and covariance [36]. Inaccurate estimation and divergence may be caused for the

systems with stronger nonlinearity.
3.2.2 Unscented Kalman Filter

The EKF algorithm may diverge when the higher order terms become significant for the
nonlinear model. The approximation error between the original system and the linearized
model may bring significant estimation error when a large initial state error or system noise
exists [53]. To improve SOC estimation performance for nonlinear battery model, the UKF

algorithm is investigated in this section.

To overcome the shortcomings of EKF, the UKF algorithm based on unscented
transformation (UT) is proposed and developed [125]. UT is a method of nonlinear
transformation for approximating the probability distribution of a random variable. Hence,
UKF propagates the state mean and covariance information through a nonlinear
transformation directly instead of doing linearization [125, 126]. There is no need to
calculate Jacobian matrices and the linearization error is decreased. Compared with EKF,
UKF calculates the mean and covariance to the second order [127]. As an alternative
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nonlinear extension, UKF could provide better estimation than EKF.

The mathematical equations of UKF are shown on the discrete nonlinear system described
in (3.6) and (3.7). It should be noticed that the state vector’s dimension is represented by ny
here. The initialization step in (3.4) and (3.5) is also executed before estimation. The UKF
algorithm also includes the predicting process and the updating process. The details are
described as follows:

1) The predicting process:

a) Computing sigma points:

At time step k-1, it has been defined that the state estimate has mean X, , and error

covariance P,_,. A set of 2n, +1 weighted samples named sigma points are selected at time

step k—1 as shown in (3.10):

~0) _ ¢ .
X =%, 1=0

7O =% +(J(n,+A)P_), i=1...n, (3.10)
5(81 =Xy~ («/(nx +A)B)i i=n+1..2n,
where 7", represents the sigma points, and A is a scaling factor determined by
A=a’(n+x)—n, . The constant « is set to a small positive value. It determines the

spread of the sigma points around X, ;. x is the secondary scaling parameter usually set to

0 or 3—n, [125]. The expression of (,/(nx+/1)Pk_1)i represents the ith column of the

matrix square root of (n,+4)P, ,. Define the mean weights Wy, associated with the sigma

points as:

(3.11)

b) Propagating sigma points:

Propagate each sigma point through the nonlinear state transition function:
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T = T (B us) (3.12)
c) Determining the a priori state estimate and the a priori estimate error covariance:
The a priori state estimate X, , at time instant k |k —1 is computed by:
2n
)’zk|k—1 = £ rrsi)j?lg;k)—l (3.13)

To obtain the a priori estimate error covariance R, _,, define the variance weights W as:

w® :L+(1—a2+ﬂ),i:0

A+n,
| P (3.14)
WO =—"__i=1..2n
2(A+n,)

where £ is used to incorporate part of the prior knowledge of the distribution of state
estimate [128]. For Gaussian distributions, £ is usually set to 2 to achieve optimal

estimation. Then,
an _ 0 .
Pk|k—1 = EIVC( )(ZIEH()—l - Xk|k—1)(}(k|k—1 - Xk\k—l) +Q (3.15)
i=0

2) The updating process:
a) Computing sigma points:
At time instant k |k —1, a new set of sigma points, 7. ,, based on the a priori state

estimate X, , is selected as (3.16):

)?k(fk)_l = )zk|k—1’ i=0
;215;12—1 = )A(k|k-1 + (»\/(nx +4) Pek-1)is i=1..n, (3.16)
;215;12—1 = )zk|k—1 - («f(nx + /1)Pk|k—1)i! i = n, +1,.., 2nx

b) Computing predicted output:

Compute the corresponding output for each sigma point through the measurement

function:
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Y~k(|li<)—1 = h(f(lﬁ;k)—l’ uk) (3.17)

Then, the predicted output is determined by:
R 2n e
Yk|k—1 = Z}Nngl)ykﬁ:()—l (3.18)
i=0

c¢) Computing the Kalman gain K, :

2n ) R
Pkak = ENC(I)(YkﬁL)fl _Yk|k—1)(Yk(\k)—l _Yk|k71)T +R
i=0
2n ) ) () R . (319)
Pen = Z}Nc(l) (lellk)ﬂ ~ Ki) Vg = Vi)
i=0

where P, , represents the filter covariance of the predicted output at time instant k [k —1,

and P, represents the filter cross-covariance between the predicted output and the state

at time instant kK |k —1. Then,

K. =P P* (3.20)

XYk VY

d) Determining a posteriori state estimate X, and a posteriori estimate error covariance Py:

At time step k, given the output measurement z, the state estimate and error covariance are

obtained by:

. (3.21)
P, =Ry~ K.P,, K/

LA

{)’Zk = Xk|k—l + Kk(zk _Yk|k71)

3.2.3 Adaptive Extended Kalman Filter and Adaptive Unscented Kalman Filter

Considering Li-ion battery’s dynamic characteristics, some improvement is developed on
EKF and UKF to obtain better SOC estimation and reduce the probability of divergence.
In (3.3), the process and measurement noise covariance matrices Q and R are defined
constant. In previous sections, it has been shown that EKF and UKF are suitable for the
system with constant covariance noises. It is stated in [129] that the optimality of KF’s
estimation depends on the quality of the prior knowledge about system noise statistics.

Hence, a proper selection of Q and R is essential to the filter estimation performance.

60



Improper Q and R may lead to large estimation error or filter divergence. The classical
method to determine the two covariance matrices is through empirical analysis on the
system and measurement errors or manually tuning with the trail and error method. It is
obvious that such methods cost much time and the selected Q and R are not guaranteed to
have suitable values. On the other hand, these filter parameters may change while the filter
is working. To compensate for unknown or time-varying Q and R, the adaptive filter

algorithm is utilized to achieve better estimation performance.

The adaptive technique is developed on EKF and UKF, constituting adaptive nonlinear
Kalman filters. The adaptive Kalman filtering algorithm updates the system noise
statistical information online. The main advantage of adaptive Kalman filter is to achieve
less reliance on the prior statistical information and to adapt the noise covariance matrices
according to filter learning history [52]. Therefore, building on the descriptions of EKF and
UKF, the algorithms of AEKF and AUKF are described in this section to apply better

estimation on Li-ion battery system.

In [130], the AEKF and AUKEF algorithms are proposed. Compared with conventional
EKF and UKF, such adaptive Kalman filtering algorithms add an online adjustment block
to adapt the filter parameters Q and R. In each step, after achieving the state estimate, Q
and R are updated according to the system information and measurement variation. With
this method, Q and R can be tuned to the optimal value during estimation. The adaptive
filtering technique of covariance matching using residual covariance matrix is utilized
here. The elements of the residual-based covariance matrix should be matched to their
theoretical form [131]. The residual covariance matrix at step k is represented as Cj,

calculated by:

k T
Zj:k—N+1’Llj’Llj

C =
K M

(3.22)

where M defines the window size for covariance matching [52, 132], and g, defines the

residual sequence representing the difference between the kth real measurement and the

predicted measurement computed by h(X,,u,) with the filter’s state estimation:

He =17, (X, u). (3.23)
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The AEKF algorithm adds the following adjusting block (3.24) and (3.25) to the EKF
algorithm (3.8)-(3.9):

Q =KC.K/ (3.24)
R =C +HPH,’ (3.25)

For the AUKF algorithm, the adjusting block (3.26) with (3.24) is added to the UKF
algorithm (3.10)-(3.21):

2n, ) . L T
Re = DW (VA = (R, u) ) (Vs ~h(%.u)) +C,. (3.26)
i=0

In (3.24)-(3.26), the Kalman gain matrix Ky has been obtained from the updating step of
conventional EKF and UKF. The system noise covariance matrices of Q and R are not
constant anymore. Qi and Ry are updated every time step when a new measurement zi is
taken. Thus, Qx and Ry are adaptive to the real-time system information. If the prior
knowledge of the system noise statistics is not accurate, the effect on the estimation
performance will be reduced significantly. Better performance during estimation and
convenience on state vector initialization are brought by the AEKF and AUKF algorithms
described above. Meanwhile, no complex mathematical operation is added by AEKF and
AUKF.

To describe the adaptive Kalman filtering procedure clearly, the operation schematic of
AUKEF is depicted in Fig. 3.2. It shows that the adjustment block is also executed
recursively with conventional Kalman filter algorithms. Before the estimation procedure,

the parameters of Q, R and M should be initialized.

With AEKF and AUKF, the process and measurement noise covariance matrices are
adapted to the residual sequences step by step. Therefore, their state estimation
performances do not depend much on the initial values of Q and R. The initial filter

parameters can be selected simply.
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Fig 3.2 The operation schematic for AUKF.

3.3 System State Space Equations

Before taking the estimation algorithms stated in previous sections, the discrete-time
state-space equations for the Li-ion battery model should be defined first. The proposed
ELM model in Section 2.4.3 is applied to do SOC estimation here. The RBF NN model
trained in Section 2.4.3 is also estimated as a comparison. As the variable to be estimated,

the SOC value at the kth sampling step, SOC(K), is taken as one of the state variables of
the model’s state-space equations. The other state variable V,(k —1) is defined by equation

(2.31). Thus, the state vector is defined by:
X =[x(K) % (K] =[V,(k-1) SOC(K)I". (3.27)

From the model equations, the state-space equations and output equations are expressed by
(3.28) and (3.29):

k
Vik) 1 F(p(A)z a® -
SOC(k+1) | S0C(K) - 1K) || @y(k) ,
(k)] [F(p®)] [vi(k)
Lz(k)} - {vt (k —1)} " {vz(k)} (3.29)

where [V,(k) SOC(k+1)]" =[x (k+1) x2(k+1)]T ; [z,(k) z,(K)]" represents the

measurements of [V,(k) V.(k-1)] ; [@ (k) o,(K)]" = k) and [v,(k) v,(K)]" =v(K) .
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The functions of F(p(k)) and SOC(k)—? I (k) describe the battery model. The current

n

I (k) is defined as the system input u, . The vectors (k) and v(k) express the process

noise and measurement noise defined as zero-mean white Gaussian noises.

The system equations (3.28) and (3.29) have nonlinear form. The state transition function

f (x,u) and the measurement function h(x,u) are defined as

f(xk’uk):

) 0

SOC(k)—%I(k) ) {vt(k—l) !

where F(p(k)) represents the ELM model or RBF NN model. The nonlinear estimation

techniques described in the last section are applied to the system state-space equations in

the next section.
3.4 SOC Estimation From Experiment and Comparison

EKF is executed on the ELM model to do SOC estimation. To verify the ELM model’s
performance on estimation, the RBF NN model is also estimated by EKF as a comparison.
For the system equations (3.28) and (3.29), define the Jacobian matrices of Ay and Hy

expressed by

oF (p(k)) an oF(p(k))
A :& |x:xH: OX, |x R4 k = ax |X o OX, |X - (3.31)
0 1 1 0
For the ELM model, it is derived from (2.33) that:
aF(p(k)) fi-a,-(L+e ™™ ap(k)

.le (L+e BPEmyz o (3:32)
y 1 0
where o )= 0 0

OX,

01

For the RBF NN model, the Jacobian matrices are derived from (2.34) as:
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D5 P e Lpw-co)- (1 -o)- B @3
OX, i=L O-i X«
10
where k) _ 00
OX,
01

The pulse current experimental data for the Li-ion battery model test in Section 2.4.3 is
used to test the EKF algorithm. The current pattern is shown as Fig. 2.32. The initial SOC

for estimation is set to 1, the same to the actual initial SOC value. The filter parameters

0001 O 0.001 0 001 O
are set as: P, = , Q= ,and R= . Here, Q
0 0.001 0  0.000001 0 0.01

and R are constant matrices. Then, EKF is applied on the two models. The estimation
results for the two state variables including SOC and V,(k —1) for the two models are
shown in Figs. 3.3 and 3.4. It indicates that EKF provides good SOC estimation results for
both models when the initial SOC is at its real value. The SOC errors as the difference

between the actual and estimation SOC results are computed. The largest SOC errors

during estimation for the two models are both smaller than 3.5%. The estimated terminal

voltage V,(k —1) is also similar to the measured battery terminal voltage.

1 1
SOC from EKF SOC from EKF
0.8 — actual SOC 0.8 —\ actual SOC
0.6 \ 0.6 N\
8} N\ 8} \
()] ()]
0 04 \‘?_A\ ;) 04 x\
0.2 N 0.2 N
00 8000 16000 24000 32000 00 8000 16000 24000 32000
Time (s) Time (s)
a) The ELM model. b) The RBF NN model.

Fig. 3.3. SOC estimation results from EKF compared with actual SOC.

The SOC estimation errors from the ELM and RBF NN model are depicted and compared
in Fig. 3.5. It shows that the SOC error from RBF NN model is larger than the ELM

model in most SOC regions. In addition, the computational time for estimation of RBF
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NN model is 0.4992 s, which is 1.6 times to the ELM model, 0.3120 s. It indicates that the
ELM model has a simpler estimation procedure with EKF than the RBF NN model.
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N N voltage from EKF
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4 N1 measured voltage 4 N . \_'Mvoltage
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Time (s) Time (s)
a) The ELM model. b) The RBF NN model.

Fig. 3.4. Voltage estimation results from EKF compared with actual terminal voltage.
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Fig. 3.5. SOC error comparison between the ELM model and RBF NN model.

In EV applications, the accurate knowledge of the Li-ion battery’s initial SOC may be hard
to know. Therefore, the estimation algorithms must be robustly insensitive to the initial
state value. After getting the results stated above, SOC estimation on the ELM model by
EKF with inaccurate initial SOC is tested. The initial SOC is set to an incorrect value with
the initial error of 0.25. The same experiemental data is tested. The SOC estimation results
and errors from EKF for the ELM model are shown in Fig. 3.6. It reveals that EKF is
robust to the initial SOC. The estimation converges to the actual value after some steps.
The largest SOC error stays smaller than 3.5% after convergence. However, the
converging process takes long time. It takes about 700 s, i.e. more than 10 mins for SOC
error to reach in the range of 5%. In EV applications, the energy system needs a faster
convergence rate. More than 10 mins is a bit long for EVs during driving. Thus, a faster

convergence rate is needed in this case.
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Then, UKF is applied on the ELM model to test whether better SOC estimation and

robustness can be achieved. Here, the state vector’s dimension ny is 2. Thus, 2n, +1=5

sigma points should be determined. The initial SOC is also set to the incorrect value of

0001 O }

0.75. The filter parameters for UKF are also set as: P, =
0 0.001

0.001 0 001 O N
Q= ,and R= . The SOC estimation results and errors
0  0.000001 0 o001

from UKF for the ELM model are shown in Fig. 3.7. It displays similar estimation
performance to EKF. The estimation error also converges to the range of 5% after nearly
700 s.

SOC from EKF
0.8 actual SOC
¥\ 0 _— T~
o 08 TN\ S ooslf
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a) SOC estimation compared with actual SOC. b) SOC error.
Fig. 3.6. SOC estimation from EKF with incorrect initial SOC.
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Fig. 3.7. SOC estimation results from UKF.

To achieve more improvement on SOC estimation, the adaptive Kalman filters including
AEKF and AUKF are applied on the ELM model. The filter parameters for AEKF and

0001 O } B {0.001 0 }

AUKF are also initialized to P, = :
0 0.001 0  0.000001
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001 O
R :{ 0 0 01] the same parameters designed for EKF and UKF. Here, Q and R are the

initial values of the system noise covariance matrices and they will be adjusted during the
estimation process. The window size M is set to 100 for AEKF and AUKF.

In this way, some more tests are executed and a comprehensive comparison is taken for the
SOC estimation results from all the four algorithms. Battery SOC estimation of the range
SOC €[0.8, 0.05] for the ELM battery model is tested. In order to verify the performance

and robustness of the algorithms, the initial SOC is set to 0.4, which is different from the

correct initial value, 0.8.

The comparison of SOC estimation errors for the four algorithms, EKF, UKF, AEKF and
AUKEF are shown in Fig. 3.8. It is obvious that AEKF and AUKF have much better state
estimation accuracy than UKF and EKF. The estimation errors from AEKF and AUKF
after convergence are smaller than 1.5%, much smaller than the errors from EKF and UKF.
For both AEKF and AUKEF algorithms, the estimation converges to the actual SOC in very
few steps, performing much quicker convergence rate than EKF and UKF. In Fig. 3.9, a
clear comparison of SOC estimation error between AEKF and AUKF is depicted,
indicating that AUKF achieves smaller error. In conclusion, the algorithm of AUKF has

the best performance in SOC estimation compared with the other three algorithms.
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Fig. 3.8. SOC errors for the four algorithms.

Then, in order to test the adaptive Kalman filtering algorithms more comprehensively,
SOC estimation results from a different Samsung 2.6 Ah battery with the same ELM
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model are described. The actual SOC is from 1 to 0.05. The initial SOC of 1 is tested for
AUKEF. The SOC estimation results are shown in Fig. 3.10. It is obvious that the estimated
SOC has good accuracy. Then, the initial SOC is also set to a different value of 0.75. The
SOC estimation comparison for the four algorithms is shown in Fig. 3.11. The results are
similar to Fig. 3.8 in the entire SOC range. To depict the AUKF algorithm’s performance
clearly, the estimation results of AUKF are shown in Figs. 3.12-3.14. The estimated SOC
and SOC errors are depicted in Figs. 3.12-3.13. It verifies that the SOC estimation results
from AUKEF lead to a high accuracy. The largest estimation error is smaller than 0.5%. As
shown in Fig. 3.14, the SOC error achieves smaller than 5% after 140 s. Compared with
conventional EKF, the convergence rate improves significantly. The estimation results

from AUKEF for the other state, V,(k —1), compared with the measured terminal voltage

and the ELM model output voltage, are depicted in Fig. 3.14. It is obvious that the
estimated voltage is very close to the ELM model’s output voltage. Therefore, AUKF’s

adjusting effect on the system during estimation is verified.
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Fig. 3.9. SOC errors from AEKF and AUKF.
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Fig. 3.10. SOC estimation from AUKF.

Furthermore, to test that whether the ELM model’s performance on estimation by AUKF is
still better than the RBF NN model, more comparisons are taken for the estimation process.

In [25], the RBF NN model for Li-ion battery is established and SOC estimation results
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from AEKF are obtained. Here, the RBF NN model is also used to do SOC estimation with
AUKEF. The same RBF NN model tested for EKF is used here. Then, the AUKF algorithm
is applied. The estimated state variables of SOC and V,(k —1) are shown in Fig. 3.15. The

SOC estimation error from the RBF NN model compared with the error from the ELM
model is shown in Fig. 3.16. The error from RBF NN model is obviously larger than that
of the ELM model. Moreover, the computational time of the estimation process for the
ELM model is 0.6049 s, whereas the time for the RBF NN model is 0.7258 s at 1.2 times
that of the ELM model. Considering the EKF estimation computational time comparison
for the two models, the ELM model improves the estimation speed from 20% to 60%
compared to that of the RBF NN model. It reveals a lighter computational load for the
ELM model for SOC estimation. Therefore, the performance of SOC estimation is
improved by the ELM model with a higher accuracy and a lighter computational load. In
general, the application of AUKF on the ELM model improves SOC estimation accuracy,

robustness and reduces the computational load.
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3.5 Summary

In this chapter, the designs for Li-ion battery SOC estimation algorithm are presented. The
KF variant algorithms are investigated and compared based on a discrete nonlinear battery
model of the ELM model with experimental data. Both conventional Kalman filters
including EKF and UKF, and adaptive Kalman filters including AEKF and AUKEF, are
applied to estimate SOC. The RBF NN model is also used in estimation process as a
comparison. The estimation results show that adaptive Kalman filters have much better
performance than conventional Kalman filters, both on estimation accuracy and state
convergence rate. The AUKF algorithm has the highest accuracy with robustness to the
initial state knowledge for SOC estimation. The estimation results also show that the ELM
battery model has better performance on SOC estimation with a higher accuracy and
lighter computational load compared with those of the RBF NN model. Finally,
simulations and experiments show that the proposed method for SOC estimation with
AUKF based on the battery model trained by the ELM algorithm achieves good

performance.

Although AUKEF is verified to have good performance on Li-ion battery SOC estimation
in experimental conditions, this algorithm still encounters some limitations. The KF-based
methods have their own flaws in practice, which will be discussed and overcome by other

filtering methods in the next chapter.
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Chapter 4 Li-ion Battery SOC Estimation Based On the
Nonlinear Equivalent Circuit Model Using Particle Filter
Methods

Considering battery model’s flexibility and applications, in this chapter, another filtering
strategy of the particle filter (PF) method [133] is applied to do Li-ion battery state of
charge (SOC) estimation on a nonlinear equivalent circuit model. Section 4.1 introduces
PF’s advantage over the Kalman filter (KF) methods. In Section 4.2, a nonlinear
equivalent circuit model considering SOC effect on model parameters is established.
Section 4.3 describes the PF and unscented PF (UPF) algorithms. In Section 4.4, the
estimation results from PF and UPF are displayed and discussed. Section 4.5 gives the
conclusion of this chapter.

4.1 Introduction

The SOC estimation algorithm proposed in Chapter 3 can obtain accurate SOC estimation
results for Li-ion batteries. However, the KF-based algorithms have specific demand for
the system noise to be Gaussian distribution. In practice, the batteries in EVs have a
harsher working environment than experimental condition. Moreover, even the adaptive
part is added to extended Kalman filter (EKF) and unscented Kalman filter (UKF), their
performance still depend on the model’s form and accuracy since EKF has linearization
error and UKF is also an approximate nonlinear estimator [36]. If the system nonlinearity
is severe or the model is with complex expressions, the KF-based methods may still

encounter divergence.

On the other hand, the neural network (NN) model for batteries is more suitable for
simple current pattern in experimental condition. If the battery operations are in complex
patterns, large data training sets and plenty of experiments are needed, making the
modeling process also complex. The equivalent circuit model for Li-ion batteries
considers its dynamic behavior despite the current pattern, which is more flexible. To
obtain the equivalent circuit model with higher accuracy like the NN model, SOC’s effect
on the model circuit parameters must be clearly considered. Then, more complex structure

will be brought to the model so that the KF-based methods’ performance may be reduced.
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In this way, the filtering algorithm of PF is proposed in this chapter to avoid the above
shortcomings. As the completely nonlinear estimator, PF can perform state estimation for
a complex system with strong nonlinearity in non-Gaussian system noise [57]. PF also has
high estimation accuracy and does not depend much on system model’s accuracy. In [17],
an accurate equivalent circuit model with two RC networks considering SOC effect for
Li-ion batteries is proposed. Although the model has complex expression, it is more
practical and has good accuracy. In this chapter, the model with the similar form to [17] is
applied. The model parameter variations to SOC are represented by nonlinear functions.
Thus, it has a complex structure and nonlinearity. Then, PF is applied to perform
estimation for the complex nonlinear model. Based on PF, an improved PF algorithm, the
UPF algorithm, is also used to estimate SOC for Li-ion battery to achieve better

estimation results.

4.2 The Equivalent Circuit Model Considering SOC Effect on

Parameters

In Chapter 2, various Li-ion battery equivalent circuit models have been established. The
model circuit components are set constant in Section 2.2. In Section 2.3, the SOC effect is

simply described by fuzzy rules and set by a constant value in the range SOC €[0.2,1]
and SOC €[0,0.1]. This SOC effect is clearly interpreted in [17]. By representing SOC

effect via nonlinear functions, the proposed model in [17] is quite accurate.

Instead of fuzzy rules, the SOC effects on battery model parameters are represented by
nonlinear functions in this section. In this way, the proposed two-RC network equivalent
circuit model in Section 2.2.2 is reconstructed. All the data for modeling is also obtained
from the experiment of 0.3C current pulse test on the same battery in Section 2.2.3. The
parameter extraction method is the same to the method described in Section 2.2.3. Then,
all the circuit parameters including Rs, R1, Cy, Rz, C;, (described in Fig. 2.4) at every 0.1
SOC are computed. The Rs value versus SOC is shown in Fig. 4.1 a). When SOC is small,
Rs increases exponentially. This variation trend is approximated by a single-variable

nonlinear function of SOC as:
R, =0.1224e "% +0.08001 (4.1)
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Equation (4.1) is derived from Matlab curve fitting tool box. The approximation curve of

Rs variation to SOC compared with the computed R; at every 0.1 SOC is compared in Fig.

4.1 b). It indicates that the fitting curve clearly represents the SOC effect on Rs. Although

some fitting errors exist at certain points, the varying trend of R to SOC is described

accurately, especially for the low SOC range. Then, the RC network parameters are also

represented by approximation curves of SOC with similar functions to Rs. The computed

parameters at every 0.1 SOC compared with the SOC functions obtained by curve fitting

are shown in Fig. 4.2 and 4.3. The SOC functions representing the RC parameters are

derived as (4.2)-(4.5). The OCV function is the same as (2.11).
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To test the reconstructed model, the experimental data in Section 2.2.3 is applied to both
the new model and the previous model with constant parameters. The two model voltages
and measured battery voltage are depicted and compared in Fig. 4.4. It is verified that the
new model’s accuracy is improved obviously compared with the model established in

Section 2.2.3. The model RMSE is reduced from 0.0301 V to 0.0201 V.

Then, the new derived model with nonlinear functions of SOC is applied to do SOC
estimation. The state-space equations for the model are derived from (1.1) and (2.7)-(2.9),
described as (4.6) and (4.7):

1
7 0 0 0 7 C,
v, [=[o -t v, [+ ) (4.6)
. RC, C,
Vv, 1 vV, 1
0 0 - —
i R,C, | 1 C, |
V,=f(Z2)+V,+V, + R 4.7)

where Z represents SOC and f (Z) represents the OCV(SOC) curve. Vi, V, are taken as the
state variables. Considering the estimation algorithm to be used, a discrete form for

system equations (4.6) and (4.7) should be obtained.

76



»
N

25000

T T
model with parameters changing to SOC
4 . battery voltage measurement
\r l model with constant parameters
., \r_kﬁl( ;
s ~ L
% 36 3 ‘ | . |\ |
o
> 3.75 \
3.4 22 \
_; \
3.2 = {
3.65 T
12000 ‘% 13000 1400F
3
0 5000 10000 15000 20000
Time (s)

Fig. 4.4. The model output voltages compared with the measured voltage.

The discrete form for the SOC equation has been obtained as equation (1.2). Based on

circuit theory, Vi(k+1) can be represented by the sum of RC circuit’s discrete-time zero-

At

At

state response Rl(l—efﬁ)l (k) and zero-input response efﬁvl(k) [134]. V2(k+1) has the

similar form to Vi (k+1). In experiment, the sampling internal is set around 1 s, i.e.

At=1s. Considering that all the circuit parameters are nonlinear functions of SOC,

substitute these functions into the system equations with simplicity. Then, the discrete-

time system with nonlinearity is described by:

Z(k+1)
V,(k +1) | =
V, (k +1)

1 0

A
0 e Ru@NG(z(k)

0 0

0

0

At

e_Rz(Z(k))cz(Z(k»

Z(k)
Vi(k) |+
V, (k)

At

C

n
oA
Rl(l — g Rz)C(z(K) )

At
"R, (Z(K))Cy(Z (k
Rz(l—e 2 (Z(K))Cy( ()))

Vi(k) = T(2(k)) +Vy(K) +V, (k) + R (Z(K)) 1 (k)

where all the expressions like R,(Z(k)) represent the SOC functions in (4.1)-(4.5).
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4.3 Particle Filter and Unscented Particle Filter

4.3.1 The PF Algorithm

The PF algorithm is a probability-based estimation approach which is suitable for highly
nonlinear system. PF provides estimation results with good performance and high

accuracy. Considering a nonlinear system represented by (4.10) and (4.11):
X =f(X_,U_ @ ;) (4.10)
Y =h(X, U, v ) (4.11)
where @, and v, are independent white noises with known probability distribution

functions (pdfs) [36]. Here it is assumed that @~ N(0,Q) and v ~ N(0,R). The system

states are Markovian, i.e.,
P(Xk |Xk—1’ X _greens Xo) = P(Xk |Xk—1) (4-12)

PF is a Monte Carlo method based on sequential importance sampling for implementing a
recursive Bayesian filter. The posterior state is approximated by a set of weighted state

vectors named particles. The key part for PF is to obtain P(X, |Y,,) by generating a set of

samples with associated weights. At each time step, the particles are propagated and
corresponding weight for each particle is computed. The PF algorithm is described as
follows [57]:

1) Initialization:

Determine the number of particles M according to the system’s form and computational
cost. Generate the state particles x,(i =1,2...,M) based on the initial pdf p(x,), where i

represents the ith particle. Here,

Xy = X, +N(0,Q) (4.13)
2) State propagation:
Fori=1,2..., M particles, propagate the state particles x, ,(i =1,2...,M) to the next step k

by the system process equation (4.14):
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X = (X1, U) +NO,Q) (4.14)
where x,_, represents the prior state.

3) Determination of particle weights:

Update and normalize the important weights for each particle based on the measurement.

Calculate the ith particle’s likelihood as:
1 i o=y
G =eXp(—m(yk —h(x,u,))*)/ V2R (4.15)

where y, represents the measurement at step k. h(x,,u,) is the ith particle’s output
calculated with the system measurement equation. Then normalize the likelihood g, of

each particle by:

q

Z';/l:lqj

where @, is the normalized weight for the ith particle. After the normalization step, all the

G = (4.16)

likelihoods’ sum is 1. G, represents the probability of observing the measurement from the

corresponding particle’s state.
4) Re-sampling:

A new particle set {X.}", is obtained by re-sampling. The basic idea of re-sampling is to
eliminate particles with small weights and to concentrate on particles with large weights.
Fori=1,2..., M, execute the re-sampling process with the following two steps. A random

number A uniformly distributed on [0, 1] is chosen. Then, accumulate the particle weight

into a sum successively until the sum is greater than A [36]. When quk” <A and
Z::l(jk”>/1,setthe particle %, to x/ with the weight @ .
5) Estimation:

Calculate the mean of the re-sampled particles to obtain PF’s estimation result X, :
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R 1l o™
R, zmzi:lxk : (4.17)

Fork =1, 2..., the steps 2)-5) are executed recursively.
4.3.2 The UPF Algorithm

The algorithm of PF obtains the proposal distribution for the state vector by sampling from
the state evolution’s probabilistic model. However, such proposal distribution generation
strategy may be inefficient if new measurement is not used to propagate the states’ new
values. Based on the PF algorithm, the UPF algorithm [56] is proposed to improve state
estimation performance. UPF utilizes the UKF algorithm for proposal distribution
generation with a PF framework. The utilization of UKF can provide more accurate
proposal distribution generation. It moves the particles to high likelihood region. UPF has
better performance than PF, especially for the system with high nonlinearity. At every step,
the particles are propagated using UKF and the latest observation is incorporated. The UPF

algorithm is described as follows.

First, generate particles as ordinary PF algorithm described in the previous section at time
step k = 0. After initialization, update the state and covariance with the UKF algorithm for
each particle. The UKF algorithm has been described in Section 3.2.2 and it is combined
with the PF algorithm structure described in Section 4.3.1. With UKF, the measurement is
incorporated into the new pdf at each sampling step. Then the M particles are evaluated by
the weights and the re-sampling step is taken. The algorithm is executed iteratively like PF.
The UPF operation schematic is depicted in Fig. 4.5. It reveals that the UPF algorithm has

similar execution steps to PF, except that the state propagate step is implemented by UKF.
4.4 Estimation Results and Discussion

In this section, SOC estimation is done on the discrete-time nonlinear battery model
proposed in Section 4.2. Both the PF and UPF algorithms are used and the estimation
results are compared and discussed in this section. The current and voltage measured from
the battery experiment in Section 2.2.3 are used. Considering the trade-off between
estimation accuracy and calculation speed, the number of particles is set to M =100 in

both algorithms.
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The estimation results from the PF algorithm are shown in Fig. 4.6. The initial SOC is set
to the correct initial value of 1. The estimated SOC compared with actual SOC and the
estimation error is depicted. It reveals that the maximum SOC error is around 6%, larger
than common tolerant SOC error of 5%. The estimation computational time is 14.1805 s.
The estimation results for the other two state variables, V; and V5, are shown in Fig. 4.7.
Then, the initial SOC is set an incorrect value of 0.8 to test PF’s robustness. The estimation
results are shown in Fig. 4.8. It shows that the maximum SOC error after convergence is
still larger than 5%. To test the convergence speed of PF, a clear display of the
convergence time is shown in Fig. 4.9. It takes around 530 s for the estimation error to

achieve less than 5%, which is a bit long for EV applications.

Then, the UPF algorithm is also tested for both estimation accuracy and robustness. Firstly,
the initial SOC is set 1 and the estimation results are shown in Fig. 4.10. It verifies that the
estimation performance from UPF is better than PF. The maximum estimation error of
UPF achieved is smaller than 5%. A comparison between PF and UPF for SOC estimation
error is shown in Fig. 4.11, indicating the error form UPF perform smaller with less

variation than PF in most regions. To compare the SOC error more clearly, the estimation
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RMSEs are computed. The RMSE for UPF is 0.0151, smaller than 0.0181 for PF. It
verifies that the UPF algorithm obtains better accuracy than PF. The estimation results for
the other two states, Vi and V,, are shown in Fig. 4.12. Compared with PF, the estimation
results from UPF are more stable. Nevertheless, the computational time of estimation for
UPF is 227.5587 s, which is also much longer than PF. It indicates that the UPF algorithm

brings heavy computation to the system.
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The estimation results from UPF with the initial SOC set at 0.8 are shown in Fig. 4.13.
The maximum SOC error after convergence is also smaller than 5%, which is better than
PF. The RMSE for the SOC error from UPF is 0.0157, much smaller than 0.0280 of PF in
the same testing condition. Fig. 4.13 b) shows that the estimated SOC converges with a
much faster speed than that of PF. A clear display for the convergence speed of UPF is
shown in Fig. 4.14. It takes only around 23 s for the estimated SOC with incorrect initial
value to achieve error smaller than 5%. It is verified that the UPF algorithm has
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robustness to the initial state and the convergence speed is much faster than the PF

algorithm.
0.3
estimated V2
0.25 estimated V1
0.2
S 0.15
$
E 0.1
0.05
o AATA A A S
-0.05
5000 10000 10000 20000 25000
Time (s)
Fig. 4.12. Estimation results from UPF for the RC voltages.
1 0.2
SOC from UPF
09 x actual SOC
0.8 0.15
0.7 ﬁ\-':\
0.6 . 01
= §
g 0s Lﬂ_ o
S o005
0.4 N\ (%]
N
A\ b NN
02 — U \\/
0.1 ) V—
.—\ -0.05
0O 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000
Time (s) Time (s)
a) SOC estimation compared with actual SOC. b) SOC error.

Fig. 4.13. SOC estimation results from UPF (incorrect initial SOC).
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It is shown that UPF has better performance for SOC estimation on the same battery
model, especially for the case that the initial SOC is incorrect. Both the estimation
accuracy and convergence rate are obviously improved for UPF compared with PF.
However, the estimation computational time for UPF also increases, implying heavier

computation. Actually, compared with the KF-based algorithms, the PF and UPF
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algorithms have heavy computation. With more number of particles, the estimation
accuracy will be improved, whereas the estimation time will also be prolonged. Thus, a
trade-off between estimation accuracy and system computational load is needed when
choosing the PF methods.

4.5 Summary

In this chapter, the equivalent circuit model with two RC networks for Li-ion battery is
reconstructed and SOC estimation is executed on this model. The SOC effect on model
circuit parameters is represented by nonlinear functions. Thus, the model accuracy is
improved. Then, the nonlinear estimators including PF and UPF are applied to estimate
SOC for the model. The utilization of UPF improves the estimation method’s
performance. The estimation results show that the PF methods can do SOC estimation for
the nonlinear battery model. Compared with PF, the improved algorithm of UPF has
better performance, although with heavier computation. This heavy computational load
may be problematic in practice, leading to strict limitation for EMS in EVs. This problem
will be solved in the next chapter. In the next chapter, a novel estimation technique which
is simpler and more applicable will be used instead of the PF methods. Correspondingly,
the battery model will also be modified. The proposed estimation algorithm in the next
chapter will provide accurate estimation results despite the noise distribution with reduced

computation load.
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Chapter 5 An Adaptive Sliding Mode Observer for Li-ion
Battery SOC and SOH Estimation

Based on previous chapters, research on state of charge (SOC) estimation is continued and
improved in this chapter. Besides, estimation for Li-ion battery state of health (SOH) is
also discussed in this chapter. Section 5.1 gives an introduction to the model and
estimation algorithm used in this chapter. In Section 5.2, the battery model established in
Section 4.2 is simplified by adding the expressions of uncertainty. In Section 5.3, an
adaptive gain sliding mode observer is designed in detail. Compared with the
conventional sliding mode observer, the adaptive sliding mode observer gives better SOC
estimation for Li-ion battery based on the model with uncertainty. In Section 5.4, an
adaptive observer scheme using the sliding mode technique is proposed and applied to do
battery SOC and SOH estimation simultaneously. Section 5.5 gives the summary of this

chapter.
5.1 Introduction

As Chapter 4 indicates, the algorithm of unscented particle filter (UPF) provides accurate
SOC estimation with robustness for the equivalent circuit model of Li-ion batteries.
However, the computation of PF methods is quite complex, which will bring heavy
burden to energy management system (EMS) in electric vehicles (EVSs). Besides, the
equivalent circuit model with SOC functions has complex expressions and the model error
is still inevitable. Even tested precisely, the battery model is difficult to obtain with very
high accuracy because of complex inner electrochemical reactions of Li-ion batteries. In
this chapter, the equivalent circuit model with two resistor-capacitor (RC) networks for
Li-ion batteries is established with all the parameter variations and model errors
represented by uncertainties. This model provides a simple structure and a convenient
implementing process, whereas the accuracy could also be acceptable if appropriate

estimation algorithms are selected.

Using the proposed model with uncertainties, the sliding mode observer is applied to do
state estimation in this chapter. The sliding mode observer is proposed and developed in
[63]. This kind of observer deals with system uncertainty and noise efficiently and its
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algorithm is simple without complex matrix operation like Kalman filter (KF)-based
methods [91], which is suitable for practical applications. When the sliding surface is
reached, the equivalent control method can be applied to obtain some unknown system
quantities [63, 66]. In [67], an adaptive gain observer combined with the sliding mode
approach is proposed. This adaptive observer is simple to implement and robust to the a
priori knowledge of the system noise. Based on the proposed battery model, a sliding
mode observer with adaptive gain could be applied to estimate battery SOC. Comparing
with the sliding mode observer in [18], the adaptive observer could improve the

estimation performance.

SOH estimation is also investigated and executed in this chapter. As another important
state for Li-ion batteries, SOH also needs estimation results with accuracy and robustness.
Based on the proposed SOC observer, an adaptive observer scheme based on the sliding
mode technique is proposed and designed in this chapter. Then, SOC and SOH are
estimated simultaneously by this proposed adaptive observer. The battery estimation
results show good accuracy and robustness for both SOC and SOH of the proposed
method.

5.2 Li-ion Battery Equivalent Circuit Model with Uncertainties

As the model with appropriate trade-off between accuracy and simplicity, the equivalent
circuit model with two RC networks for Li-ion batteries described in previous chapters is
also investigated and applied in this section. The model circuit has been depicted in Fig.
2.4. Compared with the model in Section 4.2, some changes are made to the system
equations of (4.6)-(4.7). A function g(SOC) approximating the relationship OCV(SOC) is

used in the model.

The model equations describing the model circuit include (1.1) and (2.7)-(2.9), where (2.9)

IS reconstructed as:

V,=9(Z)+V,+V, + R (5.1)
where g(Z) consists of a series of piecewise linear functions as in [18]:

9(Z) =k -Z+d,,i=12.. (5.2)
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Neglect the current time derivative in one sampling interval. Considering (2.7) and (2.8),

the time derivative of (5.1) is obtained as:

V. =-V, +b]l (5.3)
where V, = Vi + Vs ,bl:kii+i+i.
Rlcl R2C2 Cn Cl C2

The current | is represented by the following expression derived from (5.1):
1
I :E(Vt —g(Z)—Vl _Vz) (5-4)

Substituting (5.4) and Vy into the model equations, the system equations are obtained as
(5.5)-(5.7):

V, =—a,V, +a,\V, +b,l (5.5)
vz =ayV, — a5V +aV,—a,,9(2) (5.6)
Z= aVy —a,Vy —a,V,—a,9(2) (5.7)
where
Q. = 1 Q. = 1 B 1 b, — 1 N 1 a = 1 a R.C,
“ RC, L RCiR,C, Rz? sz L R1C12 chzz - R.C, L R.C, ,
1 1 RC, 1 R.C, 1 R.C,
Ay =— — + y A =8y, 8y =———, 8, =—+, 8, =——(1-—1),
> R2C2 RSC2 RS R2C22 a34 * “ Ran * RSCH 43 Ran ( RZCZ )

All the circuit parameters have been extracted in Chapters 2 and 4. Here, the piecewise

linear function g(Z) is obtained by curve fitting in some specific SOC regions. The

measured OCV, the nonlinear fitting function (2.11) accurately representing OCV and the

piecewise linear functions g(Z) are depicted and compared in Fig. 5.1. It reveals that

g(Z) describes the OCV curve with linearization errors.

The calculated value of Rs versus SOC has been shown in Fig. 4.1 a). To simplify this

variation trend in battery model, the average Rs in SOC [0.2,1] is approximated as the
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Rs value, which is set constant in the entire SOC range. The RC circuit parameters also
vary in the entire SOC range as shown in Fig. 4.2 and Fig. 4.3. To simplify the model, R,
Ci1, Ry, and C; are also designed as constant when SOC varies, instead of the nonlinear
functions of SOC proposed in Chapter 4. The Matlab function “fminsearch” in the
optimization tool box is utilized after curve fitting to obtain the optimal RC values for the
entire SOC range. Then, the optimized values are taken as the model RC circuit
parameters. The calculated circuit parameters from Section 4.2 and the newly designed
constant parameters in this section are shown in Figs. 5.2-5.4. The new model parameter
values are displayed in Table 5.1. The coefficients in the system equations including (5.3)

and (5.5)-(5.7) are calculated by these parameters.
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Fig. 5.1. The measured OCV and piecewise linear OCV functions.

Table 5.1 Model parameters for the newly designed equivalent circuit model.

Rs R, C: R> C

0.08Q 0.0299Q 1455F 0.02Q 16026 F

O  calculated Rs
0.1 { awerage Rs

Resistance (Ohm)
o
8

o

0.075
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
socC

Fig. 5.2. The R value versus SOC.

After determining all the model parameters, the established model’s output voltage is
compared with the experimental voltage in Fig. 5.5. It shows that the model error is quite

small in the range SOC €[0.2,1]. The largest error exists around the cut-off voltage
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region. The model RMSE is 0.0288 V, larger than the model with nonlinear functions
representing SOC effect but smaller than the model with parameters calculated at
SOC =0.5. The model has obvious simplification steps during the modeling process. To
test the model’s flexibility, another larger discharging current (0.8C) in Fig. 5.6 is applied
to the battery in experiment and the model. The model voltage compared with the
measured battery voltage is shown in Fig. 5.7. The model’s error has similar

characteristics as found in Fig. 5.5.
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Fig. 5.3. Optimized R; and C, values versus SOC.
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Fig. 5.4. Optimized R, and C, values versus SOC.
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Fig. 5.7. The model output compared with measured battery voltage (0.8C).

The battery equivalent circuit model described above is established using the approaches
of linearization and parameter simplification. These steps bring inaccuracy to the model.
For example, the model’s large error around the cut-off voltage region is caused by the
obvious parameter approximation error in small SOC range. Besides, the battery
parameter uncertainty is hard to avoid thoroughly in practice. In summary, the system
equations of (5.3) and (5.5)-(5.7) are not accurate and the modeling error should be taken
into consideration. Hence, the system equations are changed to (5.8)-(5.11) by adding
uncertainties to the original model:

V, =V, +b1 +Af, (5.8)

V, =—a,V, +a,V, +b,1 +Af, (5.9)

V, =a,V, —a,V, —a,V, —a,g(Z) + Af, (5.10)
Z=a,V,—a,V, —a,V,—a,09(Z)+Af, (5.11)

The uncertainties Af, ~ Af, describe the model inaccuracy caused by varying parameters,
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linearization, and measurement noise. It is noticed that the Li-ion battery current and

voltage are both bounded according to the battery operation conditions: |I|£5A,

3V <V, <4.23V , which is controlled by the existing test system. Hence, the uncertainties

are also bounded and the upper bounds can be calculated by the model error from

experiments or experts’ experiences.

5.3 Sliding Mode Observer with Adaptive Gain

5.3.1 Sliding Mode Observer

To estimate the proposed Li-ion battery’s equivalent circuit model with uncertainties, the
sliding mode observer is studied and designed in this section. Based on the sliding mode
control technique, the sliding mode observer is designed using sliding manifold concepts
to make the estimation error dynamics converged to zero in finite time by a discontinuous
control law. The sliding mode observer has simple implementation with reliable and
robust tracking property in the presence of modeling error and uncertainties [18, 59]. This
kind of observers has no specific demand for the system noise, e.g. Gaussian noise or
zero-mean noise. Compared with the KF-based methods, the sliding mode observer has no

matrix operations and achieves lighter computation.

In [63], the sliding mode observer based on an equivalent control method is proposed and
implemented. This kind of observers has a simple design process and a fast convergence
rate. The state equations (5.8)-(5.11) have the special structure that the sliding mode
observer can be designed directly. Hence, the sliding mode observer with the form in [18]

is designed here. For the system measurement V; in (5.8), the observer is designed as:
\7t = _\id +b 1 +4,sgn(V, _\it) (5.12)

where A, represents the observer gain defined by a positive constant. sgn(.) is the sign

1 e>0
function: sgn(e) =<0 e=0. Then,
-1e<0
& =—(Vy V) +Af, - 4 sgn(e,) (5.13)
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where e, =V, - V..

The convergence proof is described below. Define the Lyapunov candidate function as
V, =0.5¢,>. The time derivative of the Lyapunov candidate is V, = e¢, . Set the observer
gain as a constant in the range A, > max(| Af, |+ |V, —\7d ), then V, < 0. In [66], it is stated

that sliding mode occurs in finite time when system (5.12) is forced to the sliding

manifold. e =0 and €& is considered O thereafter. When the system behaves on the
sliding mode surface, using the equivalent control method and assuming e, =€ =0 [63],
e, is calculated by e, ~[-4 sgn(e )], - Here, Af, is neglected because it is very small
compared with the selected A, . The equivalent control part describes e;’s contribution to

forcing V; to stay along the sliding mode surface.

For the other three states, the sliding mode observers with the same form to (5.12) are
designed as (5.14)-(5.16):

A A

V, =-a,V, +a,V, +b,l +4,sgn(V, -V,) (5.14)
\72 = aSl\it - a32\7d + aas\iz - a34g(ZA) + ﬂssgn(vz _\72) (5-15)
Z= a4l\7t - a42\7d - a43\72 - a44g(2) + ;L4 sgn(Z — 2) (5-16)

where A, ~ 14 are observer gains defined by positive constants. Define the state estimation

errors ey, e, and g as e, =V, -V, , e,=V, -V,, and e, =Z — Z . The error dynamics are

obtained as:
6, = —a,e, +a,(V, -V,) + Af, — 1, sgn(e,) (5.17)
6 = 4,8, — 88, + Aes — 85, (9(2) ~ 9 () AF, — 4, 50n(e,) (5.18)
6, =a,€, —a,e,—a,e,—a,(9(2)-g(2))+Af, - 4,sgn(e,) (5.19)

Define the Lyapunov candidate function for (5.17) as V, = 0.5e,>. The time derivative of

the Lyapunov candidate is V, = e,&, . Determine the observer gain that meets the demand
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A, > max(| Af, | +|a,e, |+]|ae,[). Then, V, =e,&, <0. The sliding mode manifold will
be reached in finite time. e, converges to 0 and €, is considered O thereafter. Using the

equivalent control method and assuming e, =€, =0, the description for e; is obtained by
€ ~[(1/ 8,) 4, sgn(e,)]., -

Define the Lyapunov candidate function V,=05e°> for e;  Define
Ay > max(| Af, |+ | a6, +1a,,(9(Z) - 9(2))]) . Thus, V,=eg, <0. e converges to 0 in
finite time and €, is considered O thereafter. It is assumed that 9(2)-g(2) = ke,. The

inaccuracy caused by this approximation is incorporated into Af,. Using the equivalent

control method, e is described by e, ~[1/ (kia,,) 4, sgn(e,)],, -

Define the Lyapunov candidate function for e, as V,=05e° . Define
A, >max(| (k, / ay,)e, |+|Af, ). Then, V, =¢,€, <0. The sliding mode manifold will be

reached in finite time and e, converges to zero.

In the established Li-ion battery model, all the states are obviously bounded. Thus, e; ~ e4
are bounded and the bounds can also be determined. The sliding mode observer gains can

be determined directly according to the bounds of Af, ~ Af, and e; ~ ea.

5.3.2 Sliding Mode Observer with Adaptive Gain

Although easy to design, the sliding mode observer described in Section 5.3.1 may
encounter the problems of large chattering effect or poor tracking performance with
unsuitably designed gains. Taking (5.12) as an example, the appropriate margin above

max(| Af, |+]e,|) of the determined 4, is not easy to decide. In [67] and [135], a sliding-

mode technique based observer with adaptive gain is proposed. The observer gains are
self-tuned to achieve better performance. The adaptive gain improves the observer’s
robustness and estimation accuracy. In this section, the design for an adaptive sliding
mode observer with the form in [135] is proposed to perform the Li-ion battery SOC
estimation to avoid improper chattering effect and improve estimation performance. The

observer of (5.12) is changed to a new form:
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V.=V, +h| (5.20)

1
le|+o

2ale) if |e|> 26

67].
0, else [67]

where /il(t) ={

In the adaptive sliding mode observer (5.20), the discontinuous function sgn(e,) in (5.12)
is substituted by a continuous function e, /(je,|+ &) to reduce the chattering effect [135,
136]. o is defined a small positive scalar. « determines the adjusting speed of the
adaptive gain 4,. 4,(0) is set a positive constant and it is obvious that A (t) > 4,(0) . Thus,

the dynamics for e, is:

& =—e, +Af, — A (t) (5.21)

le|+o

Define the Lyapunov candidate function [135] as V' =e;* + &, *(0.54, — 4,)?, where 4, is
the constant observer gain designed in (5.12). Differentiate the Lyapunov function,

considering 21 =0 and A, > max(|Af, |+]e, |):

V=266, + (1 20) Ak — (1 @) Ay
~ e ~
=2e (-6, + Af - 4, e |15) + A le|-24 e
1

_2(e,(e, + A1)~ 4 e ) + 220 _| jﬁ'? ~ e (5.22)
=2(e, (e, + Af,) - /11|e|)+2ﬂ1|||| ~Lle]
&
<2 -Ale
ﬂ1|el| j’l| |

Considering the condition |e,(t)|> 25, (5.22) becomes:
2 n
V! <=2 040) (5.23)

In [135], it is interpreted that |e,(t)|>25 cannot be satisfied forever because of V,'’s
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form. The bound |el(t)| <26 will be reached in finite time and then maintained. When the
bound for e, is reached, 11 stops increasing and stays constant. In addition, it is proved in
[135] that |¢,| stays in a range which is a multiple of &. The bound of |¢,| will be very
small if & is set a very small scalar. Hence, |e'1| and Af, are negligible in (5.21) in finite

el
le|+6

time. Then, e, ~—/,

To test the proposed observer’s effect, the observers for the other three states are set the
same as (5.14)-(5.16) in Section 5.3.1. The convergence proof is also the same as stated in
Section 5.3.1.

5.3.3 SOC Estimation Results and Discussion

To verify the proposed observer’s performance, both the sliding mode observer (5.12),
(5.14)-(5.16) with the form in [18] and the adaptive gain sliding mode observer described
in Section 5.3.2 are designed in this section. The estimation results are shown and

compared. The observer parameters are designed as follows: il(O):0.0S, A, =0.05,

A,=0001, 4,=0.03, 4, =0.02, 5=0.000001, & =0.0005.

The battery data from experiments are used to conduct the SOC estimation and
comparison. The actual battery SOC is calculated by the Coulomb counting method using
the current and sampling time recorded by the test system. The actual initial SOC is 1 and
the initial SOC for estimation is set to 0.2, which aims to show the robustness of the

proposed observer.

Firstly, the SOC for the battery experiment described in Section 2.2.3 is estimated by the
two observers. The estimation results are shown in Fig. 5.8 to Fig. 5.11. The comparison
between actual SOC and the estimated SOC from the two observers are shown in Fig. 5.8.
The estimation error comparison clearly verifies that the adaptive observer provides much
better estimation performance. For the sliding mode observer in [18], the estimation
encounters an obvious spine caused by chattering effect and model uncertainties when
battery current changes. For the adaptive observer, the spine is relieved apparently into an

acceptable extent. In the SOC range [0.2, 1], the estimation error after convergence stays
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smaller than 2%. In the small SOC range, although the model has an obvious error that
having been taken as the uncertainty, the estimated SOC error from the adaptive observer
is still kept around 5%, which is much smaller than the sliding mode observer in [18]. Fig.
5.10 describes the convergence time for the adaptive gain sliding mode observer clearly.

The initial SOC error decreases to smaller than 5% after 318 s. The convergence rate will
be faster with a larger designed /ﬁ(O). The estimated terminal voltage from the proposed

observer is nearly the same as the measured voltage in Fig. 5.11. In summary, the adaptive
gain sliding mode observer has good robustness, not only on the initial state, but also on
the model uncertainty. In this way, the equivalent circuit model with uncertainties
described in Section 5.2, which achieves the trade-off between modeling simplification and
accuracy, can be used for SOC estimation by the adaptive sliding mode observer. The SOC
estimation error is kept in suitable range although the model has unavoidable errors in
some SOC regions. Hence, the adaptive gain sliding mode observer brings convenience to

both the modeling and estimation process.

In Figs. 5.12 and 5.13, the SOC estimation results and errors for the current pattern in Fig.
5.6 are depicted. The initial SOC is also set to incorrect values. Fig. 5.13 shows that the
adaptive observer improves the estimation performance obviously. The largest estimation
error after convergence decreases to the range of around 3%. The model error caused by a
large current leads to a large estimation error from the sliding mode observer in [18],
whereas this large error is effectively decreased by the adaptive sliding mode observer. It is
verified that this sliding mode observer with adaptive gain has good performance on SOC

estimation of Li-ion batteries.

The current file of the urban dynamometer driving schedule (UDDS) cycles for EVs is also
tested for SOC estimation by the adaptive observer. The initial SOC is set to 0.1, in order
to test the observer’s robustness. The comparison and estimation results are depicted in

Figs. 5.14 and 5.15. The improvement brought by the proposed observer is obvious.
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5.4 The Adaptive Observer Based on Sliding Mode Scheme for SOC
and SOH Estimation

In this section, Li-ion battery SOH estimation is implemented. In the Li-ion battery’s
equivalent circuit model without the battery aging mechanism functions, SOH can be
reflected and estimated by the circuit resistances. In the equivalent circuit model, the
series resistance’s quantity indicates the battery’s aging level [83]. The increase of Rs
induces the power fade directly, which is an important sign for battery aging. Therefore,

the variation of Rs is estimated and taken to determine SOH in this chapter.

Excluding temperature effect, the R variation to SOC is incorporated in the Ry value here.
The relationship of the estimated Rs versus SOC can be displayed online and SOH is

determined by R; estimation at the same SOC condition.

The Li-ion battery’s SOH is set to 100% at beginning-of-life (BOL) and 0% at end-of-life
(EOL). In [90], the Rs range at a chosen SOC during battery life time is defined by

Reo. = 2Ry, - According to this range, an expression for SOH could be deduced from Rs
by:
soH = 2Reo = Rs 1009 (5.24)

BOL

where Rgoy is identified from a fresh battery. Hence, with the real-time knowledge of Rs,
SOH can be indicated by (5.24).

In the system equations (5.8)-(5.11) and SOC observer equations proposed in Section
5.3.2, R is taken as the model parameter. Compared with SOC and other state variables in
(5.8)-(5.11), Rs is regarded slowly time-varying. Thus, another adaptive observer scheme
for slowly time-varying parameters as the SOH observer is proposed here. At each
sampling step, the SOC observer and SOH observer work concurrently, applying the
priori estimation from each other. Hence, the observers for the battery SOC estimation
and SOH estimation could be executed simultaneously to estimate the battery’s real-time

SOC and SOH. The observer operation schematic is depicted in Fig. 5.16.
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Fig. 5.16. The operation schematic for SOC and SOH estimation.
5.4.1 Adaptive Observer Based on Sliding Mode Scheme

Based on the SOC observer’s form described in previous sections, the SOH observer is
proposed and implemented in this section. Another series of observers of the form (5.20)
are designed. The battery terminal voltage V; is also taken as the measurement. The
dynamics for V; described in (5.3) is changed to:

V.=V, +bl =-a,V, -a.V, +bl=-a.V, +a,9(Z) +(a, —a;)V, +b 1 +a IR, (5.25)

h 1
where ag, = " 8 = o

Assume Z and V, in (5.25) are the estimations from SOC observer and represented by Z
and \72. Here, Z and \/A2 are regarded as known parameters. Considering modeling

approximation, (5.25) is completed to:
vt = a51Vt + a51|Rs + (8.519 (2) + (asz - a51)\72 + bll ) + Afv (5-26)
where Af, represents the voltage uncertainty. The expression a.,g(Z) +(as, —ag )V, + b

in (5.26) can be regarded as system input.

As the variable to be estimated by SOH observer, R is taken as the state variable for
(5.26). All the other battery model parameters are set the same to the identified parameters

in Section 5.2. Then, the adaptive sliding mode observer for (5.26) is designed as:

V= +2,0) a2V, bl +aulR 4,0 evfi 5 (5.27)
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where V' represents the estimation for V, and R. represents the estimation for Rs from the

SOH observer (5.27); e, =V, -V ; &, is a small positive scalar, and

;V(t):{zmm tle|>26,

0, else

where ¢, describes the adaptive gain ;tv ’s adjusting rate. Then,

6, =—age, +Af, _ﬁv(t)m%év+aﬂl (R=R) (5.28)

Define the Lyapunov candidate function as V, =&, +a, *(0.54, —4,)?, where 4, isseta

constant that satisfies A, > max(| Af, | +|a,l (R, —R,)|). Taking the same convergence
proof in (5.22) and (5.23), V, <—§§,ﬁv(0). e, and ¢, are bounded in small range in

finite time. Assume Af, is negligible in (5.26). Thus, when | #0,

Y
o~ t 5.29
e a51|ﬂv()|ev|+&/ (5.29)

where e, =R, —R..

The dynamics of Rs is modeled as: R, =R, +AR,, where AR, describes R variation.

Hence, the dynamics for R is described as:

R, = Af, (5.30)

S

where Af, represents Ry’s variation caused by SOC and model uncertainty during the

estimation process. It should be mentioned that (5.30) could be added a positive constant
describing Rs’s increasing rate in long run [90, 91]. In practice, the battery aging effect
changes Rs by a very slow rate. Ry gets several percentage’s increase after hundreds of
cycles [83]. Hence, the increasing rate is very small. In this section, only the proposed
adaptive observer’s performance is tested. Hence, the increasing rate of Ry is not

incorporated in (5.30).
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As R stays in a small range and varies slowly, it is sensitive to the observer gain. Thus,
the adaptive sliding mode observer is also applied to achieve suitable gain. The observer
for Rs is designed as:
R, = A (t) — 2 (5.31)
lex|+ S5

20, |eg |, if [ex| > 255

where ﬂ:R (1) ={ 0. el

0, and a, are designed manually. Then, the error dynamics is:

€r

5.32
]+, (632)

€z = Afq _AA’R(t)

Based on conclusions of (5.23), e, reaches the bound |e; [< 25, in finite time.

When the current is zero, e, in (5.29) is set to zero and the observer (5.31) is temporarily
suspended. The R estimation maintains constant until non-zero current applies.

5.4.2 Estimation Results and Discussion

To verify the proposed observer scheme’s performance, the estimation for SOC and R; are
implemented in one test. All the SOC observer parameters are set the same to Section

5.3.3. The parameters in the SOH observer (5.27) and (5.31) are set as: 22,(0):0.001,

a, =0.0000001, &, =0.000001, A, (0) =0.0000005, ¢, =0.0000001, &, =0.000001.

First, the current pattern in Fig. 2.6 is tested. The R value calculated at every 0.1 SOC in
Fig. 4.1 a) is taken as the actual Rs. The initial R is set to 0.08 Q, the actual initial Rs. The
Rs estimation is depicted in Fig. 5.17. It is obvious that Rs stays constant when the SOH

observer is suspended with zero current. The estimation results for Rs versus SOC
compared with the actual R at every 0.1 SOC are shown in Fig. 5.18. It is verified that F§$
tracks Rs with good performance. Meanwhile, the SOC estimation results and the
estimated battery voltage V, from the SOC observer are shown in Figs. 5.19 and 20. They

also show good estimation performance. Then, an incorrect initial Rs is set to 0.07 Q. The
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estimation results are described in Fig. 5.21. The estimated Rs converges to the real Rs and

then tracks Rs in good accuracy. It verifies that the proposed observer has robustness on

the initial Rs value. The series resistance Rs is accurately estimated by the SOH observer
and SOH can be simply determined by (5.24) using Rgo. from a fresh battery.
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Fig. 5.18. Estimated R; versus SOC.
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Fig. 5.19. Estimated SOC from the SOC observer compared with actual SOC.

The UDDS cycles for EVs are also tested on the Li-ion

battery for SOC and SOH

estimation by the proposed observer scheme. The initial observer gain is changed as

21(0) :O.l,ﬁV(O) =0.000001. The SOC and SOH estimation results are shown in Figs.

5.22 and 5.23. They also show good estimation performance for both the SOC and SOH
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observers.

Fig. 5.20. Estim

Voltage (VO
w
(2]

T
estimated wltage
real voltage

: N\ A |
AN A Sy
\{ ‘

0 5000 10000 15000 20000 25000
Time (s)

ated voltage from the SOC observer compared with measured voltage.
0.18
O reaRs
0.16 '\ estimated Rs
,é\ 0.14 \
C 0.12
g .\
' \
0.08 N R o o o0 0o
"\'_.q.__v
0.06 0.2 0.4 0.6 0.8 1

SoC

Fig. 5.21. Estimated R versus SOC (incorrect initial Rs).

0.18
O reaRs

0.16 estimated Rs
0.14
0.12 o
0.1 \”\a—_
0.08 } -© ) 0 L} © ©

|
0.06 L

0.2 0.4 0.6 0.8 1

SoC

Fig. 5.22. Estimated R; versus SOC (UDDS cycles).

s estimated SOC
1
0.8 WW T e see
‘ ™
o 0.6 N
8 o A I
4l
o VI Y
o ! i
0.2 L
; w
o 1% 5500 o 1200
0 5000 10000 15000
Time (s)

Fig. 5.23. SOC estimation (UDDS cycles).

105



5.5 Summary

In this chapter, the SOC and SOH of Li-ion batteries are estimated simultaneously by an
adaptive observer scheme. Firstly, the equivalent circuit model with uncertainties is
established. All the approximation steps in battery modeling process and inevitable model
errors are described as system uncertainties. Then, the sliding mode observer in [18] is
designed to estimate SOC for the model. An adaptive gain observer based on the sliding
mode technique is also applied to improve the estimation performance. Compared with
the conventional sliding mode observer, the adaptive sliding mode observer effectively
improves SOC accuracy. Then, an adaptive observer based on the sliding mode scheme to
estimate SOC and SOH simultaneously is proposed. The estimation results show that the

estimation performances for Li-ion battery SOC and SOH are both accurate and robust.

Compared with the SOC estimation methods proposed in Chapter 3 and Chapter 4, the
combination of equivalent circuit model with uncertainties and the adaptive sliding mode
observer presented in this chapter is more suitable for EV applications. With more
convenient modeling process and the estimation algorithm with high accuracy, no demand
for system noise and light computation load, the proposed SOC estimation method in this

chapter is applicable in practice.

Based on the improved results of the Li-ion battery SOC and SOH estimation by the
proposed observer in this chapter, the topics relevant to the Li-ion battery pack’s

operation in EVs will be discussed in the next two chapters.
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Chapter 6 Cell Equalization System For Series Connected Li-

ion Batteries

In the previous chapters, research on a single Li-ion battery was discussed. From this
chapter, Li-ion battery pack operation status in electric vehicles (EVs) will be emphasized.
In this chapter, the methods of cell equalization in a Li-ion battery pack are studied and
improved. Section 6.1 gives an introduction to the functions and significances of cell
equalization. In Section 6.2, the equalization method using switched capacitors is
established and improved to form a chain structure. Then, the cell equalization topology
by modules with chain switched capacitors is proposed and tested. In Section 6.3, the cell
equalization topology by modules with double switched capacitors is proposed based on
the single switched capacitor method. State of charge (SOC) and state of health (SOH) of
Li-ion batteries are used to determine the cell charge transfer paths. Section 6.4

summarizes this chapter.
6.1 Introduction

On the basis of battery SOC and SOH estimation, to implement Li-ion battery voltage
equalization in one string is another important topic. To provide high voltage and power,
Li-ion batteries in EVs are connected in series and parallel to constitute battery packs. In
one series-connected battery string, the charging and discharging currents are the same for
the cells without any equalization methods. However, an individual cell may have certain
differences in parameters when it is manufactured. In this way, it is possible that the
battery cells in the same string get different voltages and SOC during EV driving. If the
difference grows bigger, irretrievable damage such as over-charging and over-discharging
will be caused by cell imbalance. Therefore, the cell imbalance phenomenon must be

avoided. Implemented cell equalization methods are essential in battery packs.

In EV applications, the cell equalization circuit also tries to obtain maximum usable
capacity from battery pack [94]. An out-of-balancing cell may approach the preset cut-off
voltage prematurely during charging or discharging, but cell equalization measures can
control the higher or lower voltage cells until the rest of cells can catch up [94]. In this
chapter, the equalization method using switched capacitors for its simple implementation
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and direct control method is studied and some improved topologies based on the

conventional switched capacitor method are proposed.
6.2 Cell Equalization Method Using Switched Capacitors

The equalization circuit using switched capacitors performs very simple topology and
control mode. The capacitors are taken as energy transfer and storage devices. It is
verified in [103] that the equalization results are independent on the equalization capacitor

capacity, switching frequency and battery characteristics.
6.2.1 Cell Equalization with Switched Capacitors

An elementary circuit schematic for cell equalization method with switched capacitors,
named adjacent switched capacitors, is depicted in Fig. 6.1, where the series-connected
cells are represented by Cell;~Cell, and the equalization capacitors are represented by

C,~Cs. The single-pole, double-throw switch (SPDT) is used in the equalization circuit.

Control Signal

11— =
1 .
Cell,—— -
— C,
Celly——
== G,
Celli——

Fig. 6.1. Cell equalization using adjacent switched capacitors.
All the switches are under the same control signal. A pulse signal as shown in Fig. 6.2 is
used to make the switches operate up and down. The switching frequency is fixed as 1/T,.

The switch up and down states last for the same time interval, i.e.,
D, =D, (6.1)

where D; and D, represent the duty cycle. A very short time interval d, defined by dead

time, is set in the switching function to avoid the possibility of shoot through failure
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during the equalization process [103].

D;Ts .d D,T d

Switching up |giate
0f up _
State
Switching down down

0.5Ts Ts 1.5T; 2T,

Fig. 6.2. Switching function.

When the switches are controlled at up state, the capacitors of C;~C3 are connected to
Cell;~ Cells in parallel through the switches. When the switches are controlled at down
state, the capacitors are connected to Cell,~ Cell, in parallel. The circuit diagrams for up
state and down state are depicted in Fig. 6.3. Thus, each capacitor is connected
alternatively to adjacent cells. The voltages across the equalization capacitors are the same

as the average voltage for the two adjacent cells connecting with them. Then,

1 1 1
Ver = E(VCeIIl +Veaiz) s Ve, = E(VCeIIZ +Veena) s Ves = E(VCeII?, +Veans) - (6.2)

Adjacent batteries are equalized through the capacitors by transferring charge from
higher-voltage cell to lower-voltage cell. The average currents transferring charging

between cells and capacitors are represented by (6.3) (assuming Veenz > Veenrz) [104]:

le, =D .VCelll _Vc1 , ey, =D ,Vc1 _VCeIIZ ’ (6.3)

R R

€q €q

where Req represents the sum of the resistances of the battery, switched capacitor and

switch.

For equalization circuit with adjacent switched capacitors, no sensing circuit or closed-
loop control is needed [105]. The switches operate repeatedly as long as there is
imbalance between cells. The equalization process stops automatically when the
imbalance disappears. The equalization circuit structure can also be extended easily. If the
series string is extended to N cells, N-1 capacitors will be needed and the circuit structure

will be very similar to Fig. 6.1.
109



L

ICelll

Ce||1f% Ce“D < lcenz
— —
¢ I 1 C

Cell—— Cell,—

= C; - G
Cell3trT _— Cell;——

=+ GC; 7C: Cs
Cell, —— —

Cell, — ]
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Fig. 6.3. Equalization circuit schematics for adjacent switched capacitors.

However, the equalization speed for the above circuit may be slow in some conditions.
For example, in a long string with imbalance occurring between the first cell and the last
cell, the charge will be transferred through all the cells and capacitors in the string during
equalization. The equalization time will be long. To solve such problems and increase the
cell equalization speed, some new circuit schematics using switched capacitors are studied

and proposed in the next sections.
6.2.2 Cell Equalization with Chain Structure Switched Capacitors

In [104] and [105], new topologies using equalization capacitors are proposed and tested.
Compared with the double-tiered structure in [105], the chain structure proposed in [104]
increases the equalization speed between the two cells in both string edges more
effectively. In this section, the chain structure of switched capacitors for cell equalization

is analyzed and established.

Based on the existing equalization circuit in Fig. 6.1, one capacitor and four switches are
added to form a chain structure as shown in Fig. 6.4. The added switches are also
controlled by the same switching function depicted in Fig. 6.2. When C,;~Cj are in the up
state, C4 is connected with Cell, with corresponding switches turned on. When C;~C3 are
in the down state, C,4 is connected with Cell;. The circuit diagrams in two states are shown
in Fig. 6.5. Battery charge can be transferred between the first cell and the last cell
through C4 with no need to go through other cells or capacitors. Thus, the added
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equalization capacitor establishes the connection between Cell; and Cell, and the

imbalance between the two cells is alleviated directly. A detailed analyze is given in [104].

When using the chain structure switched capacitor for cell equalization, the equalization
topology can also be extended with increased battery string scale. N capacitors are needed
for N series-connected cells.

To test the improvement of the equalization schematic with chain structure switched
capacitors compared with adjacent switched capacitors, some simulations are done in

Matlab/Simulink. A string of four cells are taken to test the equalization methods.

el
Cell;——

Cell;—— 7;: §

}em* | 1"

Fig. 6.4. Cell equalization using switched capacitors with chain structure.
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— Cz - CZ
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_T® 1o
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| (
a) State up. b) State down.

Fig. 6.5. Equalization circuit schematics for switched capacitors with chain structure.
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In most existing literatures about cell equalization systems, the Li-ion battery is modeled
by a capacitor with a resistor, which is simple but the battery dynamic characteristics is
not described accurately. In this section, the equivalent circuit model with two RC
networks implemented in Chapter 4 for Li-ion batteries is applied to simulate the battery
behavior, which is closer to practical applications. The initial SOC of the four cells are set
as 0.5, 0.3, 0.2, and 0.1, which is with obvious imbalance phenomenon. To show the
equalization effect more efficiently in simulation, the battery’s capacity is reduced to one
thousandth of the nominal capacity at 9.36 coulomb. The cells’ SOC can be obtained by
the methods introduced in the previous chapters, which is not described in this chapter.
The switched capacitors are set at 0.01 F with the switching frequency of 10 Hz
considering the simulation speed. The duty ratio is set to 49%. The switched capacitor
method can achieve battery equalization regardless the battery’s operation status. The
battery string is tested under charging, discharging and resting operations. All the
equalization results including SOC and voltages of the cells for the two switched capacitor

structures are shown in Fig. 6.6 to Fig. 6.11.

The results indicate that cell equalization is achieved by adding equalization capacitors.
Both SOC and voltages of the cells tend to be the same during operation. The equalization
results also show obvious improvement brought by the chain structure switched capacitors.
The equalization time is decreased for the chain structure switched capacitor topology.
When the battery string is charged, the equalization time in Fig. 6.6 is nearly one third of

the time in Fig. 6.9. Similar results are obtained for battery operations of resting and

discharging.
0.6 3.85
0.5 —
— —
// j/
0.4 — S35
(6] — g
3 g
03 S 37
/ Call Cell 1
! 1 s
cola cell4
01 500 1000 1500 2000 3'60 500 1000 1500 2000
Time (s) Time (s)
a) SOC for cells. b) Voltages for cells.

Fig. 6.6. Equalization results for chain switched capacitor circuit (charging).
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Fig. 6.8. Equalization results for chain switched capacitor circuit (discharging).
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Fig. 6.9. Equalization results for adjacent switched capacitor circuit (charging).
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Fig. 6.10. Equalization results for adjacent switched capacitor circuit (resting).
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Fig. 6.11. Equalization results for adjacent switched capacitor circuit (discharging).
6.2.3 Cell Equalization by Modules with Chain Structure Switched Capacitors

In the EV’s battery pack, the battery string must be long to supply enough voltage. In a
long string, all the series-connected batteries can be grouped by several modules. The
battery string made up by modules is shown in Fig. 6.12. With the modularization concept,
it is convenient to design the equalization topology. Inside one module, there are much
fewer cells to consider than the whole string, bringing easy designing procedure and
flexibility. Furthermore, each module can be taken as one cell with larger capacity and the
equalization methods for cells can be applied to modules similarly. The possible problems
caused by long string, including complex equalization circuit topology, difficult
implementation, low equalization efficiency and speed [108], could be mitigated and even
solved by designing cell equalization topology by modules. The voltage stress on the
equalization components including capacitors and switches will be lower inside each
module [108].
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Fig. 6.12. A battery string made up by modules.

Although the equalization method using chain structure switched capacitors performs
faster, the voltages on the switches for the chain capacitor are larger than one cell voltage.
With N cells in the string, the voltages across the chain structure switches equal to the
voltage sum of the other N-1 cells. If the cell number N is large, the voltages across the
chain structure switches will also be large. The modularization concept can solve this
problem. Whether N is large or not, the switches for the chain structure only need to
endure the voltage of a single module.

In this section, the equalization schematic of chain structure switched capacitors
combined with module concept is proposed. In each module there exist four cells with
chain structure switched capacitors. Thus, the voltages on the equalization capacitors and
switches will not be larger than 17 V. The equalization speed is fast inside one module
and between modules because fewer steps are taken to equalize all the cells. The proposed
circuit topology is shown in Fig. 6. 13. A string of eight cells grouped in two modules are
tested in simulation. An equalization capacitor for adjacent modules is designed in the
equalization system with the same capacity and switching frequency to other equalization

capacitors.

To analyze the equalization circuit in the battery string, Cell; in Fig. 6.13 is taken as an
example. Obviously, Cell; is adjacent to Cell, and Cell,. Only through one equalization
step the imbalance between Cell; and Cell,, Cell; and Cell, could be alleviated. Inside
Module 1, only Cell; is not adjacent to Cell;. The charge transferred between Cell; and

Cells will be realized in the second step. Moreover, the two modules are equalized by the
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equalization capacitor Cg for modules. The imbalance between Cell; and the cells in the
Module 2 will be mitigated from the first equalization step by the switched capacitor for
adjacent modules. All the switches are controlled by fixed switching functions and the
control signals are simple. Equalization will be achieved between cells inside one module
and between modules simultaneously for the proposed topology. Thus, the equalization

speed for the whole string will be increased by modularization.
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Fig. 6.13. Equalization topology by modules with chain structure switched capacitors.

The proposed equalization schematic is tested in Matlab/Simulink. Besides, the same
battery string of eight cells using the chain structure capacitor equalization circuit without
grouped modules is also tested as a comparison. All the circuit parameters including the
Li-ion battery model and equalization components are set the same as in Section 6.2.2.
The cells are set with different initial SOC as in Table 6.1:
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Table 6.1. Initial SOC for the cells in the string.

Cell No. 1 2 3 4 5 6 7 8

SOC 0.8 0.7 0.5 0.3 0.5 0.3 0.2 0.1

The battery operations of charging, resting and discharging are tested separately. The
results are shown in Figs. 6.14-6.19. The equalization effect is obvious for the proposed
topology. For the three operation conditions, all the eight cells are equalized in around
500 s. Both SOC and voltages of the cells become nearly the same after 500 s. It also
indicates that the equalization effect on cells in one module and between modules occurs
simultaneously. Comparing the results from the two equalization methods, the

equalization circuit by modules significantly increases the equalization speed.

Then, the initial SOC are set similar for the cells inside one module, but with larger
difference between the two modules. The initial SOC are shown in Table 6.2. EV’s UDDS
cycle with varying current is applied in the test. The equalization results are shown in Fig.
6.20. It is obvious that the cells inside one module are equalized. Meanwhile, the two

modules are also equalized.

Table 6.2. Initial SOC for the cells in the string (UDDS cycle).

Cell No. 1 2 3 4 5 6 7 8

SOC 0.82 0.87 0.89 0.8 0.98 0.96 0.95 0.99

Although the new proposed topology needs more equalization components, resulting in
larger circuit size and higher cost, the equalization speed improvement is obvious and this
advantage outweighs the drawback. The control mode is not more complex for the
proposed topology and the performance improvement is significant compared to the

method without modularization.
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Fig. 6.14. Equalization results for chain switched capacitor circuit in modules (charging).
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Fig. 6.15. Equalization results for chain switched capacitor circuit in modules (resting).
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Fig. 6.16. Equalization results for chain switched capacitor circuit in modules (discharging).
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Fig. 6.18. Equalization results for chain switched capacitor circuit without modules (resting).
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Fig. 6.19. Equalization results for chain switched capacitor circuit without modules (discharging).
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Fig. 6.20. Equalization results for chain switched capacitor circuit in modules (UDDS cycle).
6.3 Cell Equalization Combining Battery SOC and SOH Estimation

In [94, 107, 137], the equalization structure with single switched capacitor is proposed
and tested. Different from the equalization circuits with multiple switched capacitors in
Sections 6.2.1 and 6.2.2, only one equalization capacitor is needed for one string of N
cells. This single switched circuit topology is simpler with higher efficiency and lower
energy lost. It is a cell-to-cell method with more direct equalization effect. The charge is
removed from the highest-energy cell and delivered to the lowest-energy cell at each
equalization step. Li-ion battery SOC estimation indicating battery energy is often taken
as the reference for selecting the equalizing cells. Since SOC and SOH both have effect
on the Li-ion battery’s behaviors, SOC and SOH estimation results are taken as the

control signals for cell equalization in this section.
6.3.1 Cell Equalization with Single Switched Capacitor Combining SOC Estimation

The cell equalization schematic with a single switched capacitor topology is shown in Fig.
6.21. To determine the charge transfer path, particular control strategies identifying the
cells with the highest and lowest energy and controlling switches on and off are needed.
In the previous sections of this chapter, only cell voltages are concerned, whereas it has
been known that Li-ion battery voltage may not reflect the real condition of cell energy.
For Li-ion batteries, the voltage difference is very small when SOC is in medium range.
Besides, considering the possible noise from the voltage sensor in circuit, it is not suitable
to select the equalizing cells by referring to cell voltages.
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Fig. 6.21. Equalization topology for single switched capacitor.

To improve the equalization efficiency, SOC is taken as the reference. The SOC
estimation can be provided by the algorithm described in previous chapters, which will
not be focused in this chapter. The single switched capacitor topology is tested in
simulation. All the circuit parameters are set the same as in Section 6.2.2. The initial SOC
of the cells are set as 0.8, 0.7, 0.5, and 0.3, respectively. The operation conditions of
resting, charging and discharging are tested for this topology. The equalization results

including SOC and voltages of the cells are depicted in Figs. 6.22-6.24.

The results reveal that the single switched capacitor achieves equalization effect
efficiently for different battery operations. At first, the cell with the highest SOC, Cell;
transfers its charge to the cell with the lowest SOC, Cell,, whereas Cell, and Cell; are not
in the equalization process. In other words, only one pair of cells is being equalized at one
equalization step. Some improvement will be proposed in the next section to achieve

multiple efficient charge transfer paths within the same equalization step.
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Fig. 6.22. Equalization results for single switched capacitor circuit (charging).
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Fig. 6.23. Equalization results for single switched capacitor circuit (resting).
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Fig. 6.24. Equalization results for single switched capacitor circuit (discharging).
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6.3.2 Cell Equalization by Modules with Double Switched Capacitors Combining
SOC and SOH Estimation

To improve the equalization speed, multiple cell-to-cell paths are established by adding
another equalization capacitor to the circuit described in Fig. 6.21. A proposed double
switched capacitor equalization schematic is shown in Fig. 6.25. The two cells with higher
SOC are equalized with the two cells with lower SOC at the same step. Therefore, the

equalization speed will be improved. The SOC of the cells are also taken as the reference
for switch control.

SOC1,2,3,4

Estimation Control Signal

algorithm | SOH1234
Celllji
Ce“zi;
C, J‘ L C,
. ]

:ellgt;

; —

Cell ==

Fig. 6.25. Equalization circuit for double switched capacitor.

The proposed double switched capacitor topology is tested via simulation. All the circuit
parameters are set the same as in Section 6.2.2. The initial SOC of the four cells are also
set as 0.8, 0.7, 0.5, and 0.3, respectively. The equalization results including the cell SOC

and voltages for different battery operations are shown in Figs. 6.26-6.28.
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Fig. 6.26. Equalization results for double switched capacitor circuit (charging).
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Fig. 6.27. Equalization results for double switched capacitor circuit (resting).
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Fig. 6.28. Equalization results for double switched capacitor circuit (discharging).
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Comparing the equalization results from a single switched capacitor and double switched
capacitors proposed in this section, it is shown that the equalization speed is faster for the
proposed method. Both SOC and voltage differences between the higher-SOC cells and
lower-SOC cells are smaller for the double switched capacitors than a single capacitor
after the same equalization time. In addition, it is obvious that all the four cells’ imbalance
is alleviated at the same equalization step for the proposed method. Three cells achieve
equalization in about 200 s, which indicates that the proposed topology alleviates cells
imbalance with a better efficiency. To summarize, the proposed equalization method
using double switched capacitors has a faster speed and better equalization effect than

single switched capacitor topology.

Based on the proposed equalization structure, the module concept is also considered.
Taking four cells as one module, the equalization capacitor for adjacent modules is also
applied. The UDDS cycle is used to test the modularized equalization schematic using
double switched capacitors. The initial SOC for the cells are given in Table 6.3. The
equalization results from simulation are shown in Fig. 6.29. All the cells’ voltages and

SOC settle to the same value quickly using the proposed equalization method.

Table 6.3. Initial cell SOC in the proposed topology.

Cell No. 1 2 3 4 5 6 7 8
SOC 0.8 0.3 0.7 0.5 1 0.5 0.9 0.7
1 43 :
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Fig. 6.29. Equalization results for double switched capacitor circuit in modules (UDDS cycle).
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The equalization schemes studied in this section rely on the estimated battery SOC,
whereas errors may occur from the estimation results. The double switched capacitors
method can reduce the inaccurate SOC estimation’s effect to some extent. In Chapter 5, it
has been verified that the SOC error provided by the estimation algorithms is smaller than
2%~3% in most cases. Hence, when the actual SOC difference among cells is larger than
5%, the SOC estimation error may not affect the equalization results. When the actual
SOC difference is smaller, the equalization process does not stop, even the selection of
cell pairs is not the most suitable. The charge is still transferred through pairs of cells in
the string. The only defect is that the cell-to-cell equalization efficiency is decreased by
the inaccurate SOC estimation. If the real SOC difference is small and the estimated SOC
has large errors, the equalization speed will be similar to the conventional adjacent
switched capacitor circuit. However, for this case with light cell imbalance phenomenon,
a low equalization speed is not so effective because light imbalance leads to light damage

to battery string.

Sometimes, the voltage of higher SOC cell may be lower than that of the lower SOC cell
caused by battery aging or manufacture process. As instructed in Chapter 5, the battery
internal resistance increases with battery aging. A larger resistance results in larger
charging or discharging voltage that affects the cell terminal voltage. The phenomenon of
the battery with a large resistance getting a lower voltage but with a larger SOC is
possible. To prevent the possibility of charge transferred from a lower SOC cell to a
higher SOC cell through the equalization capacitors, the equalization circuit will be
suspended if such condition is tested. If a SOC difference larger than 5% occurs with
sensed higher terminal voltage for lower SOC cell, the corresponding path’s switches will
be off and no equalization process is taken. Here, cell voltage measurements are also
considered. Hence, the phenomenon of SOC cell charging higher SOC cell will be
avoided. The battery inner resistance is estimated as an indication for SOH in Chapter 5.
Thus, cell SOH estimation is taken as an auxiliary reference to determine the suspension
steps during the equalization process. SOH will also be a compensation for inaccurate
measured voltage. When SOC difference is larger than 5% and the larger SOC cell also
achieves larger SOH, the equalization process is also suspended. If the estimated SOH is
larger than some preset value, the corresponding cell will be excluded in the equalization
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process to avoid transferring charge to other cells. Thus, the proposed strategy is
intelligent with a simple structure and a direct control method. SOC and SOH estimation

is combined to improve the reliability of the equalization process.

More capacitors and switches are needed in the equalization circuit for double switched
capacitors compared with a single capacitor. The cost and equalization speed need a trade-
off when implementing the circuit. Comparing with the methods in Section 6.2, less
capacitors and switches are needed for single or double capacitor methods, but the battery
estimation results are needed as the reference.

6.4 Summary

In this chapter, cell equalization using a switched capacitor schematic with the simple
topology and control method is studied and improved. A chain structure capacitor circuit
using module concept equalization topology is proposed. Simulation results perform at a
fast equalization speed. Then, a modularized double switched capacitor equalization
method based on the single switched capacitor method is proposed. This method takes
SOC and SOH of Li-ion batteries as control signals. With the proposed topology, the
equalization speed is fast and the battery energy condition is considered, improving the

system efficiency and reliability.

After solving the cell imbalance problem inside Li-ion battery pack, the batteries in the
EV will be taken as a whole energy source. In the next chapter, the Li-ion battery pack’s
operation and power contribution will be determined and supervised by a proposed power

management strategy. This topic will be relevant to EV’s performance directly.
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Chapter 7 Fuzzy Logic Power Management Strategy for EVs
Considering Li-ion Battery Aging

In this chapter, Li-ion battery pack in electric vehicles (EVs) will be taken as a whole to
design the power management strategy in energy management system (EMS). Besides,
the device of ultracapacitor is also considered. The organization of Chapter 7 is described
as follows. Section 7.1 states the significance of combining ultracapacitors with Li-ion
batteries as EV power sources and the objectives for designing a power management
strategy in EMS. The schematic for power management strategy is also given. In Section
7.2, the required power in EVs is modeled. Section 7.3 gives the model of the
ultracapacitor and compensates the aging effect to the Li-ion battery model. The
parameters for the Li-ion battery pack and ultracapacitor pack are also introduced in this
section. In Section 7.4, a power management strategy considering Li-ion battery aging
level based on fuzzy control is designed. The fuzzy logic controllers’ structure,
membership functions and fuzzy rules are designed according to different EV driving
actions. In Section 7.5, the power management results are presented to verify the
performance of the designed strategy and the discussion on these results is given. Section

7.6 concludes this chapter.
7.1 Introduction

In EVs, the battery pack composed of Li-ion batteries supplies energy for the whole
system. Except the Li-ion battery pack, some other sources, such as fuel cells and
ultracapacitors [112, 113, 138], can be added as the energy supply sources. In the EV’s
energy system, the function of energy management is specified in the power management
strategy design for all the sources in EVs. The power management strategy determines the
contributed power for each source and supervises the power source’s operation status.
With a well-designed control strategy, EV’s required power for specific driving actions
will be supplied and each power source will operate at its optimal operation point

simultaneously.

In this thesis, the schematic for the power management strategy in EMS is designed in Fig.
7.1. Two power sources including Li-ion battery packs and ultracapacitors are used as the
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system power sources. As the major power source in EVs, the Li-ion battery pack has
high energy density that meets the EV’s need. In EVs, it is usual for the power source to
provide large, abrupt power with great fluctuation when the EV is starting or accelerating.
However, Li-ion batteries should avoid fast peak current and current variation in high
frequency. Li-ion batteries encounter lifetime reduction or even permanent damage when
large current or current with drastic fluctuation applies. To avoid accelerated degradation
or damage to the battery pack, the power source composed of ultracapacitors is considered

in the EV’s energy system.

Ultracapacitors have been commonly-used in EVs for their high power density and fast
dynamic response [113]. Ultracapacitors do not have memory effect and perform much
longer lifetime. Compared with batteries, ultracapacitors endure much more charging and
discharging cycles and tolerate much harsher current, including large current and current
with great fluctuation in high frequency. In batteries, the energy conversion from
chemical to electrical energy is realized in a slow electrochemical process [112].
Ultracapacitors have much faster dynamics than batteries and improve the time response
of the energy system significantly. Thus, ultracapacitors can provide timely large power
when a load increase happens suddenly. On the other hand, the power sources in EVs
should be able to absorb the regenerative power. The charging current of Li-ion batteries
has low limited range. This feature will bring strict limitation for the energy system’s
energy harvest function when the EV is decelerating or braking, reducing the energy
efficiency of EVs. Ultracapacitors with much higher enduring current can absorb large
charging current when regenerative braking happens, improving the energy efficiency.
With ultracapacitors as the power source in EVs, the energy system will be able to expand
the battery pack’s lifetime by reducing the battery’s current fluctuation as well as charging
and discharging cycles during operation. The system will also achieve regenerative energy
store and utilization through the ultracapacitor by designing corresponding power

management strategy.
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Fig. 7.1. The schematic for power management strategy in EMS.

In Fig. 7.1, the supplied power of Li-ion battery pack is P; and the power of
ultracapacitors is P,. The EV drive system consumes the power of P3;. A bi-directional

multi-input DC/DC converter can be used in EVs to control the power flow in the energy

system.
7.2 EV Power Requirement Modeling

Considering the major factors affecting EV’s driving conditions, including road condition,
aerodynamic drag, hill climbing and acceleration [139], the vehicle dynamic model is

given as [140]:
F = sign(v) &,mg cos @ +0.5pAC,v> +mgsin & +m 3—\; (7.1)
where

F — total tractive force;

sign(v) &, mg cos & — rolling resistance force;
0.5pAC,v>— aerodynamic drag force;

mg sin @ — hill climbing force;

m z—v — acceleration force.

All the symbols in (7.1) and their values taken in this chapter are shown in Table 7.1. All

the values are provided by the software of Advisor. The hill climbing angle € is assumed
to be 0. The driving velocity v of the vehicle is obtained from the EV’s driving conditions.

Thus, the EV’s required power for a particular driving cycle can be computed using (7.1).
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The EV’s driving cycle is an established model as a stochastic process predicting the

distribution of future power demands using a discrete-time Markov chain [141, 142]. It is

a speed-time sequence representing specific driving behaviors including cruise,

acceleration and deceleration [143]. In this chapter, the urban dynamometer driving

schedule (UDDS) cycle is applied to test the designed power management strategy. Thus,

the UDDS cycle data is used to compute the EV’s required power during driving. The

speed file for the UDDS cycle is also extracted from Advisor as Fig. 7.2 shows.

Table 7.1. The parameters for EV dynamic model.

m (Vehicle mass) 1000 kg
A (Frontal surface) 1m?
p (Air density) 1.2 kg/m®
Cq (Drag coefficient) 0.4
4., (Rolling coefficient) 0.015
g (Gravity acceleration) 9.81 m/s*

v (km/h)
o
o

200 400 600 800
Time (s)

1000

I
1200 1400

Fig. 7.2. EV speed-time data for the UDDS cycle.

Then, the EV required power is computed by multiplying the tractive force and the

vehicle speed:

P,=F-v
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The required power during the UDDS cycle is shown in Fig. 7.3. The positive power

represents the EV consumed power. The negative power represents the regeneration mode.

The maximum consumed power is P, =36.45kW and the maximum regenerative

3m

power is P.

3min

=11.09kW . The average required power during the whole cycle is

P

3avg

=5.064 kW .
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Fig. 7.3. EV required power for the UDDS cycle.
7.3 Models of Power Sources

Before designing the power management strategy, the models for the two power sources
are presented in this section. Both models are represented by the equivalent circuit

describing the characteristics.
7.3.1 Model of Ultracapacitors

The equivalent circuit model for ultracapacitors is shown in Fig. 7.4. It is a simple circuit
composed of a large capacity capacitor C with a series-connected resistor R. V, represents
the voltage across the capacitor. V. represents the terminal voltage. i is the discharging
current. An ultracapacitor has smaller internal resistance than the Li-ion battery. Unlike
the Li-ion battery’s nonlinear voltage response to current, an ultracapacitor has

approximately linear charging and discharging characteristics.
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O

Fig. 7.4. Equivalent circuit model for ultracapacitors [112].

The equation describing the ultracapacitor’s terminal voltage based on the equivalent

circuit model is derived as:
V.=V, - 2 [Nt —i-R 73
o=V, -2, ide-i- (7:3)

Similar to the battery, an ultracapacitor also takes SOC as the indication of remaining
charge. Its SOC is defined as the ratio between the remaining charge Qremain and the fully

charge Q:

SOC = Qremain (7.4)

full
Then, (7.4) is transformed with R eliminated as [114]:

Vc _Vmin (75)
Vfull -V,

SOC =

min

where Vyy is the ultracapacitor voltage with full charge and Vi, is the voltage with the

preset deepest discharge. In most conditions, Vi, is set in a limited range. Vmin is defined
as %Vfu” here. Thus, the ultracapacitor state of charge (SOC) can be obtained from (7.5)

with its terminal voltage.

To provide enough power during EV operation, individual ultracapacitors are also

connected in series and parallel to make up a pack.
7.3.2 Li-ion Battery Model Considering Battery Aging

In most studies on power management strategy, the simple Li-ion battery circuit model

composed of a series-connected bulk capacitor and an inner resistance is used in the
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system to simulate the battery pack. It has been stated in Chapter 2 that the simple model
could not describe the battery behavior accurately, especially in the EV’s drastic working
conditions. In this chapter, the established battery equivalent circuit model with two RC
networks is applied. To protect the battery pack by avoiding over-charging and over-
discharging in the EV’s working environment, Li-ion battery SOC is restricted in the
range [0.2, 0.9], whereas in practice this range may be restricted in [0.3, 0.9]. Thus, the
battery model in Chapter 5 with constant circuit parameters is reasonable to be used here

for its simplicity and accuracy in the range of SOC <[0.2,1].

An important objective to design the power management strategy in EMS is to protect Li-
ion battery pack and extend its life. Then, the mechanism of the Li-ion battery aging must
be modeled here to design and test the proposed strategy. The battery pack in EVs works
in long term with hundreds of cycles. Li-ion battery degradation phenomenon including
capacity fade and delivering power reduction occurs during cyclic operation [74]. To
compensate the lack of battery aging data from experimental test, the battery aging level is
evaluated and modeled using the method proposed in [75-78] based on the concept of Ah-
throughput. Hence, Li-ion battery aging is also modeled and added to the equivalent

circuit model.

The concept of Ah-throughput is first introduced in [144]. It is defined as the accumulated
current amount during cycling that describes the battery degradation level [69]. It is
defined that the battery has a constant total Ah-throughput magnitude for various
operation conditions. In [75], the total Ah-throughput A is computed by a nominal
discharging cycle with 1C current to the deepest discharge grade under room temperature

until end-of-life (EOL) is reached. It is computed as:

t(EOL)
A= [ 1Cdt (7.6)

0

It is defined that when the battery capacity decreases to its 0.8 nominal capacity C,, EOL

is reached. Thus,

CEOL = 0'8Cn (7.7)

134



According to the assumption in [75], the battery aging degradation could be calculated by
the ratio between the total Ah-throughput and the battery consumed Ah-throughput. The
consumed Ah-throughput is not a simple integral of the battery current. It is the effective
Ah-throughput converted from the accumulated current with an aging factor named
severity factor [78]. Thus, EOL is reached when the effective Ah-throughput reaches A
[75]. The affecting factors that accelerate battery aging are considered to determine the

severity factor represented by u here.

It has been known that the depth of discharge (DOD, indicating by the alternate
representation of SOC here) of Li-ion batteries, temperature, calendar and current rate are
the effective factors on battery aging [69, 71, 73, 145]. Here, the temperature effect is not
considered as the EV is assumed to work in normal ambient temperature and with ideal
thermal management system as stated in the previous chapters. The calendar-life effect
during storage is also not considered since the focal point is the power management
strategy during EV traction applications, not stationary applications. On the other hand,
reference [69] investigates that DOD has very little effect on the battery capacity fade and
excludes DOD from the battery aging model. In EVs, the battery pack has preset SOC
range during all cycles. Therefore, DOD’s effect on battery aging trends to be uniform
with different cycle conditions, and this effect could be eliminated. Thus, only the current

rate effect on the Ah-throughput is considered in this section.

In [75], a severity factor map is proposed and depicted. In this section, a map considering
the relationship between the current rate and « is shown in Fig. 7.5. In [76, 145], it has
been investigated that a larger current accelerates battery aging. The greater influence on
effective Ah-throughput is represented by a larger . It is deduced that with the higher
current rate, a larger x should be obtained. So u increases monotonously according to
the current rate. In Fig. 7.5, the relationship is approximated by a linear function. The
slope is supposed to be a large value to make the battery aging phenomenon more obvious
within fewer cycles. The largest current rate is set as 2C, which is the largest discharging
current for the Li-ion battery model used.
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Fig. 7.5. Severity factor map.
When the battery current pattern is composed of different discharging currents, the
applied current is converted to the current multiplied by «, representing the same battery
aging level achieved by nominal current accumulation. Thus, the battery effective Ah-
throughput A(l,t) is obtained by:

t(EOL)

Awt)= [ ()it (7.8)

0

After determining A(u,t), the battery aging level could be expressed by A(z,t)/A. Next,

the state of health (SOH) can be calculated by the Ah-throughput fade scale directly. The
SOH equation is derived from the battery aging model as in [76]:

SOH = _w (7.9)

SOH (t) = SOH (0) —w (7.10)

It is assumed that a fresh Li-ion battery will experience a fixed number of discharging

cycles with the nominal current before EOL. Thus,

A~C_-N_ (7.12)
where N, represents the nominal total cycle number under nominal current cycles.
Considering the battery capacity fade from fresh to EOL, SOHpiy, is set to 0.1.

It has been stated in Chapter 5 that Li-ion battery aging has an impact on its model
parameters. The degradation causes increases in both capacity fade and internal resistance
[71, 74, 146]. To describe the battery degradation phenomenon in the battery model, the
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expressions for the aging affected parameters including the changing capacity C, and
series resistance R, should be added in the circuit model. It has been proposed that Cy, and
Rs’s variation to aging could be approximated as linear functions of the cycle number N.
The capacity fade is expressed in terms of a specific percentage capacity loss per cycle

[72]. Rs is also investigated that it increases linearly with the cycle number [55].

A concept of equivalent cycle number is used here to describe the battery model
parameter variations as functions of the battery aging level. Unlike adding up the number

of consumed cycles of the battery, a cycle number converted from A(g,t) named
equivalent cycle number is proposed here. The equivalent circuit number N(z;,t)

represents the number of normal current cycles with the same degradation level for the

consumed cycles. Thus, N(z,t) is calculated as:
t(EOL)

(a(1) - 1(1))dt
C

n

N (D) = 3 (7.12)

Then, the functions describing Cp’s and Rs’s variations to the battery aging level are

determined by:
C,(t)=C, +k, -N(ut) (7.13)
Ro(t) = Rgo, +K; - N(24,1) (7.14)

where k; and k; are the coefficients both with very small absolute value. It is assumed in
this section that after 500 nominal cycles EOL is reached. Then Cgo. = 0.8C, and Rego =
2Rs(0). Hence, k; and k, can be computed. Fig. 7.6 shows the relationships between the

equivalent cycle number and Cy, Rs.
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Fig. 7.6. Cp and R variations to cycle number.
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Thus, a Li-ion battery model including battery aging mechanism is established. The
battery SOC can be obtained online by the algorithms introduced in the previous chapters,

which is not repeated here.
7.3.3 Parameters for the Power Sources

It has been described that individual Li-ion battery cells make up battery pack as the
power source in EVs. Similarly, the ultracapacitor cells also make up the ultracapacitor
pack to supply or absorb power to EVs. Based on efficient cell and module equalization
schematics proposed in Chapter 6, the EV’s Li-ion battery pack parameters are redesigned
to meet the power requirement of practical driving cycles. It is assumed that cell
equalization is also realized in the ultracapacitor pack. The parameters of the battery pack
and ultracapcitor pack including model parameters for the Li-ion battery and
ultracapacitor packs are shown in Table 7.2. The parameters for the ultracapacitor model

are from manufacturer’s datasheet by referring to their websites.
Table 7.2. Parameters for the power sources.

a) Li-ion battery pack.

Number of cells in series 60
Number of branches in parallel 50
Nominal capacity 2.6 Ah
Nominal voltage 3.7V
Series resistance 0.08 Q

b) Ultracapacitor pack.

Number of cells in series 110
Number of branches in parallel 5
Capacity 500 F
Nominal voltage 2.1V
Series resistance 0.01Q
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7.4 Fuzzy Logic Power Management Strategy Considering Battery SOH

The elementary function of power management strategy in EMS should be to supply the
required power and absorb the regenerative power during EV driving. A series of

equations describing this function are derived using the expressions in Fig. 7.1.

P,=F+PF (7.15)
PR=KPF (7.16)
Pz = K2P3 (7-17)

where Kj, K, are the coefficients representing the proportion of the two sources’

contributed power and K;+K; is 1.

The proposed control strategy should distribute the EV power requirement and supervise
the power source’s operations. Based on above functions, the designed power
management strategy should also focus on Li-ion battery protection and life extension. In
the last section, Li-ion battery pack aging mechanism has been modeled and expressed by
SOH. Thus, a fuzzy logic controller scheme considering SOH of Li-ion batteries is
designed to manage the power distribution of the battery pack and ultracapacitor pack,

supervise their situations and extend Li-ion battery’s service life.
7.4.1 Fuzzy Logic Controller Scheme

Combined by Li-ion battery pack and ultracapacitors, the energy system has nonlinear
characteristics with several variables. A controller is needed to perform the functions of
power distribution and exchange as well as maintaining the two sources’ operation status.
However, to obtain a proper mathematical model for the overall system is difficult. The
overall system is with uncertainties and imprecise knowledge. As the controller dealing
with complex nonlinear systems, a fuzzy logic controller is appropriate to do power
management in different systems [112-114, 139, 143]. Fuzzy logic provides an
approximated but effective description for the systems with complex behaviors [147].
Based on the fuzzy set theory, a fuzzy controller is formed by fuzzy rules with “IF...,
THEN...” structure designed by experts from knowledge and experience. These fuzzy

rules are intuitive to design and comprehend and can approximate the control input
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according to different preconditions. Fuzzy logic control is suitable for highly nonlinear
and complex control system, performing flexibility and robustness for imprecise model
and data. Besides, this type of controllers does not require heavy online computation load
and it is practical. Fuzzy logic strategy also supervises each power source to operate

within high and proper energy regions.

Considering the two power sources’ operation status in EVs, two fuzzy logic controllers
including the EV power distribution controller and source power exchange controller are
designed as follows.

(1) Controller 1: EV power distribution controller

The fuzzy logic controller 1 is designed to perform power distribution for the EV. It has
four inputs and one output. The Mamdani type controller is used here. The EV required
power P3 computed from particular driving actions is taken as the controller’s input. To
supervise the two sources’ real-time status and ensure the sources work in good situation,
the battery and ultracapacitor’s real-time SOC expressed by SOCgt and SOCyc, are also
taken as the inputs to the fuzzy controller. Unlike previous studies on the EV power
management strategy, the controller designed in this chapter adds Li-ion battery’s SOH,
SOHgy, as another control input in the control process. Thus, the battery aging
phenomenon during EV driving is directly considered. The Li-ion battery lifetime will be
prolonged by proposing particular fuzzy rules including the premise of SOH. The
controller output is the power distribution coefficient for the Li-ion battery pack, Kj. It
should be stated that in this chapter, the focus is on the power management strategy
design. Hence, the two power sources’ SOC and SOH will be directly obtained from their
models in simulation. In practice, Li-ion battery SOC and SOH could be accurately
estimated online based on experimental measured variables using the algorithms proposed
in Chapter 5. The ultracapacitor SOC could be obtained more easily than the Li-ion
battery since its characteristics is nearly linear and its model is much simpler. The fuzzy

controller 1’s structure is shown in Fig. 7.7.
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Fig. 7.7. Fuzzy controller 1’s structure.

(2) Controller 2: Source power exchange controller

The fuzzy logic controller 2 is designed to determine the power exchange between power
sources. Besides the mode that the power sources supply EV required power together,
power flow exists between the sources to manage the two sources’ operation points.
Compared to the Li-ion battery, the ultracapacitor has much lower energy density. When
supplying or absorbing high power, the ultracapacitors may get low or high energy in a
short time. Thus, when SOCyc becomes high or low, fuzzy controller 2 is applied to
control the power exchange between the battery pack and the ultracaptiors. The
controller’s inputs are designed as EV’s power P3, SOCgr and SOHgt. The output is the
power exchange coefficient K3 which determines the power flow between the battery pack
and ultracapacitors. Controller 2 has two patterns including the battery charging the
ultracapacitor and the ultracapacitor charging the battery. The controller’s structure is
shown in Fig. 7.8, where P+ represents the exchange power. To limit Pt in a safe range, it

is determined that:

I:)T = KS : P3avg (718)
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Fig. 7.8. Fuzzy controller 2’s structure.
(3) Mode 1 of Controller

To meet the EV’s power requirement, it is assured that the fuzzy logic controller 1 works
all the time during driving. Mode 1 of the controller represents the situation that only
controller 1 works. For this mode, no power exchange exists between the two sources. If
the system is in this mode, the battery pack and ultracapacitors will supply power to the
EV together.

(4) Mode 2 of Controller

In this section, it is designed that when SOC,. <0.3 during driving, the battery pack

begins to charge the ultracapacitors till SOC,. >0.7. If SOC . > 0.9, the ultracapcitors

will provide energy to the battery pack. Thus, the fuzzy controller 2 starts or stops
working according to SOCyc. When mode 2 is applied, the two fuzzy controllers are

working together. The battery pack supplies both the EV’s power and the charge or
discharge of the ultracapacitors. The battery pack’s contributed power I51 will be the sum

of the two controllers’ outputs as shown in Fig. 7.9.
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7.4.2 Fuzzy Logic Control Strategy

In this section, the fuzzy control strategy is proposed for different driving actions and the
two power sources’ operation points. Based on the prior knowledge about the traction and
energy supply system in EVs, a well-designed control strategy will guarantee the power

management scheme’s performance, robustness and reliability for various situations.
(1) EV cruising

When cruising, the EV is in the normal driving condition with a constant velocity. In this
condition, the acceleration is zero. Equation (7.1) indicates that the EV power requirement
is steady with EV cruising and the required power is low. This low and steady power can
be continuously supplied only by the battery pack if the battery is in appropriate SOC and
SOH situations. The ultracapcitor pack will be resting during this interval if no charge is
needed to it. If SOCgr or SOHgr is rather low, the ultracapacitors will also supply a small
steady power to the EV. If SOCyc is low, the battery pack will charge the ultracapacitors

with nearly constant power.
(2) EV accelerating or starting

When the accelerating action occurs, the EV required power increases instantaneously. If
the accelerated velocity is high, this increase will be both drastic and large. Especially
during the moment of EV starting, an abruptly pulsing power is required from the sources.
This abrupt high power should not be supplied only by the battery pack because it may do

damage to the Li-ion battery. Thus, the control strategy will tend to make the
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ultracapacitors supply the violent current variation in a short interval. If SOCc is high or
medium, the ultracapacitors will also partially share the large required power so that the

battery pack’s power load is alleviated.
(3) EV decelerating or braking

When the EV is decelerating, the regenerative power may exist. When braking happens,
the electric motor in the EV will operate as a generator and bring regenerative power. It
has been stated that P3 < O in this situation. Heavy braking generates significant peak
power in a short time for the power sources. The more power absorbed by the power
sources, the higher the energy efficiency is. It would be best for the power sources to
absorb and store the regenerative power completely. Thus, the regenerative mode must be
considered when designing the control strategy. The Li-ion battery’s charging current is
even smaller than its discharging current. Abrupt high charging current from regeneration
will do inevitable damage to the battery pack. Therefore, the ultracapacitor pack is taken

as the major power regeneration device except for the condition that SOCyc is very high.
(4) Source power exchange

Although with low energy density, the ultracapacitors take the major responsibility of
supplying high fluctuation power and absorbing regenerative power. Thus, the
ultracapacitor pack must be charged or discharged by the battery pack to maintain the
appropriate operation point. If SOCyc is low, the battery pack will prefer to charge the
ultracapcitor pack during EV cruising because the required power from the battery is not
very large at this time. If acceleration occurs, the charge to the ultracapacitor pack will be
rather small to protect the battery pack from supplying too large a power. When the
regeneration mode occurs, the exchange process will be stopped and the ultracapacitors
will be charged by the regenerative power only. If SOCyc is high, the ultracapacitor will
charge the battery pack. To simplify controller 2 and the corresponding control strategy, it

is designed that ultracapacitors charge batteries only when the regeneration mode occurs.
(5) SOC and SOH effect

It has been stated that Li-ion battery’s SOC and SOH, and ultracapacitor SOC should be

supervised by the proposed power management strategy. Thus, the control strategy needs
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to consider these variables and ensures both the battery pack and ultracapacitors work in
good performance. When SOCgr is low, the controller tends to decrease the battery pack’s
supplied power. When SOCyc is low, the controller makes the ultracapacitor pack
charged and decreases its supplying power when the severe power requirement variation
occurs. If SOHgT is low, the designed strategy will adjust the battery supplying current

according to the Li-ion battery aging mechanism to extend the battery pack’s service life.
7.4.3 Membership Functions, Rule Base and Defuzzification

The membership functions for fuzzy logic controller 1 are shown in Fig. 7.10 a)-e). All

the membership functions are set with triangular and trapezoidal shapes.
The membership function names in Fig. 7.10 are explained as follows:

Negative (N); Positive small (PS); Positive medium (PM); Positive big (PB); Low (L);
High (H); Medium (M); Low medium (LM); High medium (HM); Little (LE); Medium
low (MEL); Medium high (MEH); and Great (GE).

The meanings of the function names corresponding to EV driving actions are: N: EV
decelerating or braking, P; < 0; PS: Cruising with light power demand; PM: Accelerating;
and PB: Starting or accelerating with large power demand. It should be noticed that P; has

been scaled into the range [-1, 1].

The membership functions for fuzzy logic controller 2 are shown in Fig. 7.11 a)-f) for two
different working patterns: battery charging ultracapacitor (BT to UC) and ultracapacitor
charging battery (UC to BT). The membership functions are also set with triangular and
trapezoidal shapes. Only the positive EV power is considered for the BT to UC pattern.
Only the negative EV power is considered for the UC to BT pattern. The names of the

membership functions for the EV regenerative power are determined as:

Negative small (NS); Negative medium (NM); and Negative big (NB).
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Fig. 7.10. Membership functions for fuzzy controller 1.
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Fig. 7.11. Membership functions for fuzzy controller 2.

The fuzzy rule base is determined according to the principles for designing the control
strategy described in Section 7.4.2. For fuzzy controller 1, the rules have the following

structure:

IF Pz is a, AND SOCgt is b, AND SOHgT is ¢, AND SOCc is d, THEN Kj is e, where a,
b, c, d, and e are the membership functions corresponding to each variable as described in
Fig. 7.10.

All the 144 fuzzy rules are shown in Table 7.3.
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Table 7.3. Fuzzy rule base for fuzzy controller 1.

P3 =N
SOHBT =H SOHBT =M SOHBT =L
soCer | H M L H M L H M L
SOCuc
L LE LE L LE LE L LE LE LE
LM LE LE L LE LE L LE LE LE
HM LE LE MEH LE LE L LE LE LE
H LE MEH HM LE MEH | MEH LE MEH | MEH
P;=PS
SOHBT =H SOHBT =M SOHBT =L
soCer | H M L H M L H M L

SOCuc

LM GE GE GE GE GE GE GE GE H

HM GE GE H GE GE H GE H H
H GE GE H GE GE H H H HM
P;=PM
SOHBT =H SOHBT =M SOHBT =L
soCer | H M L H M L H M L

SOCuc

LM HM | HM HM HM HM HM HM MEH | MEH

HM HM | HM HM HM HM MEH | MEH | MEH | MEH

H HM | HM MEH | MEH | MEH | MEL | MEL | MEL | MEL
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P;=PB

SOHBT =H SOHBT =M SOHBT =L
SOCer H M L H M L H M L
SOCuc
L MEH | MEH | MEH | MEH | MEH | MEH | MEH | MEH | MEH
LM MEH | MEH | MEH | MEH | MEH | MEH | MEH | MEH | MEL
HM MEH | MEH | MEH | MEH | MEH | MEL | MEH | MEL | MEL
H MEL | MEL | MEL | MEL | MEL | MEL | MEL | MEL | MEL

The fuzzy rules for fuzzy controller 2 have similar structures as:

IF P3is a, AND SOCgt is b, AND SOHgr is ¢, THEN K3 is e, where a, b, c, and e are the
membership functions of each variable as shown in Fig. 7.11.

The fuzzy rule base for controller 2 is shown in Table 7.4.

Table 7.4. Fuzzy rule base for fuzzy controller 2.

a) BT to UC.
P3=PS P; =PM P;=PB
SOCer | H M L H M L H M L
SOHgr
H H H HM HM HM LM LM LM L
M HM HM LM LM LM L LM L L
L LM LM L L L L L L L
b) UC to BT.
P3s = NS P;=NM Ps =NB
SOCer | H M L H M L H M L
SOHBT
H 1 H H L M H M L L
M 1 H H L M H L L L
L 1 M M L L M L L L
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The defuzzification method is centroid that is described in [114, 143].

The EV’s power is distributed by the fuzzy controllers according to corresponding fuzzy
rules. Since P3 fluctuates drastically, it is possible that the control output sum I51 still
contains high frequency variation. To avoid this high frequency component applied on the
Li-ion battery, a low pass filter (LPF) is used to exclude fast variation and smooth the
battery pack’s power [112, 114] as shown in Fig. 7.12. The DSP toolbox in
Matlab/Simulink is used to design the LPF in simulation. The battery’s power after

filtering is expressed by P, .

O

LPF —2—

Fig. 7.12. LPF smoothing battery power.

Then, the ultracapacitors’ actual power is computed as:
P.=P—-P,. (7.19)
7.5 Results and Discussion

The power management strategy considering aging of Li-ion batteries based on fuzzy
control system is implemented and simulated in Matlab/Simulink. The UDDS cycle is
used to test the designed strategy. All the results are described and discussed in this
section. First, the initial SOCgt, SOHgt, and SOCyc are set as 0.9, 1, and 1. The power
management results are shown in Figs. 7.13-7.19. The EV power, battery pack power and
ultracapacitor power represented by Ps, P1a, and P, are depicted in Figs. 7.13-7.15. It
displays the power distribution performance. Fig. 7.14 gives a clear display of the two
sources” power. Compared to the ultracapacitors, the battery pack provides much
smoother power with less variation as shown in Fig. 7.14 b) and c). It also indicates that

the ultracapacitors absorb most of the regenerative power during driving.
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Fig. 7.14. Battery pack power and ultracapacitor power.
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To perform the power management results more clearly, some time intervals
corresponding to different driving actions are described in Fig. 7.15. The latter part in Fig
7.15 a) and the former part in d) verify that the battery pack supplies most of the required
power when the EV is cruising with the designed fuzzy control strategy. At the time when
the EV power fluctuates frequently, the battery pack’s power is more steady and smoother
as b) shows. The power fluctuation is mostly taken by the ultracapcitors in b). Fig. 7.15 a)
c) and d) verify that the ultracapacitors provide the abrupt increasing power for
acceleration in a short time and the battery pack’s power increases much slower to avoid
drastic current impulse on Li-ion batteries. Then, the battery pack tends to provide the
fundamental power requirement and the ultracapacitors tend to endure the power variation.
Fig. 7.15 e) and f) describe the power regeneration mode during EV decelerating and
braking. It clearly indicates that the ultracapacitors absorb most regenerative power. The
battery pack absorbs steady and small regenerative power or even no power, which is
decided by SOCgt, SOHgTand SOCyc. In the time range of €), SOCyc is very high. To
avoid overcharging the ultracapacitors, a small part of the regenerative power is allocated
to the battery pack. In f), SOCyc is not in the high range anymore. Therefore, the

ultracapacitors take all the regenerative power.

The two sources’ currents are shown and compared in Fig. 7.16. Both currents are
extracted from a single cell. From 7.16 c), it is obvious that the Li-ion battery current is
much smaller and with much less variation than the ultracapacitor current. When the EV
is starting and cruising as shown in a), the ultracapacitor current increases drastically to
provide enough power, whereas the battery current increases slowly and provides steady

current. A clear comparison for current variation is described in b).

The variables of SOCgt, SOHgTand SOCyc during the UDDS cycle are shown in Figs.
7.17-7.19. It reveals that SOHgt decreases slowly. SOCy¢ fluctuates drastically because
the ultracapacitor pack endures much larger current and it is charged and discharged for
many times. Although changing in a wide range during the driving cycle, SOCyc is
restricted within the operation range with good performance. Compared with SOCyc,
SOCgt varies more slowly and smoothly. The supervision function of the designed

control strategy is verified.
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Then, the initial SOHgT, SOHgT(0), is changed to 0.6 and 0.2, representing the Li-ion
battery with different aging levels. The results including power distribution results,
SOCsgT, SOHgTand SOCyc during the UDDS driving cycle are shown in Figs. 7.20-7.27.
Comparing Fig. 7.20 and Fig. 7.24, the EV power distribution has different results for
different battery SOH by the proposed power management strategy. With the designed
control strategy, the battery pack with a lower SOH would charge ultracapacitors when
supplying a steady power. The difference of SOCgt variation during the same driving
cycle shown in Figs. 7.21 and 7.25 is also due to the proposed control strategy. Compare
the difference between Fig. 7.23 and Fig. 7.27. If SOCyc has been charged to the range
that is able to provide good performance on both supplying and absorbing power, the BT
to UC process will be postponed by the strategy when SOHgr is lower. This measure
avoids the phenomenon that too large battery current accelerates low SOH battery’s aging

progress when supplying both the EV power and ultracapacitor charge.
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The three SOH results after the same driving cycle for different initial SOHgt are
compared in Table 7.5. It reveals that the battery SOH decreases less for lower SOHg(0).
When the SOHgT is lower, the fuzzy logic control strategy decelerates the battery aging
progress by considering Li-ion battery’s aging mechanism in the control process. Thus,
the proposed power management strategy intelligently controls the power sources’
operation and extends the Li-ion battery service life based on the EV required power and

the two power sources’ information.

Table 7.5. SOHgy result comparison for different SOHg1(0).

Initial SOH Resultant final SOH A SOH
1 0.999719994722063 | 2.800052779370343e-04
0.6 0.599727019774915 | 2.729802250849289¢-04
0.2 0.199746078634055 | 2.539213659450146e-04

To verify the proposed power management strategy’ performance on battery life extension
more clearly, another control strategy excluding the effect of SOHgr are tested as a
comparison. The fuzzy controllers with the same structures of controller 1 and 2 lacking
the SOH input are used. All the other control inputs, outputs and their membership
functions are the same as Figs. 7.10 and 7.11. Without considering SOHgr, the logistical
variables for SOHgt are removed from the fuzzy rules in Tables 7.3 and 7.4. Moreover,
all the rules not considering SOHgt are designed as the same rules with SOHgr = H
because low SOH is not considered in the strategy here. Then, the UDDS cycle is also
taken for both kinds of power management strategy considering or not considering Li-ion
battery SOH. It is explicit that they have similar results for high SOH range. Thus, the
comparison is done for SOHgr(0) = 0.7, 0.6 and 0.2. The SOH results after the UDDS
driving cycle are shown in Table 7.6. It indicates that the power management strategy
considering Li-ion battery SOH remains higher SOHgt than the strategy not considering
SOHgT after the same EV driving actions, especially for the battery with low SOH. Not
only supplying the EV required power, the fuzzy controllers considering SOHgr also
make Li-ion battery aging progress decelerated in EMS. It is verified that the proposed
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power management strategy considering Li-ion battery SOH extends the battery service

life by reducing Li-ion battery’s aging rate during EV driving.

Table 7.6. SOH result comparison between control strategy with/without considering SOH.

Initial SOH Resultant final SOH with fuzzy Resultant final SOH with fuzzy
controller considering SOH controller not considering SOH

0.7 0.699725867101298 0.699722525282266

0.6 0.599727019774915 0.599722896528944

0.2 0.199746078634055 0.199725069742181

7.6 Summary

In this chapter, the fuzzy logic power management strategy considering Li-ion battery
aging mechanism is designed for EMS in EVs. With the EV power sources including Li-
ion battery packs and ultracapacitors, the designed power management strategy distributes
the EV required power to both sources. Besides achieving the function of supplying
enough power to the traction system, the power management strategy also considers the
power sources’ operation conditions and performance. The two power sources’
characteristics including dynamic behaviors, power density and energy density are

considered in the control process.

As the Li-ion battery is the focal point in this study, its aging mechanism is also
considered in the battery model. Then, a fuzzy logic controller scheme and corresponding
control strategy are designed to do power management in EMS. Battery SOH is used in
the fuzzy control strategy to decelerate the battery aging progress and extend battery life
during EV driving. Comparing SOH results after the same driving cycle for batteries with
different aging levels, the designed fuzzy control strategy decreases the battery aging rate
in lower SOH condition. Another fuzzy controller scheme without considering battery
SOH is also tested. It indicates that slower aging progress is achieved by the proposed
control strategy compared with the strategy not considering SOH. In conclusion, the
proposed power management strategy using fuzzy logic control achieves the functions of

distributing power and extending Li-ion battery service life during EV driving. It is
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verified that the proposed power management strategy is able to achieve good

performance for EMS in EVs.
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Chapter 8 Conclusions and Future Works

8.1 Conclusions

To improve electric vehicle (EV)’s operation performance and reliability, the research on
developing an intelligent energy management system (EMS) in EVs is performed. Some
relevant topics in EMS are researched by placing emphasis on the EV’s major energy

source, Li-ion batteries. Some improved results for these topics are presented in this thesis.

To provide an accurate model simulating Li-ion batteries in EMS, the topic of battery
modeling is researched in this thesis. Series and parallel equivalent circuit models for Li-
ion batteries are established from experiments and their results are compared. It is
obtained that the series circuit model with two resistor-capacitor (RC) networks has the
best accuracy and good simplicity. Based on the equivalent circuit model, a fuzzy logic
model considering temperature effect is proposed. The method to extract and describe the
model parameters is proposed. The neural network (NN) model trained by the extreme
learning machine (ELM) algorithm is also proposed for a simple current pattern condition
in experiment. Good accuracy and a simple training process are achieved by ELM

compared with those of conventional NN method, radial basis function NN (RBF NN).

In EMS, it is important to master the Li-ion battery’s operation status. Based on the
proposed and existing models, Li-ion battery state of charge (SOC) estimation is executed
in this thesis. The Kalman filter (KF) methods including extended Kalman filter (EKF),
unscented Kalman filter (UKF), adaptive EKF (AEKF) and adaptive UKF (AUKF) are
applied on the proposed ELM model to estimate battery SOC. The estimation results show
that the AUKF algorithm obtains the best estimation accuracy and robustness for the ELM
model. It also verifies that the ELM model is superior than the RBF NN model when
doing SOC estimation. To overcome the KF method’s defect and apply the proposed Li-
ion battery SOC estimation methods in practice, the particle filter (PF) algorithm with no
demand for system noise and model structure is applied on an accurate Li-ion battery
equivalent model considering SOC’s nonlinear effect on model parameters. It indicates
that the improved PF method, unscented particle filter (UPF), provides better SOC

estimation results although the computational load is heavy. Thus, to alleviate the
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computational load during battery SOC estimation in applications, an adaptive observer
using the sliding mode technique is proposed and applied on a simple Li-ion battery
equivalent circuit model with the severe nonlinearity and modeling errors represented by
model uncertainties. This combination of model and estimation algorithm is applicable. It
is verified the adaptive observer has better SOC estimation results than the constant gain
sliding mode observer. Then, Li-ion battery’s SOC and state of health (SOH) are
estimated simultaneously by the proposed adaptive observer based on the sliding mode
scheme. The observer is intuitive to design and achieves good estimation performance.
SOC and SOH estimation results with high accuracy and robustness are obtained by the

proposed adaptive observer.

Then, Li-ion battery pack’s performance is considered and the topic of cell equalization in
battery string is researched. Considering the topology and control method’s simplicity and
system cost, the equalization method using switched capacitors is established and
improved in this thesis. Using the modularization concept, a chain structure switched
capacitor schematic is proposed with obviously improved equalizing speed and reduced
switch voltage. Besides, a modularized double switched capacitor equalization schematic
considering Li-ion battery SOC and SOH is proposed and good equalization performance

and better reliability are achieved.

Finally, the power management strategy in EMS is designed using fuzzy logic control.
The designed strategy determines the contributed power from the Li-ion battery pack and
the ultracapacitor pack in EVs. The proposed power management strategy also supervises
the power source’s operation status of Li-ion battery SOC and ultracapacitor SOC.
Compared with existing power management strategies in EMS, the proposed fuzzy
control strategy in this thesis takes Li-ion battery SOH in consideration. The power
management results show good performance on EV’s various driving conditions.
Moreover, the useful life for Li-ion battery is extended by reducing the aging speed for

the battery in low SOH range.
8.2 Recommendations for Future Works

Based on the conclusions of this research, some more relevant topics in EV’s EMS are

recommended here as future works, including:
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In this thesis, the Li-ion battery model considering temperature effect on model
parameters is proposed. Some more details of the temperature effect and high current rate
effect on Li-ion battery behavior will also be studied to make its model more
comprehensive. For the fuzzy logic model considering different affecting factors, specific
state and parameter estimation algorithms will be designed. Limited by experimental
condition, only experiment data at room temperature are used to estimate and supervise
Li-ion battery in this research. Li-ion battery SOC and SOH estimation considering
different temperature conditions should be done for the battery model considering
temperature, especially in high temperature range, whereas this topic still needs more
research. On the other hand, battery overheating and cell thermal imbalance in Li-ion
battery pack will bring damage to the batteries. Thus, suitable cooling strategies and cell
thermal equalization schematics considering Li-ion battery inner thermal characteristics

should also be realized in Li-ion battery packs in EVSs.

As a random weight NN learning algorithm, the ELM algorithm’s learning performance is
satisfactory, but it is dependent on the randomly initialized input weights and biases. To
improve the reliability of the ELM training process for Li-ion battery modeling is a
meaningful topic to be studied. In addition, the performance of Li-ion battery online

modeling using NNs still needs improvement in future works.

Battery aging mechanism is another important topic. The aging experiment for Li-ion
battery is still needed to obtain the detailed effect caused by battery aging on battery
model parameters including capacity and inner resistance. In this research, the battery
aging function is represented by an assumed but meaningful factor when designing power
management strategy. Actually, the function for the aging progress of Li-ion battery could
be obtained by battery cycling experiments in long term. Different types of cycling
processes should be tested to verify the affecting factors of Li-ion battery aging. With
tested aging mechanism from battery cycling experiments, Li-ion battery SOH would
have more accurate expression and some more SOH estimation methods based on the
accurate expression could be proposed. Then, the power management strategy
performance could be improved by considering real-world SOH expression and adding

corresponding rules.
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In future works, experimental verification should be conducted for the entire EMS. To
implement EMS, some other necessary and interesting topics still need research. For
example, the DC-DC converter topology and control algorithm need to be designed to
adjust and maintain the power source’s voltages in EV’s power supply systems. The
system efficiency, including power electronics part and mechanical traction part, should

also be considered and improved when designing the entire system.
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