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Chapter 1

Introduction

21%* century engineering problems involve a complex range of challenges and man-
date creative robust solutions. Rapid advances in electronics, control, communication,
and computing technologies have led to the development of integrated and smart sys-
tems spanning automotive, avionics, buildings, manufacturing, consumer electronics,
healthcare, emergency response, and defense systems.

Current automotive vehicles contain more than 70 distributed electronic control
units (ECUs), 100s of Megabytes of software, 5 or more distinct communication net-
works, a wide variety of sensors and actuators, and 1000s of data and control signals
exchanged in real-time every second.

Although designed to sustain long life, systems degrade in performance due to
gradual development of anomalies and unanticipated faults. Failures may range from
issues that affect a single hardware or software subsystem, to issues that occur as a re-
sult of coupling among multiple subsystems. In addition, system usage and operating
conditions (e.g., weather, road surfaces in the context of an automobile) may lead to

different failure modes that can affect the performance of a complex system. A ma-



jor goal for safe and reliable operation of systems is to develop robust analytical tools,
based on an information ensemble generated from integrated sensor-based (also re-
ferred to as data-driven), model-based and knowledge-based approaches, which enable
early diagnosis and prognosis (D&P) of incipient faults. The objective is to facilitate
condition-based maintenance and timely actions to reduce the probability of failures
without significantly compromising quality and performance. Hence, advanced detec-
tion, diagnosis and prognosis techniques are needed that can adapt to varying usage
and operating conditions to infer and track the faults in complex systems. These, in
turn, contribute to life-cycle cost minimization by reducing service and inventory costs,
providing effective maintenance through timely repair actions, and by judiciously ex-
tending the life of expensive equipment (e.g., engines and batteries in a hybrid electric
vehicle).

Battery technology has come a long way since the invention of the first voltaic
cell in the 1800s. Because of the increased interest in electric/hybrid electric vehicles,
a battery management system (BMS) has become one of the chief components in an
automobile. The goals of BMS are to maximize the run-time per discharge cycle, as
well as the number of life cycles attainable for the life of the battery. Automotive battery
management is very demanding, because it has to work in real time in rapidly varying
chargedischarge conditions as the vehicle accelerates and brakes, as well as work in a
harsh and uncontrolled environment.

The rapid advancement of portable electronic devices such as smart phones,



notebooks and tablet computers requires the design of a robust and accurate battery
management system that integrates one or more of the functions such as cell protec-
tion, charge-discharge control, determining the state of charge (SOC), state of health
(SOH), and remaining useful life (RUL) of the battery, battery capacity monitoring,
remaining run-time estimation, monitoring and storing historical data, etc. The need
for the online estimation of such prognostic information with acceptable error under
all operating conditions over the entire lifetime of a battery requires radical re-thinking
towards developing new approaches. Precise estimation of prognostic information re-
quires the consideration of key factors such as charge-discharge rates, temperature,
age, self-discharge, hysteresis, and open-circuit voltage (OCV) recovery effects. The

key objectives of this research can be summarized as follows:

1. Adaptive algorithms for accurately estimating the pivotal characteristics of bat-

teries

2. Fault diagnosis, prognosis, condition-based maintenance, and prognostic health

management
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Chapter 2

Automotive Battery Management Systems

The Battery management system is an integral part of an automobile. It protects the
battery from damage, predicts battery life and maintains the battery in an operational
condition. The Battery management system performs these tasks by integrating one
or more of the functions, such as protecting the cell, thermal management, controlling
the charge/discharge, determining the state of charge (SOC), state of health (SOH), and
remaining useful life (RUL) of the battery, cell balancing, data acquisition, communica-
tion with on-board and off-board modules as well as monitoring and storing historical
data. In this chapter, we propose a Battery management system that estimates the crit-
ical characteristics of the battery (such as SOC, SOH, and RUL) using a data-driven
approach. Our estimation procedure is based on a modified Randles circuit model con-
sisting of resistors, capacitor, and Warburg impedance for Electrochemical Impedance
Spectroscopy test data, and a lumped parameter model for Hybrid Pulse Power Char-
acterization test data. The resistors in a Randles circuit model usually characterize the
self-discharge and internal resistance of the battery, the capacitor generally represents

the charge stored in the battery, and the Warburg impedance represents the diffusion

12
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phenomenon. The Randles circuit parameters are estimated using a frequency-selective
non-linear least squares estimation technique, while the lumped parameter model pa-
rameters are estimated by the prediction error minimization method. We investigate
the use of support vector machines to predict the capacity fade and power fade, which
characterize the State of Health of a battery, as well as estimate the State of Charge
of the battery. An alternate procedure for estimating the power fade and energy fade
from low-current Hybrid Pulse Power characterization test data using the lumped pa-
rameter battery model has been proposed. Predictions of Remaining Useful Life of the
battery are obtained by support vector regression of the power fade and capacity fade
estimates. Survival function estimates for reliability analysis of the battery are obtained
using a hidden Markov model trained using time-dependent estimates of capacity fade
and power fade as observations. The proposed framework provides a systematic way

for estimating relevant battery characteristics with a high-degree of accuracy.

2.1 Introduction

Battery technology has come a long way since the invention of the first voltaic cell in
the 1800s. Because of the increased interest in hybrid vehicles, a Battery Management
System (BMS) has become one of the chief components in an automobile. The goals of
BMS are to maximize both the run-time per discharge cycle, as well as the number of
life cycles attainable for the life of the battery [18]. Automotive battery management is

very demanding, because it has to work in real-time in rapidly varying charge-discharge
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conditions as the vehicle accelerates and brakes, as well as work in a harsh and uncon-
trolled environment. In addition, it must interface with other on-board systems, such as
the engine management, climate controls, communications, and safety systems.

The function of a BMS in hybrid electric vehicles (HEV) and plug-in hybrid’s
(PHEV) are multifaceted. They include monitoring the conditions of individual cells
which make up the battery, maintaining all the cells within their operating limits, pro-
tecting the cells from out-of-tolerance conditions, compensating for any imbalances
in cell parameters within the battery chain, providing information about the State of
Charge (SOC), State of Health (SOH), and Remaining Useful Life (RUL) of the bat-
tery, providing the optimum charging algorithm, responding to changes in the vehicle
operating mode and so on.

The main motivation for this chapter is to develop a systematic procedure for
estimating three critical characteristics of a battery, viz., State of charge (SOC), State
of Health (SOH), and Remaining Useful Life (RUL). Important questions such as, how
long a battery lasts before it fails, how much charge is left in the battery, performance of
a battery to complete a certain task, how much time a battery is charged before use, the
different degradation processes affecting the battery, and so on, are different paradigms
encapsulated in these critical battery characteristics. Knowing the amount of charge
left in a battery compared to when it was fully charged gives the user an indication
of how much longer a battery will continue to perform before it needs recharging. The

State of Charge (SOC), a measure of remaining capacity in the battery, is used to ensure
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optimum control of the charging/discharging process. During the lifetime of a battery,
its “health” deteriorates gradually due to irreversible physical and chemical changes
which take place with usage and age until eventually the battery is no longer usable or
dead. The SOH is an indication of the point which has been reached in the life cycle
of the battery and a measure of its condition relative to a fresh battery. The State of
Health (SOH) is a measure of a battery’s capability to deliver its specified output. This
is vital for assessing the readiness of emergency power equipment, and is an indicator
of whether maintenance actions are needed. We will employ capacity fade and power
fade as measures of State of Health (SOH) of a battery. The ability to accurately predict
the Remaining Useful Life (RUL) is the key to proactive, condition-based maintenance

of batteries.

2.1.1 Previous Research

Critical battery characteristics and their estimation

Key factors affecting the SOC are the charge-discharge rates, hysteresis, temperature,
cell age and self-discharge due to internal resistance of the battery [67]. SOC is not
directly measurable and needs to be inferred from other measurements in the battery
system. Several methods for estimating the SOC of a battery have been used. Some
are specific to particular cell chemistries. Most depend on measuring some convenient
parameter, which varies with the SOC. Some of the prominent techniques for estimating

the SOC are summarized in Table 2.1 below.
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Table 2.1: Summary of Different Techniques for the Determination of SOC along with

Pop et al. [91] proposed a real-time SOC evaluation system for Li-ion batteries

combining direct measurement of electromotive force (EMF) during the equilibrium
state and coulomb counting during the charge/discharge states.

Kim et al. [59] implemented a sliding mode observer for robust tracking under
nonlinear conditions based on a simple RC battery model. The performance was vali-
dated by the urban dynamometer driving schedule test and the SOC error was less than

3% for most cases. In a more recent work [60], he proposed a dual-sliding-mode ob-

! Online refers to the processing of the data piece-by-piece in a sequential manner without having it

available from the start, whereas, in Offline the entire data is available for the algorithm.
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server consisting of a fast time-varying observer to estimate the SOC, terminal voltage
and polarization effects, and a slow time-varying observer to estimate the SOH in terms
of capacity fade and resistance deterioration.

Determining the SOH of a battery adaptively is important for optimal energy
management and on-board diagnostics for efficient operation of HEVs and PHEVs.
Generally, SOH is used to deduce how well the battery system is functioning relative to
its nominal (rated) and end (failed) states [129]. The SOH reflects the general condition
of a battery and its ability to deliver the specified performance in comparison to a new
battery. It takes into account factors, such as charge acceptance, internal resistance,
voltage, and self-discharge. Hence, knowing changes in the SOH with time may be
viewed as enabling one to assess the increase in irreversible losses that is inherent in
the aging of batteries [129].

In practice, SOH is estimated from a single measurement of either the cell impedance
or the cell conductance. In pursuit of accuracy, others advocate measuring several cell
parameters, all of which vary with the age of the battery, and estimate SOH from a
combination of these factors. Examples are capacity, internal resistance, self-discharge,
charge acceptance, discharge capabilities, the mobility of electrolyte and cycle count-
ing, if possible. The absolute readings will depend on the cell chemistry involved.
Weighting is added to individual factors based on experience, the cell chemistry and
the importance of the particular parameter in the application for which the battery is

used. If any of these variables provide marginal readings, the end result will be af-
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fected. A battery may have a good capacity, but the internal resistance maybe high.
In this case, the SOH estimation will be lowered accordingly. Similar demerit points
are added, if the battery has high self-discharge or exhibits other chemical deficiencies.
The points scored for the cell are compared with the points assigned to a new cell to
give a percentage result or figure of merit.

An alternative method of specifying the SOH is to base the estimation on the
usage history of the battery rather than on some measured parameter. The number of
charge-discharge cycles completed by the battery is an obvious measure, but this does
not necessarily take into account any extreme operating conditions experienced by the
battery, which may have affected its functionality. It is however possible to record the
duration of any periods during which the battery has been subject to abuse from out-of-
tolerance voltages, currents or temperatures, as well as the magnitude of the deviations.
From this, the SOH can be determined by using a weighted average of the measured
parameters.

Bhangu et al. [14] employed extended Kalman filters to estimate the variation
in bulk capacitance, which characterizes the ability of the battery to store charge over
time, indicating the loss of cell capacity and, consequently, a means for monitoring
SOH.

Do et. al. [36] proposed a real-time identification method based on an extended
Kalman filter for observation of the parameters of the modified Randles circuit bat-

tery model. He suggested an increase in the number of parallel RC'-circuits to model



20

the Warburg impedance and improve the low frequency performance. However, ex-
perimentation on Gen 2 Li-ion cell data via the modified Randles scheme with more
than one parallel RC-circuit, leads to ill-conditioning (over-parameterization) of the
optimization problem. In addition, extended Kalman filters have divergence issues,
problems of initialization, and the covariance matrix tends to be too-optimistic.

Vebrugge et al. [128] concluded that a regressed high-frequency resistance (from
weighted recursive least-squares), which must be normalized to nominal values and is a
function of both temperature and SOC, is not sensitive to erroneous values of SOC and
that an adaptive acquisition of the high-frequency resistance of the battery can be used
to assess the SOH. This increase in the high-frequency resistance can be anticipated for
all commercially viable PHEV and HEV batteries upon extensive cycling.

Goser et al. [49] derived a neuro-fuzzy scheme in which a Kohenen Self-Organizing
Map (SOM) is used to train the data in a fuzzy system. The SOM is an unsupervised
clustering technique that seeks to organize the data. By using a SOM to feed the data
into a fuzzy system, the system is made both reactive and adaptive (i.e. it unifies both
neural networks and fuzzy systems). The architecture of the system implemented by
Goser et al. [49] is as follows: The fuzzification is split into two layers, leading to
a rule base and then subsequently to defuzzification. This two layer network is then
trained in part by using neural network algorithms. Buchmann et al. [22] implemented
a neuro-fuzzy based battery management system that can track the battery SOH in three

minutes. The neural network was trained on fuzzified data, and the outputs are then de-
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fuzzified.

Saha et al. [110] proposed a Bayesian framework (based on Relevance Vector
Machines and Particle Filters) for predicting the SOC, SOH, and RUL, and for provid-
ing uncertainty bounds based on correlations between battery performance (capacity)
and model parameters (resistance). However, the battery model used for estimating the
battery characteristics was simplistic because the low-frequency Warburg impedance
was merely represented by a resistance. Moreover, this resistance is in series with
the charge-transfer resistance making it unidentifiable i.e., they cannot be uniquely es-
timated. Furthermore, the Particle filter framework incorporates exponential growth
models for predicting the internal battery parameters (resistance), and is CPU-intensive.

Conventional battery management system approaches have mostly focused on
addressing the estimation of SOC or SOH with limited attention to RUL. Consequently,
we propose a general framework for estimating these critical characteristics (SOC,

SOH, and RUL) and validate it using Li-ion battery data.

Key Battery modeling approaches

Several battery models have been proposed in the literature, which are briefly summa-
rized in Table 2.2. An appropriate trade-off between the model complexity and per-
formance is a key aspect in battery modeling. In this chapter, we focus on equivalent
circuit battery models consisting of voltage and/or current sources, resistors, capacitors

(or constant-phase element, CPE), inductors, and/or Warburg impedance.
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Broad Classification

Types of Models

Key Features

Thevenin electri-

Usually consists of a series resistor and an RC' network to predict the battery re-
sponse to transient signals at a particular SOC, by assuming that the open-circuit voltage

Equivalent cal model .
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Circuit - - -
Employ the method of electrochemical impedance spectroscopy to obtain an AC-
Battery Impedance based : . . K K
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Linear  electric . . Bk .. . . .
models source and a capacitor. In series with this is a network of 3 capacitors and 3 resistors to
) model overcharge. In parallel to all these elements is a self-discharge resistor.
The circuit consists of a series connection of two parallel Resistor-Capacitor (RC') net-
works, an OCV in parallel across the RC' networks, and a resistor in series with the RC'
. network. The elements of the circuit are functions of voltage, and one of the resistors in
Nonlinear elec- . . ..
. the RC networks is temperature-dependent. To account for variations between the charge
tric models . . . . .
and discharge states; the series resistance and the resistor in the RC' networks connected
to the series resistance, are modeled as a parallel combination of two diodes, and the
internal resistance is computed as the sum of these two resistances.
. Discharge current of a battery decreases with increasing “constant current” discharge
. Peukert Equation | . g vy £ &
Electrochemical time.
Battery Describes the electrochemical behavior of the battery directly in terms of voltage and
Shepherd Model N . . . . . .
Models Equation current.Often used in conjunction with Peukert equation to obtain battery voltage and
4 state of charge given power draw variations.
Modifications to . . . .
Consists of adding terms to describe certain aspects of battery performance.
Shepherd Model: g P P
Lindstorm Model | Adds an Improved internal resistance calculation.
Incorporates secondary equations to describe overcharging and gas generation, along with
Wood Model o veq £l anc gas g » along
a self-discharge term.
Unnewehr  Uni- | Simplification of Shepherd Equation. Models the variation in internal resistance with
versal Model respect to SOC.
Measures the battery incremental state of charge in energy terms. Relationship between
Fractional power-density and energy density is usually obtained through a series of constant power-
Discharge Battery discharge tests and modeled as a quadratic function.
Models

Dynamic Lumped
parameter Battery

Based on a static battery model that describes the instantaneous terminal voltage as a
function of steady charge/discharge current.

Model
Hydrodynamic Analogy between the charging and discharging of a battery with the hydrodynamic filling
Other T .
Batter Model and draining of a double tank reservoir.
Y Finite  Element | Devised for battery simulations Some divide each cell into a number of finite elements
Models . S
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Models based on Tables (?t.battery performance are used to interpolate battery parameters over a wide range
of conditions.
tabulated data
Impact of temperature on battery capacity is modeled: Parameters of the model are
. Temperature . Lo .
Modeling Models temperature-dependent. Including the temperature coefficient into the general equation
Specific for battery capacity.
Factors State of Charae Some models use the linear relationship between the OCV and SOC whereas others use
Affecting 8 SOC as a state in the model.
Battery Cycle History Logarithmic plots of Depth-of-discharge versus cycles to failure for various battery types.
Performance Battery Age Corrosion is the main component behind decreased battery performance by age.
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Electrochemical models [35], [55] are typically time-consuming and are best
suited for understanding the physical design aspects of electrodes and electrolyte.

Peukert’s equation [37] is only applicable to batteries discharged at constant tem-
perature and constant discharge current. When applied to a battery with a variable
discharge rate and changing operating temperature, it generally results in an underesti-
mation of the remaining capacity. Specifically, Lithium-ion batteries, whose capacity is
strongly dependent on the battery temperature, which in turn is a function of duty cycle,
battery design and environmental conditions, the Peukert equation is not applicable.

Similarly, the Shepherd equation [117] has three major shortcomings. The model
parameters could only be calculated from the experimental discharge curves with con-
stant current. Subsequently, the applicability of this model appeared to be limited to
temperature range from 10°C' to 30°C), and finally, the aging effect on the battery model
parameters had not been considered. Modifications to the equation have been proposed
in the literature to improve certain aspects of battery performance, but limitations still
remain.

Other battery models such as hydrodynamic models and finite element type bat-
tery models are complex and CPU-intensive requiring high memory and significant
computation time.

In this chapter, equivalent-circuit battery models have been employed as they
are more intuitive in circuit simulations, robust to operating conditions, provide real-

time implementation, and enable the battery nonlinearities to be modeled using circuit



24
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Fig. 2.1: SOC, SOH, and RUL Estimation Framework

parameters such as resistors, capacitors, inductors, etc.

2.1.2 Data for Battery Modeling and Characterization

The validation data used in this chapter had been collected as part of the Advanced
Technology Development (ATD) program, where performance testing was conducted
on second-generation lithium-ion cells (i.e., Gen 2 cells) [54]. The 18650-size Gen
2 cells, with baseline and variant chemistry, were cycle-life tested at Idaho National
Laboratory (INL), only baseline cells data was used in this chapter. Reference Perfor-

mance Tests (RPTs) are a set of tests performed at periodic intervals during life testing
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to establish the condition and rate of performance degradation of batteries under test.
These tests should be performed prior to the beginning of life (BOL) testing, at defined
periodic intervals, and at the end of life (EOL) testing of all batteries undergoing either
cycle life testing or calendar life testing.

Life testing was interrupted every 4 weeks (i.e., 33600 cycle-life profiles) for ref-
erence performance tests (RPTs) consisting of C /1 ? static capacity test, a low-current
hybrid pulse power characterization (L-HPPC) test, and electrochemical impedance
spectroscopy (EIS) test, at 60% SOC and 25°C' [54]. The static capacity test measures
the battery capacity in ampere-hours at a constant-current discharge rate corresponding
to the manufacturer’s rated C; capacity in ampere-hours. Discharge is terminated on a
manufacturer-specified discharge voltage limit. After the static capacity tests, all cells
were subjected to electrochemical impedance spectroscopy (EIS) test. EIS was used to
determine impedance changes in the electrode-electrolyte interface. EIS measurements
were conducted by discharging the cells from a fully-charged state to the specified open
circuit voltage (OCV) corresponding to 60% SOC, followed by an 8- to 12- hour rest
at OCV (to reach electrochemical equilibrium), and then the impedance is measured
over a frequency range of 10 kHz to 0.01 Hz [43], [90]. The EIS measurements con-
sisted of 61 data points in the frequency range; computed using a constant AC voltage

(bmV) and measuring the current response.The Hybrid Pulse Power Characterization

2 (1/1 Rate: The current corresponding to the rated capacity in ampere-hours for a 1-hour discharge.

For example, if the battery’s rated 1-hour capacity is 5 Ah, then the C} /1 is 5 A [67].
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(HPPC) Test is intended to determine the dynamic power capability over the battery’s
useable charge and voltage range using a test profile that incorporates both discharge
and regen pulses [43]. Characterization testing was conducted at 25°C' with C} /1 static
capacity tests to establish performance parameters, such as capacity, resistance, power
and energy. These tests consist of a constant-current discharge from a fully charged
state using a fraction of the rated capacity defined at the 1-hour rate. The Baseline cell
degradation generally increased with increasing test temperature, SOC, and test time.
The chemistry of Gen 2 baseline cell used in the data analysis of this chapter may be
found in [54]. The battery ratings and limitations used for testing are shown in Table

I1I.

2.1.3 Scope and Organization of the Chapter

Our approach to estimating the SOC, SOH and RUL based on EIS data employs a mod-
ified Randles circuit model of a battery. This model consists of a resistor at high fre-
quency, a parallel RC circuit for modeling the charge transfer phenomenon at medium
frequencies, and a Warburg impedance to model the diffusion phenomenon at low fre-
quencies. The circuit parameters are estimated from the EIS data using non-linear least
squares (NLLS) estimation techniques. In order to overcome the ill-conditioning asso-
ciated with the NLLS problem, we divide the estimation process into high-frequency
region, charge-transfer region, and diffusion region. The long-term temporal variations

of battery resistance are modeled by an auto-regressive support vector machine. Ex-



Table 2.3: Gen 2 Baseline Cells Ratings and Limitations [54].

(/1 rated capacity 1.0 Ah
(/1 nominal capacity (average) 0.961 Ah
Cell nominal weight (average) 385¢g
Battery Size Factor 5H3
Electrode area 846.3 cm?
Temperature
Operating Range —20°C to +60°C (discharge)
Storage 10°C £ 3°C

Voltage Limits

Minimum discharge voltage 3V (18-sec pulse), 3 V (continuous)

Maximum charge voltage 4.3 V (10-sec pulse), 4.1 V(continuous)

HPPC Calculation Voltages

Maximum (Vi 4x) 41V

Minimum (VM'IN) 3V

Current Limits

Maximum discharge current 8 A (18-sec pulse), 2 A (continuous)

Maximum charge current 8 A (10-sec pulse), 1 A (continuous)
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ploiting the linear correlation between the battery resistance and C'/1 capacity, the
nonlinear SVM models are used to forecast the battery’s SOC, as well as the capacity
fade and the power fade. An alternative estimation procedure based on USABC’s (U.S.
Advanced Battery Consortium) lumped parameter model (LPM) [43] for predicting the
power fade and energy fade from low-current Hybrid Pulse Power characterization (L-
HPPC) test data is also proposed to validate the estimates from EIS data. Unlike the
method in [43], our parameter estimation technique for the LPM model, viz., predic-
tion error minimization (PEM) method, ensures that the relevant circuit parameters are
non-negative. The estimates of capacity fade and power fade, in turn, are used to esti-
mate the Remaining Useful Life (RUL) of the battery via moving average SVMR. An
important advantage of using SVMR is that the determination of the model parameters
corresponds to a convex optimization problem, and hence, the solutions are globally
optimal (given the assumptions) and unique along with being sparse and having simple
geometric interpretations. Unlike Artificial Neural Networks, the computational com-
plexity of SVMR does not depend on the dimensionality of the input space and are less
prone to over-fitting. Survival functions and RUL estimates of the battery are also pre-
dicted via a hidden Markov Model (HMM) trained using time-dependent power fade
and capacity fade estimates. The HMM provides a further validation of our RUL es-
timates. The estimation framework proposed in this chapter is summarized in Figure
2.2.

The primary contributions of this chapter are four fold: (i) frequency-selective
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NLLS estimation to overcome ill-conditioning associated with the modified Randles
circuit parameters from the EIS data, (ii) constrained optimization to ensure that the
identified LPM parameters are non-negative, (iii) novel auto-regressive SVMR-based
capacity and power fade estimation, and (iv) SVMR and HMM-based RUL estimation.

The chapter is organized as follows. Section II discusses our approaches for iden-
tifying the battery model parameters. Section III describes procedures for estimating
the SOC, SOH and RUL characteristics of batteries based on the models identified in
Section II. Section IV validates our estimation approach on second-generation lithium-
ion cell (i.e. Gen 2 cell) data collected at the Idaho National Laboratory (INL). Section

V concludes with a summary and future research directions.

2.2 Battery Modeling

2.2.1 Identification of impedance-based battery model

In a previous work, Kuhn ef al. proposed a modified Randles scheme [63] shown in
Figure 2.2 as an equivalent circuit model of a battery.

Here, the Warburg impedance Zy, represents the diffusion phenomenon; Ry p
(high-frequency resistance) denotes the electrolyte and connection resistances, and the
Ry.||Cq parallel circuit models the charge-transfer phenomenon. Hence, the frequency-

dependent impedance expression for the above circuit becomes:
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Fig. 2.2: Modified Randles Circuit Model

th

7 — -
(w) RHF + 1 + jWthCdl

+ Zw (w) @.1)

Typically, Warburg impedance is theoretically expressed as a non-integer func-

tion [64].

Zw (w) =y (1 = j) (2.2)

where -y is a parameter, which depends on the electrochemical phenomenon.
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Nyquist plots of resistance versus (negative) reactance as a function of frequency

are used to depict impedance changes in the electrode-electrolyte interface using equiv-

alent circuit models. As shown in Figure 2.3, the Nyquist curve generally shows a

semi-circle of radius r governed by the charge transfer phenomenon, and a 45° slope

(theoretically) where the diffusion phenomenon is predominant. These profiles tend

to grow as a function of cell age and are particularly sensitive to the chosen battery

chemistry, the nature of the solid electrolyte interface, and the temperature. The main

difficulty in modeling a battery is the diffusion phenomenon at low frequencies.
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In this chapter, we implemented a nonlinear least squares estimation technique

using the Isgnonlin function in the Optimization Toolbox of MATLAB® to identify

the parameters of the equivalent circuit of the battery cell shown in Figure 2.2. The
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optimization uses trust region method and is based on the interior-reflective Newton
method [32], [31]. The non-integer function presented in equation 2.2 was used to
model the Warburg impedance.

The optimization algorithm does not converge to a solution (optimal parameter
estimate) sometimes due to severe ill-conditioning. Hence, we decoupled the EIS data
according to the three different frequency regions of the Nyquist plot (namely high-
frequency region, charge-transfer region, and diffusion region) shown in Figure 2.3 and
then, implemented non-linear least squares on each independent data-set to obtain the
parameter estimates (R characterizes the high-frequency region, R;. and Cy char-
acterize the charge-transfer phenomenon, and v represents the diffusion phenomenon).
The three frequency regions are chosen based on the frequency samples from the EIS

data as follows:

High-frequency Region — Ryr — 10000Hz — 125.89Hz
Charge-transfer Region — R;.||Cy — 100Hz — 0.12589Hz

Diffusion Region — Zy — 0.1Hz — 0.01Hz
Hence, the inputs of the parameter estimation procedure are (1) frequency, (2)

real impedance, and (3) imaginary impedance. The outputs are the parameters of mod-

ified Randles circuit, viz.,Ryr , Ri., Cy, and Zy,.

2.2.2 Identification of Lumped Parameter battery model

A model that encompasses the complex non-linear behavior of a battery, and describes

all facets of its performance over the entire life and over any energy storage cycle,
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Fig. 2.4: Lumped Parameter Battery Model

contains parameters that are difficult (or impossible) to estimate from the available test
data. Hence, USABC proposed a battery model which is linear at a given point in
life based on a repeatable test cycle, such as the Hybrid Pulse Power Characterization
(HPPC) test [90]. The USABC lumped parameter model [43] is shown in Figure 2.4.
The parameters of the model are: OCV = Ideal voltage representing open-circuit
battery voltage, R, = Battery internal ohmic resistance, Zp = Battery internal polar-
ization resistance, C = Shunt capacitance, 7= RpC' = Polarization time constant, [} =
Load current (positive for discharge and negative for charge), /p = polarization current
dlp Ur—1Ip)

= solution of the differential equation ;> = ~*+—*-, initial condition, /p (07) =0,
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ﬁ: Capacitance that accounts for variation in OCV with the time integral of load

current /7. Thus,

t
Vi, = -0CV’ /ILdt + OCV — Rplp — Ryl
0 2.3)

= Battery terminal voltage

The objective is to estimate the lumped battery model parameters OC'V, OC'V”,
Ry, Rp and 7 using the L-HPPC test data. However, since the L-HPPC test repeats each
pulse profile at several fixed depth of discharge values, the parameters are estimated at
each depth-of-discharge (DOD). Formulation of the linear lumped parameter model in

state-space representation is as follows:

T 0 0 0 1 1
o | =10 =1/7 0 o | T 1 | L
T3 0 0 0 T3 0
T1
r 2.4)
Vi = g ¢y 1 To + dIL

Z3

x(t) = le(a)da;xg(t) = Ip(t),z3(t) = OCV,

C1 = OCV’, Co = —RP, d= —Ro, T:RPO
The load current, /;, and terminal voltage, V7, for one pulse (one DOD) of L-

HPPC test (shown in Figure 2.5) are inputs to the system identification procedure.
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The model parameters are estimated using the iterative Prediction-Error Min-
imization (PEM) method (Appendix B). The algorithm implementation is similar to
the autoregressive moving-average algorithm, with modifications to the computation of
prediction errors and gradients, and the cost function (sum of squares of measurement
prediction errors) minimization is implemented in such a way that the variables are
constrained to be non-negative. The R2-statistic obtained was approximately 99.5%
for all pulses. The estimated and measured terminal voltage and the RZ-statistics for

one week (i.e. 8 pulses) of the L-HPPC data are shown in Figure 2.6.
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2.3 Estimation of Battery Characteristics

2.3.1 SVMR Prediction

The circuit parameters vary with time. We model the temporal variations of total resis-
tance R(k) = (Rur(k) + Ri(k)) in week k via an auto-regressive SVMR of length L

(typically, L=2). Specifically,

R(k) = f{R()}o_ ) (2.5)

We also use moving average SVMRs for predicting the capacity fade from C /1

capacities, and RUL from capacity and power fade estimates.

2.3.2 State of Charge (SOC)

State of Charge (SOC) is defined as the available capacity in a battery expressed as a
percentage of the actual (or estimated) rated capacity. This is normally referenced to a

constant-current discharge at a C'; /1 rate. That is,

estimated capacity — capacity removed
SOC = 100 2.6
(%) estimated capacity % (2.6)

where capacity removed = fot I (7)dr. For constant-current discharge, capacity re-
moved = I .t, where, [ = discharge current in Amperes and ¢ = time in hours.
The sum of high-frequency (or ohmic) resistance and charge-transfer resistance

is correlated with the C/1 capacities from the C/1 static capacity test data. SVMR
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[16] is then used to make future predictions of the resistance using the model in 2.5,
and consequently, the estimated capacity is obtained from these correlation plots. The

capacity removed depends on the battery usage.

2.3.3 State of Health (SOH)

State of Health (SOH) is the ability of a cell to store energy, source and sink high
currents, and retain charge over extended periods, relative to its initial or nominal capa-
bilities [14]. It is a figure of merit that describes the degree of degradation of a battery,
and gives a quantitative measure that replaces fuzzy statements, such as ‘fresh’, ‘aged’,
‘old’, and ‘worn out’ [41]. In this chapter, we characterize the SOH of a battery by its

power fade and capacity fade.

Power Fade

The loss of cell power due to an increase in cell impedance during aging is known as
power fade [67]. In this chapter, we determine the power fade of the battery from the

EIS test. The actual power from the EIS test is calculated as:

P=— Q2.7)

where V' is the voltage (5mV for EIS test) and R is the total resistance, (Ryp + Ry.),
obtained from EIS data using nonlinear least squares or predicted via SVMR using 2.5.

Hence, power fade is computed as follows:
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PowerFade =1 — (Pmuer(k‘)) 1(0)

Power(0) B ~ R(k) 28)

where Power(0) is the power at the beginning-of-life (BOL) and Power(k) is the power
at the desired time (week). Consequently, power fade at the chosen week is obtained
via SVMR predictions of the total resistance using equation 2.8.

An alternate procedure for estimating the power fade and energy fade from Hy-
brid Pulse Power characterization (HPPC) test data is shown in Figure 2.7.

A detailed procedure for determining the Available Energy and Available Power,
along with the resistance characteristics, open-circuit voltage (OCV) and the pulse
power capability, from the L-HPPC data has been discussed in [54] and [43]. The
Power fade and Energy fade from the beginning of life (BOL) to some later point in

time is calculated using the equations,

Available Power (k)
) o (. 100 2.9
owerFade(%) ( Available Power (0)) : -
Available Energy (k)
) ; (. 1 2.1
nergyFade (%) ( Available Energy (0) e oY

where, time ‘0’ refers to the BOL reference performance test (RPT) and time ‘k’ refers
to a RPT performed at a later time where the power fade and energy fade are to be

determined.
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Capacity Fade

The gradual loss of capacity of a secondary battery with cycling is known as capacity

fade [67]. Capacity fade is also the percent loss in C /1 discharge capacity [90].

. Capacity (k)
tyFad =(1l-—F= 1 2.11
CapacityFade (%) ( Capacity(0) x 100 (2.11a)

a(R(k) — R(0))
B

CapacityFade (%) = %100 (2.11b)

where Capacity(0) is the BOL Capacity, and Capacity(k) is the Capacity at the de-
sired time (week), k. Hence, Capacity fade at the chosen week can be computed by
SVMR prediction of the (/1 capacities from the static capacity test. Given that the
capacity is approximately linearly related to the total resistance, i.e., C'(k) = [ —
a(R(k) — R(0)), it can also be written as equation 3.82.

The capacity fade of a battery is estimated by predicting the C;/1 capacities

using an auto-regressive SVMR:

C(k) = g({C()}5 L) (2.12)

Once the capacity is estimated, the capacity fade is computed from equation 3.82.
Alternately, one can compute the capacity fade from equation 3.82 by appealing to the

linear correlation between the capacity and battery resistance.
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2.3.4 Remaining Useful Life (RUL) via SVMR

In this chapter, we predict the RUL of the battery using a moving average SVMR for

different thresholds on capacity fade and power fade. Formally, at week k, we estimate

RUL(K) = h({P(i), C(i) }i=) (2.13)

where C'(k) and P(k) are the capacity fade and power fade, respectively, and RU L(k)

is the remaining useful life at time k.

2.3.5 Estimation of Survival Function and RUL using HMMs

Survival function is defined as the probability that the system operates without fail
beyond a specified time instant ‘#’, given that it is operational at time ‘0’. It is also

known as the reliability function and is given by,

S(t)y=P(T >t)= /f(T)dT (2.14)

where 7' is a continuous random variable denoting ‘time-to-failure’ (TTF) having pdf
f(t). Here, we estimate the survival functions of batteries using hidden Markov models
(HMMs), which, in turn, is used to predict the remaining useful life of batteries.

An HMM is characterized by the number of states (/N), observations (z), state
transition probability matrix (A), emission probability matrix (B) and initial state prob-

ability vector (). HMM parameters are generally denoted as A = (A, B, ), where A
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represents the parameter set of HMM. A brief description of HMMs is provided in
Appendix C. Capacity fade and power fade are the observations of the hidden Markov
model. Since the observations z(t) at time ¢ (e.g., week t) are continuous, they are mod-
eled as Gaussian mixture with m components having means {;}, covariances {%;},

and mixture priors {w; }. Formally,

m

bi(z) = > N(x; i, 5i) - w; (2.15)

=1
The HMM parameters A are learned from the training data using the Baum-Welch
algorithm [97], [96], [12]. The number of states of HMM are chosen based on how well
the HMM predicts the power fade and capacity fade as determined by the coefficient
of determination (R?-statistic) which in turn depends on the squared error loss of the
capacity fade and power fade estimates. Formally, the predicted observations at time

step ‘t + 1’ can be computed recursively via

pzt+ 1)) = 3 pzt+1),st+1)x)
s(t+1)

= 2 p+1)st+1)) %ﬁ)p(S(tJr1)|8(t))p(8(t)lzt)

s(t+1)

= ﬁ > opE+Dst+1) X p(s@+ Ds@)p (x', s(t)) (2.16)
PED GF 5(0)

1

= k5 3l Dlst+1) T p s+ Dlst) alst)
s(t+1) s(t)

N N
= & Lopt+D)lst+1) =5) 3 aijait)
& 2 z

where x* = [z(1),z(2), ..., z(t)] is the set of observations until time ¢(1 < ¢ < K),

)=

a;(t) = p(x*, s(t) = i) is the forward variable, and ‘s’ is the hidden state.
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An estimate of state probabilities (x(t)) at the current time instant ¢’ can be
computed from the HMM model via the forward algorithm or the Viterbi algorithm
[97]. Here, we determined the j“* component of ((t)) from the Viterbi algorithm

using,

my(t) = 2 () 2.17)

where J,(t) is the probability that the observations up to time ‘" end in state j’ and is

given by,

B0 = | P ) s@)s(0) = G2 () 2(2)-2(0)A) (2.18)
=, 5N [0:(t — D)aij] b (z(t))

We can also estimate (7(¢))’s from the normalized forward variables (via forward

algorithm) using

a;(t) = max [oy(t — 1)ag] by (x(t)) (2.19)

1<i<N

and normalizing the forward variables as in 2.17. Once the state probabilities are ob-

tained, the estimation of survival (or reliability) function is computed using,

S(t+n)=m(t) A"e; (2.20)
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where e is a vector of size ‘N’ with 0’s in failing states and 1’s in the operational states.

The mathematical derivation of equation 2.20 is given in Appendix D.
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2.4 Results and Discussion

Second-generation lithium-ion cells with baseline chemistry were chosen as the valida-
tion data in this chapter. Life testing was interrupted every 4 weeks (data was collected
for a total of 140 weeks) for reference performance tests (RPTs) consisting of static
capacity test, a low-current hybrid pulse power characterization (L-HPPC) test, and
electrochemical impedance spectroscopy (EIS) test. Five baseline cells (8, 9, 11, 14,
and 15) out of a test matrix of 30 cells have been chosen for our experiments because
of time-period of collection of data (140 weeks). The other cells in the test matrix
were removed earlier (at different time-periods) as they were considered “dead” (i.e.

approximately, power fade = 50% and capacity fade = 30%).

2.4.1 Parameter Estimation Results

Estimates of the modified Randles circuit parameters, Rypr, R:, Cy, and Warburg
parameter, v, for different battery cells are obtained as a function of time (weeks) using
frequency-selective nonlinear least squares from the EIS test data. The time-dependent
behavior of (Rypr + Ri.) will be used to estimate the degradation of battery cells. The
degradation of some of the battery cells as a function of time (weeks) is shown below
(Cy and Warburg parameter, vy, are not shown here since they show negligible change
over the aging process, and are not used in our estimation framework).

The battery’s internal impedance parameter identified from the EIS test cho-

sen for correlation analysis is the total internal resistance of the battery (i.e., R =
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Fig. 2.8: Total resistance versus battery age in number of weeks

Ryr + Ry.). Figure 8 shows the variation of resistance as a function of weeks. The
SVMR model (with C' = 1000 and ¢ = 0.001) with L = 2 for the total resistance
parameter R showed excellent R2-fit values of 97% for as many as 15 — 20 week-ahead
predictions. Hence, SVMR proved to be an ideal algorithm for future predictions of the
circuit parameters. This implies that EIS tests can be done as part of routine vehicle
maintenance (e.g., oil changes).

The C} /1 discharge capacities were extracted from the (' /1 static capacity test

data. Figure 9 shows the average (/1 discharge capacity for different Baseline cells



that were aged at 60% SOC.
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Figure 10 shows the high degree of linear correlation between the Cy/1 dis-

charge capacity and the internal resistance parameter 2 for different cells. For the

linear model C'(k) = f — a(R(k) — R(0)), typical values for o and /3 for the various

cells were a € [9.52,11.03] and 5 = C'(0) € [0.93, 1]. Hence, linear model parameters

of the correlations plots for different temperatures and SOC’s can be stored as part of

a look-up table for instantaneous computation and prediction of internal resistance and



battery capacity.
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2.4.2 State of Charge (SOC) Results

The resistance predictions are used to obtain the corresponding C /1 discharge capac-

ity from the linear correlation plots in Figure 2.10. Subsequently, the SOC is obtained

using equation 2.6. Figure 2.11 shows the variation of the SOC for a constant-current

discharge of baseline cell 8 from beginning-of-life (BOL) to end-of-life (EOL). Conse-
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quently, SVMR could also be used to predict SOC even under nonlinear driving condi-

tions with good accuracy.

Time (hours)

Fig. 2.11: Percentage SOC as a function of time for Baseline Cell 8
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2.4.3 State of Health (SOH) Results

The rate of capacity loss (capacity fade) generally increases with increasing tempera-
ture and SOC. The SVMR model (with C' = 100 and o = 0.0015) with L=2 for the
C1/1 capacities showed excellent R?-fit values of 95% for as many as 10 week-ahead
predictions. Figure 2.12 shows the capacity fade of different baseline-chemistry cells
obtained using equation (11).

The power fade of different cells predicted using the approaches described in
section 3 is shown in Figure 2.13. The power fade computed from EIS data (using
equation (8)), and L-HPPC data (using equations (9) and (10)) showed similar results,
with the EIS predictions providing an underestimate by approximately 2% for all cells.
Hence, battery health monitoring in terms of its power fade and capacity fade can be
obtained using an autoregressive SVMR, which enables condition-based maintenance

of the batteries.

2.4.4 Remaining Useful Life (RUL) Results

Figure 2.15 shows the RUL for an end-of-life (EOL) criterion of approximately 50%
power fade and 30% capacity fade, at which time the battery is assumed to have failed
operationally.

As seen in the Figure, the RUL of the battery decreases with time and the EOL
criterion is based on the application-dependent capacity fade and power fade. The

SVMR can be trained for various thresholds of capacity and power fade thresholds, and
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Fig. 2.12: Capacity fade prediction for different cells

consequently, the RUL can be obtained for a specific context-dependent threshold. The
SVMR regularization parameter was found to be 100 (i.e. C' = 100) and o of the RBF

kernel function was found to be 1, for RUL predictions.

2.4.5 Saurvival function and Reliability analysis Results

An 8-state HMM model is trained using capacity fade and power fade of a battery as

observations and the survival function is estimated for the cells. A two component
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Fig. 2.13: Power fade estimation for different cells

Gaussian mixture model was used as the emission model. Figure 2.14 shows an esti-

mated survival function from hidden Markov models. It is a monotonically decreasing

function that depicts the reliability of a battery at any time ‘+’. The R?-fit was about

99.91%.
The expected remaining life at any time ‘¢’ can be computed from the survival

function by defining a threshold on reliability. Mathematically, it is written as,



55

Sundval function

R-square = 0.9991

0.8F MSE = 0.0001

0.7+

0.5¢

Survivability

0.4}

0.3F

0.2}

0.1

| | |
20 40 60 80 100 120 140

Time (In weeks)

Fig. 2.14: Survival Function Estimation via HMM

RUL(t) = argmin { (z(t)A"e;) < &0} (2.21)

where ¢( denotes the threshold of functional failure. Given that a 50% power fade and
a 30% capacity fade constitutes a functional failure of the battery (i.e., EOL), gq is
approximately 0.2578. Figure 2.15 shows the expected remaining life of the battery
with € as 0.2578. Consequently, SVMR and HMM based RUL predictions are quite

similar with SVMR providing better estimates (based on R? and MSE measures) and
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can be used for prognostic health management of the battery module. Nevertheless,
HMM’s provide consistently comparable results and outperform SVMR towards the
end of life (EOL) of the battery (i.e. it gives estimates with smaller variance for the

136% and 140" week predictions than SVMR).
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Fig. 2.15: Remaining Useful Life Prediction via SVMR and HMM
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2.5 Conclusions

Next generation battery management systems will feature online tracking and monitor-
ing of pivotal battery characteristics, such as SOC, SOH, RUL, survival function, area
specific impedance (ASI), and power density to facilitate efficient diagnostic and prog-
nostic maintenance of batteries. Here, we proposed a framework for estimating and
predicting these salient battery performance measures. Three commonly used refer-
ence performance tests were used for our analysis, viz., C; /1 static capacity test, elec-
trochemical impedance spectroscopy (EIS) test, and the low-current hybrid pulse power
characterization (L-HPPC) test. Our approach to estimating the SOC, SOH, and RUL
is based on a modified Randles equivalent circuit model of a battery. This model con-
sists of a high frequency resistance, a parallel RC circuit for modeling charge transfer
phenomenon at medium frequencies, and Warburg impedance to model the diffusion
phenomenon at low frequencies. The circuit parameters are estimated from the EIS
data using non-linear least squares (NLLS) estimation techniques. The ill-conditioned
parameter estimation problem has been addressed by decoupling the high-frequency,
charge-transfer, and diffusion regions of the Nyquist plot. We proposed an autore-
gressive SVMR using an e-sensitive loss function for predicting the resistance. The
(/1 capacity was obtained from the C /1 static capacity test. Hence, the SOC can be
obtained using the resistance-capacity mapping or from the C /1 prediction via an au-
toregressive SVMR. Consequently, a framework was proposed to predict the capacity

fade and power fade, which characterize the SOH of a battery. An alternate procedure
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for estimating the power fade and energy fade from low-current Hybrid Pulse Power
characterization (L-HPPC) test data using the lumped parameter model (LPM) is also
proposed. The RUL predictions were made by setting different application-dependent
thresholds on capacity fade and power fade. Survival function and RUL estimation
of the battery was performed using HMM model predictions as well. The proposed
framework for the Gen 2 Li-ion battery data showed good accuracy for estimating the
important battery characteristics.

Consistent estimates of residual useful life (RUL) via two different techniques
(SVMR, HMM) provide partial cross-validation, as well as demonstrate the accuracy
of RUL estimates. In addition, our use of steady-state EIS and transient HPPC data to
separately estimate power fade and capacity fade provides another cross-validation of
our approach.

Further investigation is required on the validation of the estimation framework
for real-time driving schedule conditions and dependence of circuit parameters on tem-
perature and cycling conditions, as well as different battery chemistries. In addition,
a systematic evaluation of different algorithms for the estimation of essential battery

characteristics on benchmark battery data is suggested as a future area of research.
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Chapter 3

Integrated Battery Fuel Gauge and Optimal Charger

3.1 Introduction

Modern-day battery management systems (BMS) have become an integral part of sev-
eral key automotive, aerospace and portable applications. The functionality of a BMS
is multifaceted, ranging from cell protection, charge-discharge control, determining the
pivotal battery characteristics such as state of charge (SOC), state of health (SOH),
and remaining useful life (RUL), to battery capacity monitoring, remaining run-time
estimation, monitoring and storing historical data, etc. The goals of BMS are to maxi-
mize the run-time per discharge cycle, as well as the number of charge-discharge cycles
attainable during the life of the battery. The need for the online estimation of such prog-
nostic information with acceptable error under all operating conditions over the entire
lifetime of a battery requires developing new approaches.

Figure 3.1 shows a conceptual block diagram of a BMS consisting of a battery
fuel gauge (BFG) and an optimal charger. Some of the key requirements in design-

ing the next-generation lithium-ion BMS, especially those used in portable devices, are

60
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Fig. 3.1: Conceptual Block Diagram of a BMS

high accuracy, fixed-point computation implementation, ability to work with limited
memory, and adaptation to short-term and long-term battery changes. Precise esti-
mation of the characteristics of lithium-ion batteries requires the consideration of key

chemical phenomena as listed below.

1. Hpysteresis Effect: The term hysteresis is derived from the Greek hustereia, which
means “to arrive late”. As illustrated in Figure 3.2, the major hysteresis loop cor-
responds to a full cell charge and discharge (Point A to point B while charging,

and B to A while discharging), and the minor hysteresis loops are encountered
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Fig. 3.2: Illustration of Major and Minor Hysteresis Loops

when a partial charge is followed by a partial discharge (Point D to point C, and
point C to point B), and vice versa. The polarization does not immediately flip
sign upon a current reversal, but slowly decays from one leg of the major hystere-
sis loop to the other. Hysteresis is a function of current and SOC, and is found
to be considerably larger at low temperatures (especially for Li-ion Polymer Bat-
teries) [89]. The hysteresis in Li-ion batteries is due to the thermodynamic en-
tropic effects, mechanical stress, and microscopic lattice distortions within the
active electrode materials during Lithium insertion/extraction [107]. Cells with
two-phase active materials have been shown to produce pronounced open-circuit

voltage (OCV) hysteresis effect, where an electrode’s potential after Li insertion
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is lower (against Li/Li* reference) than after Li extraction, even with the same

stoichiometric Li content [11, 118].

2. Relaxation Effect: The relaxation effect is another basic characteristic of the bat-
tery that represents the slow convergence of the battery’s OCV to its equilib-
rium point after hours of relaxation following charging/discharging. It is a phe-
nomenon caused by the double layer charging/discharging [107]. This may be

viewed as a low-pass filter on the current [89].

3. Memory Effect: Memory effect refers to batteries gradually losing their usable
capacity owing to a reduced working voltage due to repeated recharging after be-
ing only partially discharged. Memory effects are well known to users of nickel-
cadmium and nickel-metal-hydride batteries, and typically, Li-ion batteries have
no memory effect. However, LiFePO, was recently observed to display memory
effects after partial charge and discharge cycles. Memory effect was enhanced at
lower SOC; it did not disappear even after long rest time of 24 hours [115]. Also,
LiMnPO, and LiNiPO,4, which are other candidates for next-generation Li-ion
batteries, should show this memory effect because they have the same olivine

structure and two-phase reaction as LiFePOy.

4. Two-phase Transition/Reaction Effect: Due to the occurrence of at least two dif-
ferent material phases within the electrodes, electrochemical potential remains

almost constant during lithium insertion and extraction. This means that a volt-
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age plateau occurs during charging or discharging of the battery cell [107]. This

makes SOC estimation ill-conditioned.

5. Lithium-ion Plating: Plating occurs when the battery is driven with a potential
large enough to promote reduction of Li* ion to solidify at the surface of the
anode. Plating does impact capacity, but is a greater concern for battery reliabil-

ity/safety. It is possible, through dendrite growth, to short the anode and cathode.

6. Solid-Electrolyte Interface: Solid Electrolyte Interface (SEI) is a skin-like ma-
terial that develops on the anode and that impedes current flow (resistance); it

consumes Lithium in a non-reversible fashion.

The proposed integrated BFG and optimal charger consists of many novel el-
ements; The BFG algorithms is based on a novel voltage drop model which enables
robust SOC tracking, parameter and capacity estimation [7, 8]. The optimal charg-
ing algorithms compute closed-loop charging current waveforms for various scenarios
based on novel battery aging models and optimal control theory [1-3].

The chapter is organized as follows. An overview of the battery fuel gauge (BFG)
and optimal charging algorithms (OCAs) is presented in Sections 3.3 and 3.4. Section
3.5 discusses the battery management system (BMS) based on the BFG and OCA.
Section 3.6 presents the results of the BFG and OCA on HIL data collected across
different commercially available batteries and varying operating temperatures. Finally,

Section 3.7 concludes with a summary.
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3.2 Open Circuit Voltage Characterization of Lithium-ion Batteries

3.2.1 Introduction

Rechargeable Lithium-ion batteries are widely used in electric vehicles, personal/wearable
electronic devices, household appliances, aerospace equipment, grid storage, and so on.
Estimating the state of charge (SOC) and state of health (SOH), known as battery fuel
gauging [7-9], is an important function in equipment powered by rechargeable batter-
ies. The OCV is a measure of the electromotive force (EMF) of the battery, which is
known to have a monotonic relationship with the SOC of the battery, hence, estimating
SOC must have been a straightforward, voltage-look-up process. However, due to the
variable internal resistance, capacity, hysteresis and relaxation effects of the battery, the
BFG involves many components as outlined in Figure 3.3. The focus of the chapter is
on estimating the parameters of the OCV-SOC characterization.

Existing OCV modeling approaches can be broadly classified into chemistry-
based and Current-Voltage based approaches. In chemistry-based approaches [27], the
OCV of each electrode (anode and cathode w.r.t some reference) is expressed as a
function of the utilization of the electrode (the lithium concentration in the electrode
normalized by the maximum possible concentration) or the SOC of each electrode. It
is generally assumed that this anode and cathode SOC varies linearly with the cell SOC
[98]. Subsequently, the difference between the OCV of the anode and cathode gives the

OCV of the complete cell. High current rates (i.e., near the rated maximum) have been
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shown to affect the macroscopic processes in a way that the OCV hysteresis vanishes for
Li-ion cells, which regularly show OCV hysteresis after low current application [105].
Roscher et. al [106] conducted OCV (full and partial charge-discharge cycle) tests on
Lithium ion phosphate (Li F'e PO,) batteries to characterize the hysteresis and recovery
effects. The final OCV model is constructed by concatenating the actual SOC, the
recovery factor and the hysteresis factor. Our focus in this chapter is on Current-Voltage
based OCV characterization.

The Current-Voltage based OCV-SOC characterization can be summed by two

simple steps:
(i) Collect pairs of {OCV,SOC} values, spanning the entire range of SOC é[O7 1]

(ii) Use the above data to estimate the parameters of the function OCV = f(SOC)

for a hypothesized function f.

There are challenges in both of the above steps. The objective of this chapter is to detail
them and discuss ways to address them.

Figure 3.4 shows the equivalent circuits of a battery when it is experiencing dy-
namic current versus when it is rested [7]. When the battery is experiencing dynamic
current, the voltage difference between OCV, V,(s[k]), where, s[k| is the SOC at the
discrete time k&, and the measured terminal voltage v[k] becomes higher. When the cur-
rent i[k] becomes zero, the battery starts to “relax”, i.e., the capacitors C1, . .., Cyy start

to discharge through Ry, ..., Ry, respectively. The battery is said to be in a “rest state”
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when i[k] = 0 for longer than the multiple (typically > 5) of the largest time constant
R;C; in the equivalent circuit model, i.e., until all the capacitors C, ..., Cy are fully
discharged. However, the OCV is still unreachable at the terminal even after the battery
is rested, due to the hysteresis voltage h[k].

The hysteresis, also known as “voltage pull” — a derivative expression, depends
on the direction, magnitude and duration of the preceding current as well as on the
SOC. Hysteresis is known to result from thermodynamical entropic effects, mechanical
stress, and microscopic distortions within the active electrode materials, which perform
a two-phase transition during lithium insertion/extraction [105]. Thus, knowing the
exact value of hysteresis is impractical. However, since the direction of the hysteresis
voltage is opposite during charging and discharging, the OCV (at a certain SOC) can be
approximately estimated by averaging the measured terminal voltage during charging
and discharging when the entire experiment is performed using the same magnitude of
current. Usually, a smaller current' is required in order to reach the OCV at both ends,
i.e., to measure OCV from V;(0) to V,(1).

The SOC of the battery for OCV-SOC characterization is computed through
Coulomb counting, which keeps track of the amount of Coulombs extracted from/inserted
into the battery and computes the SOC as a ratio of remaining Coulombs and battery ca-

pacity. Hence, the knowledge of battery capacity is crucial for accurate OCV-SOC char-

! Using high current in OCV experiments will prevent reaching full battery (SOC = 1) or empty

battery (SOC= 0).
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acterization. Usually, the OCV-SOC characterization is performed on a new battery,
hence, manufacturer specified capacity (also known as “rated capacity”) or Coulomb
counting from a fully charged battery to a fully empty battery at very low current values
will serve as a fairly accurate estimate of the initial battery capacity.

However, the battery capacity is known to fade over time; hence, the BFG? needs
to account for the capacity fade over time. At this point, the OCV-SOC characteriza-
tion made using incorrect capacity will become more and more unsuitable. We will
elaborate on this point later in this chapter.

The conclusion from the existing literature is that the OCV characterization changes
with battery temperature. Hence, many existing approaches suggested computing OCV
parameters at intermediate temperatures spanning possible battery usage. The OCV
parameters at any other temperature are then obtained through interpolation. In these
characterizations, the SOC is computed relative to a fixed (nominal) capacity of the bat-
tery, which, based on the manufacturer specifications, holds true only at the “nominal
temperature” of the battery.

Hence, one of the focal points of this research, backed by data collected from 34
battery cells each at up to 16 different temperatures spanning —25°C to 50°C at equal
steps, is to investigate if the knowledge of battery capacity at different temperatures

plays a role in OCV-SOC characterization. We computed the OCV characterization

2 A BFG needs the battery capacity information in the “Coulomb counting equation” or process

model, see [9].
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curves at each temperature and analyzed the differences. Further, rather than using the
rated capacity of the battery, we computed the battery capacity through slow discharge
from full to empty at each temperature. The experiments were repeated on slightly
older batteries as well. Our conclusion is that the OCV characterization curve remains
the same, regardless of the temperature or age® of the battery, as long as the correct
battery capacity is used in the characterization. The implication of this conclusion is
significant: There is no need to repeat OCV characterization experiments at differ-
ent temperatures — doing so at one temperature is sufficient for SOC tracking at all
temperatures of battery operation as long as the capacity is estimated dynamically and
continuously [7-9].

Once the pairs of {OCV,SOC} values are collected, the next step is to model
these data given later in (3.1) as a function. From a mobile computing perspective, the

following constraints are relevant in selecting such a function:

e Fewest possible parameters

e Ease of computation and inversion.

Nowadays, rechargeable Li-ion batteries are used in many small electronic devices
(e.g., smart watches, Google glass, etc.)and BFG is a desired capability in these de-
vices, however, it must be able to function with limited amount of memory and com-

putational needs. Since many of the BFG algorithms, such as the ones in [7-9], require

3 Our analysis on aged batteries was done using a limited amount of data, hence, the conclusion about

the aged batteries must be considered preliminary.



70

the computation of OCV and its derivative for a certain SOC and finding the SOC given
a certain OCV (inversion of (3.1)), the selected OCV characterization function needs
to be easily computable and invertible. The functions that we eventually select involve
logarithms — we employ a computationally efficient, numerically stable approach to
implementing logarithms through a Padé approximation.

The novel contributions and results of this chapter can be summarized as follows:

1. Normalized OCV modeling. We show that the OCV characterization is the same
for any temperature; hence, doing so at one convenient temperature is adequate

for BFG at all temperatures.

2. New OCV-SOC models. We analyze many models for OCV-SOC characterization
and propose novel models that are suitable for mobile applications, i.e., with

modest memory and computational complexity.

3. Novel approaches for OCV model parameter estimation. We propose several

approaches for OCV parameter estimation.

4. Performance comparison of OCV-SOC modeling as it relates to BFG. We em-
ploy several performance evaluation metrics in order to assess the suitability of
models in BFG. First, the required computational complexity of each model is
summarized. Then, OCV modeling accuracy is compared at a certain complex-

ity.

The rest of the section is organized as follows: A summary of existing and some
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newly proposed OCV-SOC models are described in Section 3.2.2. Section 3.2.3 dis-
cusses the different OCV-SOC model parameter estimation techniques. The novel nor-
malized OCV modeling is summarized in Section 3.2.4. In Section 3.2.5, we elucidate
the different metrics for the selection of an OCV-SOC model for the BFG. Section 3.6
evaluates the different models based on HIL data collected across different batteries
and varying operating temperatures. Finally, Section 3.7 concludes with a summary

and future research directions.

3.2.2 OCV-SOC Models

The OCV of the battery has a monotonic relationship to the SOC. This relationship,
usually modeled as a function, is the backbone of a BFG. In a general form, it is written

as

Vo(s) = f(s) 3.1

where V;(s) denotes the OCV and s € [0,1] denotes the SOC. In this section, we

summarize important OCV-SOC functions.

Linear Regression-Based Models

A linear OCV model satisfies
Vo(s) = p(s)'k 3.2)

where p(s)? is a row vector of linear/non-linear functions of s and k is the OCV pa-

rameter vector. It must be noted that the above expression is linear in the parameter
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vector k, not necessarily in s.
We consider the following linear-in-parameter models in our analysis with the
objective of finding an appropriate model that satisfies the restrictions in the number

of parameters and computational complexity while providing sufficient modeling accu-

racy:
p
1 1] (i) Shepherd model [124] [77]
1 5] (i) Unnewehr universal model [124] [126]
[1 In(s) In(1l-s)] (iii) Nernst model [124] [122,130]
T 1 s 1 In(s) In(1-9)] (iv) Combined model [88]
pPo(s)” = (3.3)
[1 s % s% S% S% In(s) In(1-— s)] (v) Combined+3 model [9]
[1 s ... sk s~ S’L2] (vi) Polynomial model [121]
[1 e’ esLl e % ... e*SL2] (vii) Exponential model
L [To(s) Ti(s) Ta(s)... Tr—1(s)] (viii) Chebyshev model
T
ko = [KQ K1 K2 e KM] (34)

where, M + 1 is the length of the parameter vector k (for example M = 1 for
the Shepherd Model and M = L + L, for the polynomial model), L is the order of the
Chebyshev polynomial and 7j is the [ Chebyshev polynomial.

Next we discuss some of the above models.

Combined+3 Model The “Combined+3 model”, first used by the authors in [7-9],
was formed by including three additional terms 8%, S% and 5%1 to the existing combined

model. These terms are introduced to capture the sharp decline (or “knee”) in the OCV
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as the SOC reaches zero. It is noticed that, such sharp knees are found in the majority
of the batteries except for a few battery chemistries. For batteries without such knee
shape in the OCV-SOC characterization, the Combined model alone will be adequate

to accurately capture the OCV curve.

Chebyshev Model The Chebyshev model is proposed in this chapter due to its nu-
merically stable characteristics in fixed point implementations and its known property
of minimizing the maximum error (i.e., uniform error across all SOC values) [93] [4].

Let us define s, € [-1,1] as
Se=2s—1 3.5)

The function V,(s) can be approximated in terms of the Chebyshev polynomial

as
L—1
Vo (s) = Y KiTi(50) (3.6)
=0
where
1 L
Ko = 7 Vo(5a) (3.7)
k=1
9 L
Ki = 2 Vol(sa) Ti5a) (3.8)
k=1
and
54 = cos%, k=12 .. L (3.9)
(2k — 1
Ti5u) = cos GEZDT o p (3.10)
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Clenshaw Recurrence for the Evaluation of Chebyshev Model Once the coeffi-
cients of the Chebyshev expansion are known, then V;(s) for any given s € [0, 1] can

be computed using the backward recurrence relations

Yyr+1 = 0 3.11)
y = 0 (3.12)
yr—1 = Krp1 =y +2yrse (3.13)
1 = Ki—ys+2ys. (3.14)
Yo = Ko—y2+2yis. (3.15)
Vo(s) = (Ko—w2) +y15c = Yo — Y15c (3.16)

This numerically stable approach to the evaluation of functions expressed in Chebyshev

series is known as Clenshaw’s recurrence.

Padé Approximation of Natural Logarithm For OCV-SOC models that include
natural logarithm, there needs to be an approximate way to implement them in smaller
micro controllers and hardware logic circuits. We use the following expression, which
gives a very accurate approximation of natural logarithm through Padé approxima-

tion [58]

B 0.01812x° — 0.30555x1 — 1.3055523 — 222 +
~0.0039625 — 0.1190424 4 0.8333323 — 2.2222222 + 2.5x — 1

(3.17)

lnpade(l — l’)
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The In;,q. above can be implemented efficiently using Horner’s method as fol-

lows:

(1372 — 2310)x + 9870)x — 15120)2 + 7560)
(30z — 900)z — 6300)z — 16800)z + 18900)x — 7560

Inpage(l —2) = « (3.18)

In Figure 3.5, the In,q. approximation is compared with In implemented using
5" order Taylor series approximation and the In implementation by Matlab. It shows
that the Padé approximation is more accurate than Taylor series approximation of the
same order*

Nonlinear Regression-Based Models

In this section, we review three non-linear models presented in the literature and present
a new non-linear OCV-SOC model using a rational approximant.

For nonlinear modeling, we designate
Von(s, ko) 2 Vo(s) (3.19)
where
Ko =[Ko K1 ... Kl (3.20)

is the nonlinear OCV parameter vector.

# Indeed, higher order Taylor series approximations, up to more than 15" order, were tested and the

conclusion is that the Taylor series approximation did not improve the accuracy with respect to (3.18).
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Ko + K18 + K2 (1 - e*"‘SS) + K4 (1 - 671?55) (a) Double exponential model [51]

Ko — "L+ rpeH3(1=9) (b) Nonlinear exponential model 1 [81]
V:)’n(S, K'/o) = Koe RS 4 ko + K3s + kas2 + k5SS (c) Nonlinear exponential model 2 [28](3'21)

=2 m>0,n>0 (d) Rational approximant
1+ > K sJ
i=1

\

Rational Approximant: In (3.21), we propose a model based on rational approx-
imant which gives very good modeling accuracy. The model based on rational ap-
proximant is proposed based on Padé approximation ideas of [58]. The coefficients
Ko, K1, - - - y Kmin Of the rational approximant can be uniquely determined. This method

is also known as m/n order rational approximant.

Hybrid or Piecewise Linear Models

It was noticed that using a single function to model the entire shape of V;(s) requires
more parameters to reach a certain accuracy. The same level of accuracy can be ob-
tained with fewer parameters through hybrid modeling. The objective is to simplify the
models as much as possible, hence, only linear regression-based models are considered
in this approach.

The intuition behind hybrid modeling is to approximate the OCV models as a
few linear curves. For example, for some batteries, starting from a fully charged state,
the OCV decreases gradually (and linearly) with SOC until a certain (low) SOC. After
that, the OCV drops steeply (and linearly) with decreasing SOC. This particular battery

can be represented using two straight lines: one for the gradual drop and the other for
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the steep drop. Some other OCV-SOC characteristic curves could be approximated by

three (or more) different models. We consider only two of the following general form:

pi(s) 'kl if s> ¢
Va(s) = (3.22)
pi(s) ki ifs<(
where each of p’ (s) and p’(s) denote one of the eight different OCV models in (3.3).
In this chapter, we chose the combined model for p‘(s) and a 2"¢ order polynomial
model for p/(s). It is possible to have i = j with the exception that the corresponding
parameters k! and k’ respectively, have to be different.

When p‘ (s) and p/(s) represent two straight lines, the minimum number of pa-

rameters will be five: two parameters each for the straight lines and (.

OCV-SOC Table

An alternate approach to OCV modeling is to store values of OCV and SOC as a table.
Table 3.5 shows such an OCV-SOC table made of 11 SOC points. It will become
apparent after Section 3.2.4 that, only one OCV-SOC table is all that is required for fuel
gauging at all temperatures. Generally, the BFG algorithm requires the derivative of the
OCV function to be used in an extended Kalman filter-based SOC tracking approach;
hence, the table needs to store the derivatives as well.

Table 3.5 was formed by uniformly sampling SOC. A nonlinear sampling can
be employed for better accuracy. For example, selecting the number of samples in

dVs(s)

a “region” proportional to —3-=* will be more accurate than a table made of samples
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selected linearly across s € [0, 1].

3.2.3 OCYV Parameter Estimation Techniques

In this section, we describe approaches for estimating the parameters of the models de-
scribed in Section 3.2.2. For accurate estimation, we need the {V;(s), s} pairs spanning
s € [0, 1]. We collect this data by discharging the battery from full-to-empty and then
charging it back from empty-to-full with a very low current (C/30 to C'/40)°.

Figure 3.6 shows the equivalent circuit of a battery when it is charged/discharged

with a constant rate. First, we define the SOC at a given time as

s[ty] = s attime t, (3.23)

Considering the voltage measurement errors, the measured voltage is written as

zolte] = vlte] + nolte] (3.24)

where n,[t;] is the voltage measurement noise which is modeled as white Gaussian with
standard deviation (s.d.) o,. Since the current during the OCV experiment is usually
kept constant through highly accurate programmable charge/load devices, we assume
that there is no noise involved in 7[t].

During the OCV experiment, the terminal voltage can be written as

2y [tk] = VO(S[tk]) + h[tk] + i[tk]Ro + nv[tk] (325)

> C/N is a common representation for the discharge/charge rate of a battery, where C' denotes the

battery capacity in Ah and N is in hours.
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where h|t;] is the hysteresis or voltage “pull” which is a function of current and SOC
of the battery. Since the OCV test is performed at a very low current, we assume that

the hysteresis is proportional to the current only, i.e.

hltg] o< i[ty] (3.26)
Hence, (3.25) can be rewritten as
Zplte] = Vo(s[te]) + i[te] Ron + nolte] (3.27)
where the effective resistance
Ry = Ry + R, (3.28)

is the summation of the battery series resistance R, and the constant-current hysteresis

equivalent resistance, Ry,.

Linear Model Parameter Estimation

The parameters of the linear OCV-SOC model in (3.2) can be written as,

k.
wlti] = [po(s[t)” ilta] [t (3.29)
p[;,:]T Ro p
k

By considering a batch of N voltage observations, (3.29) can be written as

v = Pk+4n (3.30)
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where

v o= [o[t] vfta) ... oltw])” (3.31)
P = [pt:)] plta] ...p[ta]]" (3.32)
n = [n[t] nlts] ... nfty]]” (3.33)
k = [ko Rop]"an (M+2) vector (3.34)

The least squares estimate of the parameter vector is given by
k= (PTP)'PTv (3.35)

Now, for a given SOC s, the corresponding OCV estimate ‘Z,(s) is computed as

~ ~

Vo(s) = po(s)"k (3.36)

where k is formed by the first M + 1 (3.4) elements of k.
In Figure 3.7, the estimated values of Ry, %y, and R, are shown using data

collected on a Samsung battery with serial number EB575152 at different temperatures.

Total Least Squares Parameter Estimation

In contrast to the classical least squares (LS) problem, in which the solution to the
linear system of equations Pk ~ v assumes noise only in the observation vector v,
the total least squares (TLS) problem assumes that the elements of both P and v are
contaminated by noise. This leads to the following formulation

P V|- |P V]

(3.37)

krrg = arg min
kP v

‘ F
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subject to
Pk = v (3.38)

where [P v] and [f’ {,] are matrices of equal size. The matrix P is noisy due to
errors in computed SOC, as discussed in Section 3.2.4. Further discussion of the TLS
approach and its method of solution can be found in [52,72,73].

Tikhonov Regularized Total Least Squares: In order to compute stable solutions
to ill-conditioned problems, where singular values of data matrix P gradually decay
to zero, Tikhonov’s regularization method was employed in TLS, where a damping
is added to each SVD component of the solution, consequently filtering out the the
components corresponding to the small singular values. Golub et. al. [48] presented the
Tikhonov regularized TLS approach, its regularizing properties, computational aspects

and numerical examples.

Nonlinear Model Parameter Estimation For nonlinear models, we rewrite (3.39) in

the following form

v(K) = vo(rs)+iRop +w (3.39)
where

k = [ko Rop)" (3.40)

Vo) = [Veulslirdme) o Vaulslind. k)] (3.41)

i = [i[t] ifta] ..., d[ta]] (3.42)
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and w is the noise vector.
The coefficients of the nonlinear regression-based models were computed using
the Matlab optimization toolbox function for nonlinear least squares Isgnonlin. The

nonlinear least squares problem solves the following problem

K = argmin|v —v(k)| (3.43)

Hybrid Model Parameter Estimation

It is well known that OCV is a monotonically increasing function of SOC. Conse-

quently, we imposed the inequality constraint %ﬁs) > 0 in order to obtain an OCV
model with monotonic estimates of OCV with respect to SOC.

Furthermore, in hybrid models, the OCV model is assumed to follow a particular
function until s = ( and then assumes a different model structure. In order to real-

ize such a model structure, the least squares problem is implemented with additional

equality constraints as shown below:

~

k; = arg H11{11n |(Pi(s)ks —v)|| s€0,(] (3.44)
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subject to
dP'k
LS 0 (3.45)
ds
P (s)k; C—PJ’(S)R2 ;=0 (3.46)
i\ e 9 ( <\ 1o
dP'(s)k,|  dPi(s)k - 3.47)
ds ds
8=< s:C
d*Pi(s)k d*Pi(s)k
—~ — 4
ds? ds? 0 (3.48)
s=(¢ s=C
ky = argmin||(P/(s)ke — v)[| s € (¢ 1] (3.49)
2
subject to
Pik
Pl (3.50)
ds
P(s)k; _C—Pj(s)RQ =0 (3.51)
dP(s)k dPJ(s)k B
o - = 0 (3.52)
s=( s=(
d*Pi(s)k d*Pi(s)k
— =0 3.53
ds? i ds? . ( )

The constrained least squares algorithm software in the optimization toolbox of

Matlab is used for the optimizations above.
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3.2.4 Normalized OCV Modeling

So far in OCV model parameter estimation the SOC is assumed to be known, for ex-

ample, the SOC in (3.27) is computed through Coulomb counting:

B nAg  ((iftg—1] + i[tx]
slty] = sltr—1] + 235000 ( 5 (3.54)
where
Ay =ty —th g (3.55)

is the sampling interval, and

N <1  during charging
n = (3.56)
ng = 1 during discharging
is the efficiency and C' denotes the battery capacity (in Ampere-hours), which plays a
major role in OCV characterization of the battery, as we describe below.

There are two different ways of characterizing OCV based on the assumption of

the battery capacity:

Chom Nominal OCV modeling
C = (3.57)
Cratt Normalized OCV modeling
where Ch,yt 1s the total battery capacity (clearly defined in a subsequent paragraph).

We define

1. Nominal OCV modeling, when the same battery capacity C' = C\,,, is used at all

temperatures for computing the SOC in (3.27) and
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2. Normalized OCV modeling, when the computed total battery capacity C' = Chayy

at each temperature is used for computing the SOC in (3.27).

In Figure 3.9, we show the total capacities, computed by C'/30 discharge from
full to empty, of cells listed in Table 3.3 at different temperatures. The capacity vs.
temperature is observed to take a concave form in general, i.e., the maximum total
capacity is achievable only at a particular temperature.

Now, let us define the following terms related to battery capacity:

e Maximum/full-charge battery open circuit voltage (OCV . ): OCV .., refers

to the OCV of the battery when it is fully charged, i.e.,

OCV ax = Vs (8)]._4 (3.58)

It must be noted that due to the internal impedance of the battery and hysteresis,
the measured cell voltage of the battery will be higher than OCV ., right after

the battery is fully charged.

e Minimum/empty battery open circuit voltage (OCV ,;,,): Similar to (3.58)

OCVmin = V5 ()]0 (3.59)

where, due to the internal impedance of the battery and hysteresis, the measured
cell voltage of the battery will be lower than OCV ;;, right after the battery is

fully discharged.
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o Rated battery capacity, C,: Rated capacity is the manufacturer specified (la-
beled) capacity of the battery. Manufacturer specified capacity should be treated
as an approximate measure of the true value of battery capacity at the specified

temperature.

e Total capacity, Ch,.i; or Ch.(7'): Total battery capacity is the maximum amount
of Coulombs that can be discharged from a battery at cell temperature 7', starting
from a fully charged battery corresponding to its OCV = OCV ., until the bat-
tery is fully discharged, i.e., until the battery terminal reaches OCV = OCV i,

using an infinitesimal® load current.

e Nominal capacity’, C,,,,: Nominal capacity is the maximum amount of Coulombs
that can be discharged from a battery at any cell temperature. In other words,
nominal capacity is the maximum total capacity of the battery. The tempera-

ture at which the total battery capacity is maximum is defined as the nominal

6 The series resistance of the battery prevents measured terminal voltage from reaching OCV ,;,, and
hence fully discharging the battery. A smaller load current makes sure the battery is fully emptied as
much as possible. The gradient of the OCV-SOC curve is very high (see Table 3.5 and a sample OCV-
SOC plot in Figure 3.14) close to an empty battery, which helps minimize the errors in total capacity

estimation by slow discharging.

7 Most of the battery literature treats nominal capacity as exactly similar to the rated capacity. We
introduce this slightly altered definition based on observations in the literature where the nominal capac-
ity is treated as the maximum possible capacity. For example, in [134], the nominal capacity of a power
plant is the maximum possible power output. Nominal capacity is technically achievable, but, not always

practical. In the battery example, the nominal capacity is only achievable at the nominal temperature.
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temperature of the battery, i.e.,

~

Thom = arg max Chatt(T) (3.60)

C’nom = Cbatt(Tn0m> (361)

The total capacity Ch,,; increases with temperature up to the nominal tempera-
ture. Beyond that, the total capacity starts to decline with increasing temperature.
The above definition implies that the nominal temperature of the battery varies
from battery to battery. It must be noted that the manufacturer specified nominal
temperature (and nominal capacity) are only approximate. Hence, for accurate
BFG, the nominal temperature of the battery must be dynamically estimated —

we will present those details in a future publication.

Table 3.1 lists the differences between nominal and normalized OCV modeling.

The conclusion is that the normalized OCV modeling has many advantages over
nominal OCV modeling.

Figure 3.10 shows the quadratic model fitting of the total capacity estimates
against temperature using data collected from 3 different cells of the same chemistry
and type of battery. Once the model is fitted, the nominal temperature and nominal
capacity of the battery can be estimated based on (3.60) and (3.61).

The nominal temperatures are estimated for all the cells listed in Table 3.3 and
Figures 3.11 summaries the estimated nominal temperatures as a histogram. Based on

these (limited number of) observations, the most cells had a nominal temperature of
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Table 3.1: Comparison of Nominal vs. Normalized OCV modeling

Nominal OCV modeling Normalized OCV modeling

The SOC at any temperature is relative to the | The SOC is relative to the total capacity of

fixed, nominal capacity of the battery the battery at the given temperature

There is no need to know the total capacity at | Need to know the total capacity in order to

a temperature in order to compute the SOC compute SOC at a particular temperature

Gives accurate (durable) OCV parameters OCV characterization can be done using an

only with a new battery aged battery as well

Capacity estimation becomes erroneous with | Capacity estimation works well even for an

an aged battery aged battery

22.5°C and the average nominal temperature is 23.5°C. It must be noted that in most
of the batteries in Table 3.3, the manufacturer specified nominal temperature is 25°C.
Hence, for superior accuracy, a BFG must estimate (and track) the Capacity of the
battery.

Figure 3.12 shows an example of normalized OCV modeling at different tem-
peratures. It can be seen that regardless of the measured terminal voltages at different
temperatures, the corresponding OCV curves are nearly identical. This is further illus-
trated later, using Figure 3.13.

Figure 3.13 shows the comparison of OCV-SOC curves obtained from nominal
(top) and normalized (bottom) OCV characterization. The nominal OCV modeling

used Cpon = 1.5Ah in computing SOC at all temperatures and the normalized model-
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ing used the computed total capacity at each temperature in order to compute SOC. It
can be observed that in normalized OCV modeling, the curves computed at all temper-
atures are nearly identical.

Figure 3.14 shows the OCV-SOC characteristic curves, obtained on a new as
well as aged battery at different temperatures. First, the OCV data was collected from
a newly bought battery at —25°C, —15°C, —5°C, 15°C, 25°C and 35°C and 45°C.
Then, the battery was left for “self aging” for approximately one year. Then, the OCV
data was collected from this aged battery at —20°C, —10°C, 0°C, 10°C, 20°C and 30°C,
40°C and 50°C8. It can be seen that no significant difference of patterns was found with
respect to the age and temperature of the battery. Consequently, a single normalized
OCV-SOC curve in conjunction with an adaptive battery capacity estimation algorithm
can be used in the BFG to obtain accurate SOC estimates for varying usage conditions

over the lifetime of a battery.

3.2.5 OCV-SOC Model Metrics For Selection of the Best Model

In this section, we develop a systematic approach to select the best approach for OCV
models. This is done by computing several error metrics and model evaluation metrics,

described below, and then by ranking the models based on Borda counts.

8 There was no particular reasons for the selection of these temperatures. At first, it was decided to do
the tests in 10°C intervals and later it was decided to to the tests (on aged batteries) at slightly different

temperature.
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OCY Prediction Error Metrics

The following four error metrics are used for predicting v, defined in (3.31) to evaluate

the models:
Best Fit
BFC%):=(1-“V'_Y“) % 100 (3.62)
v —v]
R? Fit
v — v
R* (%) = [(1- —— | x 100
v —=v)ll
A — 112
= (lbi__;ﬂl§> x 100
v —=v)ll
= [BF (2 - BF)] x 100 (3.63)
Max Error
ME = max {|v; — v;|} (3.64)
Root-Mean Square (RMS) Error
rvs = Y=V o /aTsE (3.65)

VN —-M
where NNV is the number of data points, M is the number of parameters, v is the predicted

value of v using the estimated parameters, for example, for linear models

v = Pk (3.66)
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and
| N
V= Z; V(i) (3.67)
Model Evaluation Metrics
Model evaluation metrics consider the trade off between the number of model parame-

ters and the number of data points. The following four metrics are important ones.

Akaike’s Information Criterion (AIC) If the models are fitted using Least Squares,

then [23] suggests the following analog of AIC:

AIC = Nln (%) +2(M+1) (3.68)
where
N
Sy = > € (3.69)
=1
with
e = v—V (3.70)

In the above S, is the sum of the squares of errors (SSE), e; is the i'"" element of the

residual vector e and M 1is the number of parameters in the OCV model. The better the

model, the lower the AIC.

Akaike’s Information Criterion 2 (AIC2) A second version of AIC, given below, is

useful when when N >> M

2
AIC2 = In {ﬁf <1 n Npﬂ (3.71)
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where the loss function is defined as

ele
Ly=— 3.72
F=N (3.72)
Akaike’s Final Prediction Error (FPE)
1+ 4
FPE = L; = (3.73)
- N

Bayesian Information Criterion (BIC) The derivation of BIC assumes equal priors
on each model and noninformative priors on the parameters, given each model. The
goal of the BIC is to find the best (i.e. highest posterior probability) model for predic-

tion.
BIC=2(Ly)+ (M +1)InN (3.74)

The negative log-likelihood given the pdf of the residuals (assuming normal or Gaus-
sian) conditioned on the parameters k and the s.d. of residuals o is given by

2

Ly=-In{L(kie)} = i:; { (2‘22) +0.50n (2m?)} (3.75)

where, Ly is the negative log-likelihood, L is the likelihood, k is the parameter vector

which minimizes Ly, and o is the s.d. of the residuals e.

Minimum Description Length (MDL)

(3.76)

MDL = £ [1 + Mjli;N}
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Combining Rankings

The Borda count [34] is an easy, intuitively appealing, and powerful method for com-
bining different rankings. In this chapter, we use Borda’s count method to combine the
rankings of different model selection metrics. The Borda count is originally a voting
method in which each voter gives a complete ranking of all possible alternatives. The
highest ranked alternative or OCV Model (in an n-way vote) gets n votes (or points)
and each subsequent alternative gets one less vote (i.e. number 2 gets n — 1 votes and
number 3 gets n— 2 votes and so on). Then, for each alternative, all the votes (or points)
are added up and the alternative (i.e. OCV Model) with the highest number of votes
wins the election. The OCV Models are then ranked in descending order of votes (or

points) to give the overall Borda ranking.

Computational Complexity Metrics

Most of the present day applications of BFG need to operate with limited amount of

memory and computations. This metric aims to quantify the

1. Memory: Number of variables required to define the OCV-SOC characterization

2. Computations: The computational complexity in finding the OCV for a specific

SOC.

In Table 3.2, we list the number of parameters to be stored in memory as well as the

computational requirements for calculating OCV for a given SOC in terms of the num-
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ber of additions (add), number of floating point multiplications (mult) and the number

of logarithmic computations (In).

Table 3.2: Memory and Computational Requirement of OCV-SOC Models

Model Required Memory | Computation: SOC — OCV
Shepherd model (3.2.2) 2 1 add + 1 mult
Unnewehr model (3.2.2) 2 1 add 4+ 1 mult
Nernst model (3.2.2) 3 2 add 4+ 2 mult 4+ 21n
Combined model (3.2.2) 5 4 add + 4 mult + 21n
Combined+3 model (3.2.2) 8 7 add + 7 mult + 21n
Polynomial model (3.2.2) L+1 L add + L mult
Exponential model (3.2.2) L+1 L add + L mult + Lexp
Chebyshev model (3.2.2) L 1 add 4 2 mult
Double exponential (3.2.2) 5 5 add + 3 mult 4+ 2 exp
Nonlinear exponential 2 (3.2.2) 6 1 add 4+ 2 mult
Rational approximant (3.2.2) 2 1 add + 2 mult
Hybrid Models (3.2.2) variable model dependent

3.2.6 HIL Data Analysis

The OCV characterization data was gathered by hardware-in-the-loop experiments

conducted on 9 different batteries at 16 different temperatures from —25°C to +50°C'
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Table 3.3: Hardware-in-the-loop Battery OCV Characterization Data Overview

Battery Supplier | Battery Type | Number of Batteries | Rated Capacity (mAh)
Samsung EB575152VA 4 1500
Samsung EBLIA2GBA 4 1650
Samsung EBS555157VA 2 1750
Samsung EB504465VA 4 1500
Samsung AB463651 4 960
Samsung L1G6LLAGS 2 2100

Nokia BP-4L 4 1500
LG LGIP-530B 2 1100
RIM F-S1 2 1270
RIM M-S1 4 1500
Huawei HB4Ql1 2 1670

in steps of 5°C using a Tenney thermal chamber and an Arbin BT-2000 cell test station.

The battery manufacturers, battery types, number of batteries used in the experiment,

and their rated capacities are summarized in Table 3.3.

For each cell, the data is collected in the following manner: First, the cell is

rested at the test temperature at full charge. Then, the cell was discharged at C'/30 rate

until fully discharged to the minimum voltage (3 V) followed by a short rest period.
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Subsequently, the cell was charged at C'/30 rate until fully charged (4.2 V). The low
rates were used to minimize the cell dynamics. Some optional charge/discharge pulses
(approximately C'/3 rate) were used to determine (initialize) the cell resistances and
time-constants. The OCV was computed by averaging the cell voltage as a function of
SOC under discharge and charge. This eliminates the presence of hysteresis and ohmic
resistance effects in the final OCV function.

Figure 3.15 shows a sample OCV model obtained for a particular battery cell
(cell 4 of Samsung EB575152) at 50°C. The modeling error at a particular SOC is
computed by subtracting modeled OCV from the average of measured voltages (during
charging and discharging).

In Figure 3.16, we give a comprehensive summary of OCV modeling showing
the errors of different OCV modeling approaches, across different batteries and temper-
atures. First, the average value of the OCV modeling error of a each battery cell at each
temperature is computed by averaging the OCV modeling error across all SOC values
(i.e., by averaging the OCV modeling error shown in the bottom plot of Figure 3.15).
Then, in Figure 3.16, the average error across all the battery cells listed in Table 3.3
is shown as a box plot® for each temperature. The Chebyshev model must be noticed
for its smallest error across all temperatures and for its consistency across different bat-

teries as indicated by the (compact) sizes of boxes and the lack of outliers across all

9 Using boxplot function in Statistics Toolbox of Matlab. On each box, the central mark is the median,
the edges of the box are the 25! and 75" percentiles, the whiskers extend to the most extreme data points

not considered outliers, and outliers are plotted individually.
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Rankings
OCYV Model
AIC | AIC2 | FPE | BIC | MDL | RMSE | 2 | BF | Max Error | Borda
Chebyshev Model 1 1 1 1 1 1 1 1 4 1
Rational Approximant 2 2 2 2 2 2 2|2 5 2
Polynomial (4th order) 3 3 4 3 4 3 4 3 1 3
Hybrid Model 5 5 3 4 3 4 3| 4 2 4
Combined Model 6 6 5 6 5 5 515 7 5
Exponential Model 7 7 6 5 6 6 6| 6 6 6
Nonlinear Exponential Model 2 | 8 8 7 7 7 7 7 8 9 7
Combined+3 Model 4 4 12 11 12 7 117 3 8
Nernst Model 9 10 8 8 8 9 8 9 10 9
Unnewehr Universal Model 11 11 9 10 9 10 9 | 10 11 10
Double Exponential Model 10 9 10 9 10 11 12 | 12 12 11
Shepherd Model 12 12 11 12 11 12 10 | 11 8 12
temperatures.

The results of the model evaluation metrics and error metrics have been combined

and presented in Table 3.4. The Chebyshev model performs the best among all the

models based on the metrics presented in the chapter.

3.2.7 Conclusions

This chapter presented several approaches and analysis related to the open circuit volt-

age characterization of Li-ion batteries with a special emphasis on mobile and wearable

electronic device applications. Memory and computational power becomes scarce (due
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to prioritization) for BFG in these applications, yet, the BEG capabilities such as pre-
diction of time to shut down and remaining useful life are considered desirable features
to have.

Offline characterization of open circuit voltage is crucial for BFG, especially in
memory and computing power constrained electronic applications. We include sev-
eral existing OCV modeling functions and many newly proposed OCV modeling ap-
proaches in a performance analysis in terms of OCV modeling accuracy, computational
complexity and memory requirements.

It was discovered that significant savings in memory can be achieved by the pro-
posed normalized OCV modeling, in which the SOC at each temperature is defined in
terms of the temperature specific capacity. As a result, we found that, the OCV-SOC
characterization remains practically the same regardless of the temperature or age of
the battery. This finding is crucial for online battery capacity estimation, i.e., the nor-
malized OCV parameters will serve as a means for accurate, online battery capacity
estimation, such as the one presented in [8].

Apart from the benefits in mobile applications, the normalized OCV modeling
approach reported in this chapter has impact on other applications such as in electric

vehicles and energy storage grid where accurate capacity estimation is critical.



Table 3.5: A Sample OCV-SOC Table that Requires 11 Memory Space

Vo(s)

dVs(s)
ds

0.0
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Fig. 3.3: Elements of a BFG. The focus of this chapter, OCV-SOC characterization

is shaded in grey. Details of System ID block can be found in [7, 8] and the

details of SOC tracking block can be found in [9].
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Fig. 3.4: Equivalent circuit of a battery when it is experiencing dynamic current
vs. when it is rested. The measurable voltage across battery terminals is
indicated by v[k] and the current through the battery is i[k]. The currents
through Ry, ..., Ry are indicated by i [k], ..., iy[k]|, h[k] denotes hysteres

and Ry denotes the series resistance.
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(version 2011b). The error plots in the bottom are relative to the Matlab ver-

sion.
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Fig. 3.6: Equivalent circuit of a battery when it experiences constant current.
When the current is constant for a long time, the internal capacitors of the
battery becomes saturated and the battery equivalent circuit becomes just a

resistor.
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applying a discharge pulse on the battery. Bottom: Estimated constant-current
hysteresis equivalent resistance, R;, = Ry, — [%p, which shows a similar tem-
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Fig. 3.8: OCYV characterization data and sample OCYV plot. Top two plots indicate

the applied current i[t;] and measured voltage z,[t;]. The plot at the bottom
shows the same z,[tx] in the middle plot above against SOC, instead of time.
The SOC was computed by Coulomb counting, explained later in (3.54). The

OCYV is computed using (3.36).
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imum capacity is shown in dash-dot line of the same color.
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Fig. 3.11: Analysis of estimated nominal temperature : Estimated nominal tempera-

ture of 34 battery cells of different manufacturers is used for this experiment.
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Fig. 3.12: Normalized OCV modeling. Measured terminal voltage is shown in solid

and computed OCV is shown in dashed lines.
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Fig. 3.13: Nominal vs. normalized OCV modeling. Top: Nominal OCV modeling
uses Cpom = 1.5Ah in computing SOC at all temperatures. Bottom: Nor-
malized OCV modeling computes Cy,,y¢ at each temperature before comput-

ing SOC.
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3.8
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Fig. 3.14: OCV-SOC characterization curves of new vs. aged batteries. New bat-
tery curves are plotted in solid blue and aged battery curves are plotted in
dashed red. Different curves of the same type correspond to temperatures
ranging from —25°C to 50°C. The new and aged battery OCV curves over-

lap.



112

Temperatuer = 50°C

4.2
4 -
. 38r
S
< 36 — Measured Voltage
O OCV Model
o
3.4 b
3.2 |
3 | | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.05
s
S
wm
(o)
£ ot
[
e}
<}
=
>
@)
o
_005 | | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

ele

Fig. 3.15: Sample OCYV modeling error. 7op: Measured voltage and modeled OCV.

Bottom: OCV modeling error.
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Figure 3.17 shows a block diagram of the BFG. We briefly describe each of the blocks

below [7-9].

Battery ‘
Modeling ‘

| Offline
Data
| collection

-

Offline Parameter Estimation

~

0CV-SOC Capacity/Power fade
characterization (CF/}TF) .
characterization
Battery In System ID Tracking Forecasting/Trending
Use Online estimation
(e.g. mobile ECM . 21 state of Stateof |[ 7] | Timeto Rem.
hone) arameter Capacity charge health shutdown useful life
p p (S0C) (SOH) (TTS) (RUL)

i
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/

Fig. 3.17: Important Blocks of the Battery Fuel Gauge

o Offline data collection. The understanding of the behavior of a battery is achieved

through a combination of physical, electrochemical model-based explanations

and through data. For example, a particular battery cell having a certain maxi-

mum voltage and the fact that there exists a monotonic relationship between the

OCV and SOC of the battery can be explained based on electrochemical under-

standing; the modeling of OCV-SOC relationship is achieved through data [84].
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As far as the BFG algorithm development is concerned, the data collection plays
an important part in understanding different models, such as, OCV-SOC, capacity
fade (CF) and power fade (PF) models, that are required for accurate fuel gaug-
ing. It must be noted that data collection and battery modeling go hand in hand

until adequate models are defined and the concomitant parameters estimated.

e Battery modeling. There are different paradigms in battery modeling as it ap-
plies to fuel gauging, such as equivalent electrical circuit model (ECM) based
approaches [7-9], electrochemical modeling based approaches [113] and data
driven approaches [26,46,65]. Our BFG is based on ECM; hence, our discus-
sions and descriptions are related to ECM modeling based BFGs, where the fol-
lowing five aspects of the battery behavior are studied and corresponding models

are developed.

1. OCV. The characteristics of OCV-SOC relationship were extensively stud-
ied in the literature (see [84] and the references therein). It is understood
that the OCV-SOC relationship is stable over temperature changes and ag-
ing, given the temperature and age-dependent capacity. It must be noted
that, even though there exists a clearly understood OCV-SOC characteris-
tic for which the parameters can be accurately estimated, the SOC cannot
be simply computed based on the measured voltage; the dynamic behav-

ior of the battery has to be accounted for before computing SOC based on
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measured voltage, current and temperature.

2. Battery capacity. Battery capacity denotes the total amount of Coulombs
that can be discharged from the battery. It is a key battery parameter in

computing the SOC online.

3. Dynamic behavior of the battery. The measured terminal voltage of the
battery is not always equal to the OCV. The voltage drop between the OCV
and the battery terminal is modeled through ECM (also see Figure 3.18).
In addition, different discrete states of battery operation, such as charge,

discharge, rest and reset states should be considered.

4. Capacity fade (CF). Battery capacity is known to degrade as a result of ag-
ing, temperature and depth of discharge (DoD); frequent DoD values closer
to both 0 and 1 negatively affect capacity [76]. Unlike OCV modeling,
which requires data from just one charge-discharge cycle, CF modeling re-
quires extensive data, at least several tens (or even hundreds) of cycles; the
CF modeling requires continuous data from new-to-dead battery under var-

ious temperature, aging and DoD scenarios.

5. Power fade (PF). Similar to CF, the ECM parameters change as a result of
temperature, aging and DoD patterns a battery undergoes. In particular, the
internal resistances increase as a result of aging and this limits the amount
of power that can be drawn from the battery, resulting in power fade. In

addition, it must be noted that the available power varies instantaneously as
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a result of temperature changes and this adds an extra layer of difficulty in

modeling.

o Offline parameter estimation.

— OCV model parameters. For OCV parameter estimation, slow discharge
data is required for an entire discharge-charge cycle. Several models, such
as linear, polynomial, exponential and combinations of these, have been
proposed in the literature. A summary of OCV modeling approaches maybe

found in [84].

— CF parameters. There has been significant interest in developing a capacity
fade model. Several data analyses and attempts at creating a CF model can

be found in [3, 66,76, 82,83,86,99,100, 104, 112].

— PF parameters. Some examples of PF modeling and parameter estimation

are found in [20,21,86,114,131].

e Online parameter estimation. Given the OCV parameters of the battery, the ECM
parameters and the battery capacity can be estimated online. Indeed, there is
some recent work [30,50, 136] that attempts to estimate the OCV parameters on-

line as well.

e Tracking.
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— SOC. A clear understanding of the OCV-SOC models led to the devel-
opment of SOC tracking as a recursive Bayesian estimation problem that
can be solved through non-linear filters, such as the extended Kalman fil-
ter (EKF) [10]. The Coulomb counting model represents the instantaneous
changes in SOC and serves as the process (plant) model; the OCV+ECM
model establishes a relationship between the measured voltage and SOC,

serving as the observation model for SOC tracking.

— SOH (PF and CF). Unlike SOC, the SOH changes slowly; hence, there is
no need to track the SOH at the same frequency as SOC. Several models de-
veloped in [3,66,76,82,83,99,100,104,112] present CF and PF in terms of
the number of cycles. Unlike OCV-SOC relationship, the CF/PF-cycle re-
lationship is much more complicated; the cycle cannot be uniquely defined;
the effects of temperature exposure, depth of discharge (DoD) significantly
affect the model; the patterns of temperature exposure and DoD are not
uniquely defined. Hence, online estimated capacity and ECM parameter
values are well suited for battery fuel gauging. It must be noted that the
online estimated capacity and ECM parameters can be improved with the

help of CF/PF models as well.

e Forecasting / Trending.
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— Time to Shutdown (TTS). In practical battery applications, the batteries are
fitted with protective circuitry that switch off the device once a particular
shut down voltage is reached. Predicting TTS requires the knowledge of
ECM parameters; usually the TTS prediction is made for a particular load,

e.g., TTS for voice, TTS for video, etc.

— Remaining Useful Life (RUL). Similar to TTS, the RUL predicts the remain-
ing cycles until a certain SOH (measured in terms of upper bounds on CF

and PF) is reached.

The objective of the BFG is to simultaneously estimate the ECM parameters (see
Figure 3.18) and estimate the SOC and SOH of the battery. The ECM battery model
considers the effects of SEI growth and plating, in the form of Capacity fade and Power
fade, for estimating the state of health (SOH) of lithium-ion batteries as shown in Figure
3.19.

We show in [7-9] that BFG can be reduced into a model parameter estimation

and state filtering problem for the following state-space model.

ro[k] = xslk — 1] + cnAzilk — 1] + w; k]
k] = Vi(ak]) + a’ [k]b + nglk]
= p(z,[k)k + a’ [k]b 4 ng[k]

3.77)
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Fig. 3.18: Equivalent Circuit Model (ECM) of the Battery. The OCV is denoted by
Vo(xs[k]), h[k] denotes the hysteresis of the battery at time k, and iy[k]
denotes the current through the resistor Ry. The relaxation effect decays
when the battery is rested whereas the hysteresis effect remains unaffected

by resting the battery.

where k] is the SOC of the battery, ¢, is the Coulomb counting coefficient [8], A is
the sampling time, z,[k] is the measured voltage, z;[k| is the measured current, w k]
and ng4[k| are the process and measurement noises (see [9] for description), which are
assumed to be zero-mean white with standard deviations 1/Q and /R, respectively,
b corresponds to the dynamic equivalent circuit model parameter vector (which has
model dependent dimensions, see [7]), a is a known vector depending on the dynamic

equivalent circuit model used, and the OCV model is given by

z[k] log(z,[k]) log(1 - a.[k]) (3.78)
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Fig. 3.19: Effects of SEI Formation and Plating. See Figure 3.18, with N =1
and the OCV model parameters are given by
k = [Ko Ky K, Ky Ky K5 Kg K] (3.79)

We discuss ways to estimate the parameters (which includes battery capacity) of

the above state-space model in [7, 8]. Figure 3.20 summarizes the BFG algorithm.
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Fig. 3.20: Block Diagram of the Proposed Online SOC Tracking Approach. The buffer

length is L for parameter estimation and L. for capacity estimation. The EKF Tracking Module works online
for every k whereas the parameter estimation module works for every k& which is an integer multiple of L;, and
capacity estimation module works for every k& which is an integer multiple of L. where k is the time index.
The OCV parameters Ko, K1, K2, K3, K4, K5, K¢, K7 are indicated as {Kz} The BFG estimates all the
required model parameters and battery capacity required for SOC tracking except for the OCV parameters (that
are estimated offline) and voltage and current measurement error standard deviations o, o; that come from the
calibration of measurement instrumentation circuitry. The recursive least squares (RLS) blocks do not require any
external initial conditions — just setting A = 1 provides a robust LS estimate. Here, brrg[rs] and Crps[ke] are
RLS and total least squares (TLS) estimates of model parameters and capacity, respectively, where x;, = {LibJ

and ke = [LLJ are the batch numbers.
c
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3.4 Optimal Charging Algorithm (OCA)

An overview of the optimal charging algorithm is shown in Figure 3.21. In Level 1,
the charge control variables, i.e., limits on charge voltage and current, are optimized
to trade-off between extending battery life and time-to-charge (TTC). In Level II, the
optimal current profile is computed based on a trade-off of time-to-charge (TTC), en-
ergy losses (EL), and temperature rise index (TRI), given an ECM in conjunction with

a thermal model.

Battery ‘ ‘ Oég}[;le
Modeling \ | Collection

(- a

Offline Parameter Estimation
Capacity/Power
Thermal Model Fade
Characterization (CF/PF)
Characterization
Bat{fry In Battery Fuel Level II Level I
—> 5 Gauge Optimization Optimization
(e.g. mobile (BFG)

phone) \ /

Battery Charging Waveforms

Fig. 3.21: Important Blocks of the Optimal Charging Algorithm
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3.4.1 Level I Optimization

We present two models for normalized battery capacity (or, equivalently, capacity fade)
as a function of the number of cycles and the two charge control parameters, viz.,
maximum terminal voltage of the battery, v,,.x, and the maximum charge current, 7,,,x.
Subsequently, for the optimal charging parameter selection, we propose an approach
that relies on a capacity model and the current status of the battery for finding the
best voltage and current to achieve a desired cycle life (for example 500 cycles), while
maintaining the capacity above a desired threshold of the initial capacity (for example
80%) or equivalently, an upper bound on capacity fade (for example 20%), and attaining

the fastest possible TTC [3].

Capacity Fade Modeling

The capacity at cycle n, denoted by C'[n], is calculated by trapezoidal integration of the
injected current during the charging process, which is also referred to as the Coulomb

counting. Subsequently, the normalized capacities are defined as,
Chom|[n] = =— n=12 ... (3.80)

These normalized capacities are used for fitting the capacity models. Note that since
the capacity model is in normalized form, the capacity fade (CF), which is defined as

in (3.81), can also be written as in (3.82).

Cl] - Cln]

CF[n| = Tl

n=12... (3.81)
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CF[n| =1 — Chom|[n] n=12... (3.82)

1. af~y Model: Among the models explored, the o5y model with the least abso-
lute residuals (LAR) as the criterion of fit was found to capture the trend in the

normalized capacity the best.

Chomm[n] = af™n” n=12,... (3.83)

The LAR method is robust in that it minimizes the sum of the absolute values of
residuals, and, therefore, extreme values have substantially smaller influence on

the fit.

2. Bi-Exponential Model: The bi-exponential model, which is frequently used in
the literature [47], [135], [133] can also be used for capacity fade or normalized

capacity modeling.

Chom|[n] = a1 5] + a5y n=12... (3.84)

The model was fitted using least squares method.

3. Control Variable Dependent (CVD) Model: Although the oSy model can accu-
rately capture the trend in capacity, its dependency on predefined charging pro-
files makes it severely restrictive for use in control variable optimization, where
we would ideally like to find continuous values for the maximum voltage and
maximum current to be applied in the charging process. For this reason, we de-

veloped a CVD model, in which the a3~y parameters are dependent vy,,x, and
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Cnornlvvmaxﬂma)( [n] = (alvraréngfax) (/61vgfaxiigax)nn(’h+72vmax+731maX) n = 17 27 (3'85)

Tmax- Lhe model chosen for this purpose is given in equation (3.85) of next page.

Optimal Charging Parameter Selection

The goal is to find vy, and 4,,,, SO as to preserve the “Least Permissible Normalized
Capacity” (LPNC typically 80%) at the end of the “Nominal Cycle Life” (NCL, typ-
ically 500 cycles) of battery usage, while minimizing the TTC. We call all such pairs
Of (Vmax»> tmax) Satisfying LPNC constraint at the end of NCL as feasible. Suppose we
have K different candidate values for v,,,, and L different candidate values for 7,,,, as

follows:

Umax € {01, V2, ..., Uk} (3.86)

imax S {ih 'l'27 B 7Z.L} (387)

The optimal charging algorithm is run for different values of v, (terminal voltage in CV
stage), 7; (current), Ry, estimated normalized capacity at the present cycle (Cpc), and
a specified SOC threshold (s;,). Among all the feasible strategies, the optimal charge

control parameters (Vpax, max) are obtained from the strategy with the fastest TTC.
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3.4.2 Level II Optimization

Based on the cost function and battery model, three different charging strategies are

proposed here.

Optimal Constant-Current Constant-Voltage Strategy (CC-CV)

In the first strategy, the overall cost function of the second-level optimization problem is
a weighted sum of TTC and EL. The constraints are the maximum permissible control
parameters computed from Level I optimization, 4., and vp,.y, the initial and final SOC
along with the Coulomb counting SOC equation. Using optimal control theory [1] and
an ECM consisting of battery resistance only, the optimal charging strategy was shown
to be the well-known CC-CV with the value of the current in the CC stage being a
function of the ratio of weighting on TTC and EL, and of the resistance of the battery

as shown in equation (3.88).

(k] = ]% k=01, .k —1 (3.88)

where k; is the time at which the terminal voltage reaches vyay, py = wy/wg, wy and
wy, are weights on the TTC and EL cost functions, respectively. The resistance of the
battery, i.e., Ry, is obtained from the BFG. The CV stage with the terminal voltage

fixed at v, follows the CC stage.
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Approximate Constant-Current Constant-Voltage Strategy (ACC-CV)

An extension of the CC-CV strategy was then obtained [1] by deriving an approximate
CC-CV (ACC-CV) strategy for a cost function consisting of TTC, EL, and TRI, where
the value of current in the CC stage is a function of the ratio of weighting on TTC
and EL, p, resistance of the battery, R, and the effective thermal resistance in K/W
(Kelvin/Watt), Rgg, from the battery thermal model.

The optimal current profile was then derived, analogous to the optimal current

profile of (3.88), to be as follows:

- Pt
k| ~ k=01, .k —1 3.89
! [ ] \/Ro(l —|—pTREff) ! ( )

This is the approximate CC-CV charge current profile (ACC-CV), which considers the

temperature rise as part of the charging objective function.

Linear Quadratic Constant-Voltage Strategy (LQ-CV)

In this subsection, we present the linear quadratic optimal charging strategy for a Li-
ion battery [2] based on battery model with a single RC circuit, i.e. N = 1 in Figure
3.18 (although the formulation can be easily extended to any equivalent circuit model
by extending the state space) and a combination of different cost functions including:
TTC, EL, sum of the squares of the differences of the SOC from the final desired SOC
(to have more flexibility in controlling the TTC), and TRI. The constraints as before
are the maximum permissible terminal voltage and current from Level 1. The optimal

solution needs numerical computations and cannot be obtained in a closed form. As
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Fig. 3.22: Two Stage LQ-CV Charging Strategy

shown in Figure 3.22, the optimal Linear Quadratic-Constant Voltage (LQ-CV) strategy
is composed of two stages: the first stage is the solution of a linear-quadratic (LQ)
problem (LQ stage), and the second stage starts when the terminal voltage of the battery
reaches the maximum allowable voltage (vi,.x) and, thereafter, the terminal voltage
remains constant (CV stage).

For a given k; value corresponding to terminal voltage reaching vy, the optimal
current profile in stage 1 (the LQ stage) is obtained [2] as in equation (3.90) of next

page, where v is given by:

T

k] = - 2A Roeq K]

(P + 11 (T3 + WP+ 1) (@2[k] - WIKlglk + 1]v)) + gl + 1)) (3.90)

B xs[kl] — Tsy [kf] - QT[O]é[O]
L %0 (3.91)




130

£[0] is the initial state, and ¢[0] and w[0] are calculated by solving the following back-
ward set of optimal control recursions in equation (3.93) of next page. It is assumed
that the charging process takes kA seconds, to attain a specified final desired SOC of

xs,ks] and

Roeq[k] = Ro + Ror[k]

Rieq[k] = Ry + Ri[K] (3.92)

where Ryr[k| and R;r[k] are the heating equivalent resistances, respectively.

Plk] = 2Q[k] + (I)TP[]C + 1] (I3 + V[k]P[k + 1])_1 ®; Plky] = 00
0 0
T (3.93)

glk] = 7 (I + Plk + W[k glk + 1]; glla] = [1 o}

wlk] = wlk + 1] — g"[k + 1] (Is + O[k]P[k + 1]) " U[k]g[k + 1];w[ki] = 0

The state vector is defined as follows:

xs[k] — ws,[ky]
2[k] = ‘ (3.94)
(k]
where z4[k] is the current SOC and z;, [k is the desired final SOC, z[k] = ax[k —1]+

(1 — «v)i[k — 1] is the current through R, and with A as the sampling interval,

A
R101

) (3.95)

a = exp(—
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The dynamics of z[k| with its initial and final states could be written as follows:

2k + 1] = ®z[k] 4 Ti[k] (3.96)
10
P = (3.97)
0 «
T
I = {Ch, 1_ a} (3.98)
T
2[0] = [xs[ko] — k), 01 (3.99)
T
zlky] = {0, free] (3.100)
Ps 0
Qlk] = (3.101)
0 ARjeq[k]

where pj is the weight of the cost function term of the sum of the squares of differences
of the SOC from the final desired SOC.

As the voltage hits the boundary value of vy, at time k1, and remains constant
onwards, the current in stage 2 is already determined by the constrained dynamics of
the system (CV stage), where the initial values of the currents in stage 2 are equal to
the final values of currents in stage 1.

Other charging strategies which can be used in Level Il are pulse charging strate-
gies (i.e. pulse current charging and pulse voltage charging) and as shown in Figure
3.23 compensator-based charging strategies (such as series compensator, PID com-

pensator, and pole placement).
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Fig. 3.23: Integrated Closed-loop Charger and BFG
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3.5 Battery Management System through Integrated BFG and OCA

A detailed block diagram of our closed-loop integrated BMS, consisting of a BFG and
an OCA, is shown in Figure 3.24. The integrated system not only performs accurate
estimation of the state of the batteries, such as the SOC, SOH and RUL, but also com-
putes the optimal charging current based on trade-offs between cycle life, TTC, EL,
and a TRI. The state estimates from the battery fuel gauge form the sufficient statis-

tics for the optimal charging problem. The user-defined set-points in Figure 3.24 are
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Fig. 3.24: Integrated BFG and OCA Approach

LPNC and NCL, and z,, (may be different from the desired final SOC after charging,
for example 50%). The inputs to the optimization algorithm are current cycle number

(PC), Cpc, and Ry which are obtained from the BFG. The outputs of the algorithm are
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which are used as 7, and vy, in the level II algorithms [1], [2]. The

optimal charge current profile is the output of level II algorithm and is an input to BFG.

3.6 Hardware-in-the-loop Testing and Results

3.6.1 BFG HIL Experiments

Figure 3.25 shows the hardware set up used in the BFG evaluation experiments.

The lithium-ion cells placed inside custom-built Aluminum casts which sit in-

side a temperature controlled bath filled with ethylene glycol (—25° C to 45° C). An

Omega RTD temperature sensor probe (PR — 10) is calibrated with Omega CN9000

temperature controller for battery temperature measurement. Nitrogen gas (99.99% pu-

rity)is slowly pumped into the Aluminum cast to the remove moisture on batteries. A

programmable load box, KiKuSui PLZ—4WA, along with a LabView based graphical
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user interface (GUI) was used to automate the KiKuSui for custom loads using virtual
instrument software architecture (VISA); a standard language for instrument program-
ming. Data acquisition was performed using National Instruments (NI) DAQ 6281 at
a sampling frequency of 10 Hz and stored in comma separated value (CSV) format for
future simulations and analysis. The BFG is modeled in Simulink on a PC with an
operating system (Microsoft Windows or Max OSX) and does not guarantee real-time
execution of the BFG. The MPC 50 pin I/O interface board along with xPC Target is
used for real-time implementation of the BFG algorithm as shown in Figure 3.26. A

Maxim 4069 is used for accurate current sensing.

Thermal Chamber

Kikusui Programmable Load —l

Current Sense Amplifier

J l V_sense

Battery

V_batt MPC 50-pin I/O Vsense SoC
Interface Board
V_batt
Temp Algorithm implemented in TT.S
xPC Target

Fig. 3.26: Block Diagram of HIL Setup using xPC Target

A single evaluation method alone is not sufficient to validate a BFG algorithm;
evaluation of BFG algorithm must be done by computing multiple performance evalu-

ation metrics [6]. We computed the following three different BFG evaluation metrics

1. Coulomb counting metric. This metric computes the error between BFG reported
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SOC and the SOC computed by Coulomb counting based on the battery capacity

that is measured during/right after the experiment through a slow discharge.

2. OCV metric. The OCV metric is computed during intermittent points during
experiment; the battery is brought to rest and the SOC is computed based on a
look-up procedure in the OCV curve and it is compared to the SOC reported by

BFG.

3. TTV metric. The TTV metric is computed as the error between computed and

actual time it takes to reach a certain terminal voltage.

A summary of the results from the BFG evaluation with three commercially avail-
able batteries (GS3, Nokia and LG) at different temperatures ranging from —20°C to

40°C is presented in Tables 3.6, 3.7 and 3.8.

Table 3.6: CC Metric

RMS Error (in %) of FG reported SOC related to Coulomb counting

—20°C' | =15°C' | =10°C' | =5°C' | 0°C' | 10°C' | 20°C' | 30°C' | 40°C

EBS555157VA | 0.44 0.86 0.44 0.86 |0.35] 0.02 | 0.75 | 0.10 | 0.15

LG LGIP 0.39 0.52 0.90 0.11 | 0.66 | 0.53 | 0.28 | 0.25 | 0.49

Nokia 0.23 0.42 0.59 094 | 051 0.14 | 0.87 | 0.88 | 0.80




Table 3.7: OCV-SOC Metric

OCV-SOC Error (%)
—20°C' | =15°C' | —=10°C' | =5°C' | 0°C | 10°C' | 20°C' | 30°C' | 40°C
EB555157VA | 4.76 1.22 0.38 122 | 0.08 | -0.59 | 2.41 | 0.02 | -3.56
LG LGIP -0.58 -0.06 2.40 0.38 | 0.61 | -0.32 | -0.98 | -0.38 | 2.20
Nokia 3.15 5.29 0.26 297 | 149 419 | 023 | 1.99 | 1.12
Table 3.8: TTV Metric
TTYV Error (%)
—20°C | —=15°C' | =10°C | =5°C' | 0°C' | 10°C' | 20°C' | 30°C' | 40°C

EB555157VA 8.7 17.7 1.9 177 | 70 | 89 | 122 | 6.0 4.6

LG LGIP 1.4 0.7 3.8 3.8 30 | 38 3.7 6.9 15

Nokia 1.5 0.7 4.0 6.1 142 1.6 4.6 53 4.5

137
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3.6.2 OCA HIL Results

HIL experiments were conducted on several commercially available lithium-ion bat-
teries: Samsung EB575152 (four cells), Samsung EB504465 (four cells), Samsung
AB463651 (two cells), Nokia BP-4L (four cells), LG LGIP (two cells), using Lab-

VIEW and Keithley 2650A Source-Measure Unit (SMU).

Level I Optimization Results

e Capacity Fade Modeling. Figure 3.27 shows the result of fitting a3y and BE
models to aging test data sets with length 40, 100, and 160 cycles. It is seen that
af~y model is consistent with the experimental data even when just 40 samples
are used in fitting the model. Also when the number of model-fitting data sam-
ples increases, orfy model becomes more accurate in projecting to future cycles.

Figure 3.28 shows a comparison of the a3y, CVD, and BE models in captur-

2
©
©
Q
8
92~
E 0.8 V Experimental Data iy ,
% 0.9 |=—LAR-ofy (fitting samples:40) T e
g 0.88l- LS-BE(fitting samples:40) ' DRI 4
c = LAR-0fy (fitting samples:100) ' .....
0.86- LS-BE(fitting samples:100) T
LAR-ofy (fitting samples:160)
0.841 LS-BE(fitting samples:160)
0 82 | | | | | | | | | |
0 20 40 60 80 100 120 140 160 180 200
cycle

Fig. 3.27: Comparison of a5y model and BE model with different fitting data lengths
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ing the trend in capacities from different aging experiments. The CVD and oSy

models are indistinguishable and perform consistently better than the BE model.

1.021
v Experimental Data
1 —LAR-0fy
LS-BE
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%0'98 “““ Experiment 2
3
8 0.961-
°
8
= 0.941 )
£ Experiment 1
o002k RS
0.9
0 88 | | | | | | | | | |
0 20 40 60 80 100 120 140 160 180 200

cycle

Fig. 3.28: Comparison of a3y, BE, and CVD models

Level II Optimization Results

e Optimal CC-CV. In Figure 3.29 we apply different levels of current and the sim-
ulation is run until the terminal voltage reaches vy, and after that a constant
voltage of v,y is applied until the battery is charged to x, [kf]. At lower levels
of current, the CC stage will take a longer time and the terminal voltage reaches
the threshold voltage of v, at a later time. The optimal current profile (i.e., pro-
file 3) has the lowest cost function and either increasing or decreasing the current

in the CC stage, results in an increase in the cost function.
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Fig. 3.29: CC-CV Current Profiles (including the optimal profile)

e Approximate CC-CV. Here, we consider the effect of TRI on optimal charging
where the cost function is a weighted sum of TTC (seconds), EL. (Joules) and
TRI (Kelvin seconds) resulting in an ACC-CV current profile. As we can see in

Figure 3.30, the weight on TRI results in a reduction of current.

—cc-cv |
— ACC-CV
0.4 1
0.2 ]
0 | | |
0 50 100 150 200

time (min)

Fig. 3.30: Optimal vs. Approximate CC-CV Current Profiles
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e LQ-CV. Figure 3.31 shows that low values of p; result in low values of current
in stage 1 (LQ stage). In other words, a low p; puts less emphasis on charging
time and more emphasis on the energy losses; hence, it results in low level of
current which provides low energy loss and higher charging efficiency. On the
other hand, by increasing p;, more emphasis is placed on the charging time. Note
that we observed similar behavior in CC-CV and ACC-CV; however, here the
difference is that the current in stage 1 is not constant, rather it is obtained by

numerically solving a linear quadratic problem.
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Fig. 3.31: LQ-CV Current Profiles for different values of p;

Figure 3.32 shows the optimal current profile for three different weight sets. The
blue curve represents the optimal profile when p; = 0.5, ps = 0, pr = 0. Here
there is no penalty on the temperature rise and the squared difference of the SOC

and the final desired SOC (s, [k/]). As we change pr from 0 to 0.5, the emphasis
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on the temperature rise causes the level of the current to decline. This can be seen
from the comparison of the red and blue curves in Figure 3.32. The green curve
shows the optimal current profile when we set p; to 0.1 as well. Here, the penalty
on the squared difference of the SOC and the final desired SOC (x;,[k¢]) causes

an increase in the current level.
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Fig. 3.32: Effect of Different Weights on the Optimal Current Profile

o Analysis of Different Commercial Batteries. Fig. 3.33 shows the result of both
CC-CV and LQ-CV charging profiles for the TTC versus efficiency for differ-
ent types of batteries. The CC-CV charging strategy results are represented by
“filled” markers. As can be seen, both LQ-CV and CC-CV charging profiles
predict almost the same pattern of efficiency performance and charging time.
For example, both strategies predict highest TTC for cells 3 and 4 of Samsung

EB504465, and Nokia BP-4L has high efficiency for both strategies.
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Fig. 3.33: Time to Charge versus Efficiency of Different Battery Types at 25°C

3.7 Conclusion and Discussions

The chapter presented a novel battery management system based on an integrated bat-

tery fuel gauge and optimal charger. The algorithms have been validated on commer-

cially available lithium-ion batteries at different temperatures.
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Chapter 4

Fault Diagnosis, Prognosis, and Condition-based Maintenance

The Electronic Return-less Fuel System (ERFS) manages the delivery of fuel from the
fuel tank to the engine. The pressure in the fuel line is electronically controlled by
the fuel system control module by speeding up or slowing down the fuel pump. This
allows the system to efficiently control the amount of fuel provided to the engine when
compared to vehicles equipped with a standard fuel system wherein the fuel pump
continuously runs at full speed. A failure in the fuel system that impacts the ability
to deliver fuel to the engine will have an immediate effect on system performance.
Consequently, improved reliability and availability, and reduction in the number of
walk-home situations require efficient fault detection, isolation and prognosis of the
ERFS system. This chapter develops and implements data-driven fault detection, iso-
lation and severity estimation algorithms for the ERFS. The HIL Fuel System Rig and
a Chevrolet Silverado truck were used to collect and analyze the fuel system behavior
under different fault conditions. Several data-driven classifiers, such as support vector
machines, K -nearest Neighbor, Discriminant analysis, Bayes classifier, Partial- least

squares, Quadratic and Linear classifiers, were implemented on a limited set of data for

145
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both training and testing. Regression techniques, such as Partial least squares regres-
sion and Principle component regression, are used to estimate the severity of faults [85].
Subsequently, we performed vehicle fleet warranty data analysis, developed prognostic
modeling approaches, and implemented different remaining useful life prediction algo-
rithms. Consequently, prognostic decision-making blocks and an overall CBM strategy
for the ERFS were designed. The resulting solution approach has the potential to be ap-

plicable to a wide variety of systems, ranging from automobiles to aerospace systems.

4.1 Introduction

Electronic Return-less Fuel Systems (ERFS) are fast replacing the traditional mechan-
ical fuel delivery systems to transport fuel from the vehicles fuel tank to the fuel rails
and fuel injectors. In the ERFS system, the Fuel System Control Module (FSCM)
regulates the pressure on the fuel lines to a desired pressure command from the Engine
Control Module (ECM) based on the required engine speed by varying the pulse-width-
modulation (PWM) control of the fuel pump. A fuel filter and a pressure regulator may
be positioned on the respective intake and outlet sides of the fuel pump. Filtered fuel
is thus delivered to a fuel rail, where it is ultimately injected into the engine cylin-
ders. An ERFS includes a sealed fuel tank and lacks a dedicated fuel return line. The
regulation of the fuel rate to the injectors improves the fuel economy and eliminates
liquid recirculation to the fuel tank. The fuel economy is improved by reducing the

electrical load on the alternator and by reducing the rail pressure under most operating
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conditions. With return-less systems, there is no return line and no circulation of fuel
back to the fuel tank from the engine. Consequently, there is no heating of the fuel in
the tank and no increase in fuel vapor pressure from driving the vehicle. This reduces
the risk of excessive pressure build up inside the fuel tank, vapor leaks, and potential
improvements in air/fuel ratio control, and vehicles emission performance. Diagnostic
and prognostic methods have mainly evolved upon three major paradigms, viz., model-
based [29], data-driven, and knowledge (experience)-based approaches. The model-
based approach uses a mathematical representation of the system and thus incorporates
a physical understanding of the system into the monitoring scheme. A major advantage
of the physics-based model is that the model bears certain behavioral resemblance to
the actual system, which can be very useful in the design of a diagnostic procedure.
However, models developed from first principles are seldom used for fault diagnosis in
automotive industry mainly because of their complexity. In addition, automotive system
dynamics are often nonlinear, which renders the design of fault diagnosis procedures
difficult. However, with the advances in computing and an improved understanding of
automotive systems, the design of model-based diagnosis schemes is expected to be
integrated into the concurrent engineering design process. Model-based methods use
statistical estimation techniques based on consistency checks (often termed residuals,
deltas) generated using observers (e.g., Kalman filters, reduced-order unknown input
observers, interacting multiple models, particle filters) and parity relations (dynamic re-

lations among measured variables) to track the component degradations. A data-driven
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approach to fault diagnosis and prognosis is preferred when system models are not
available (e.g., when subsystem vendors do not share models for competitive reasons),
but instead system monitoring data is available [80]. Here, failure prognosis involves
forecasting of system degradation and time-to-failure based on state awareness gleaned
from monitored data. Neural network and statistical classification methods are illustra-
tive of this approach. The fault scenarios must span the universe of system faults for
data-driven approaches to be effective. Mathematical models may be derived (estimated
or identified) from data as well. Data-driven models include static models and dynamic
models. Static models include linear and polynomial models, and look-up tables. Dy-
namic models include dynamic linear and nonlinear system models. Knowledge-based
systems are based on the methods and techniques of artificial intelligence. The core
components of these systems are the knowledge base and the inference mechanisms.
Examples of knowledge-based systems are: rule-based systems, case-based reasoning
systems, and graphical models [70]. Examples of graphical models include: signed
directed graphs, multi-signal flow graphs, Petri nets, and Bayesian networks [71]. Con-
ventional diagnostic techniques for a vehicle fuel system typically rely on knowledge
of a prior failure condition. For example, when servicing a vehicle, the maintenance
technician may determine that the fuel pump requires repair or replacement by direct
testing and/or review of a recorded diagnostic trouble (error) code. This reactive di-
agnosis may not occur until vehicle performance has already been compromised. A

proactive approach which tracks degradations in a fuel system is more advantageous
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than a reactive approach, particularly when used with emerging vehicle designs uti-
lizing an ERFS. In this chapter, the fault detection and isolation problem of EFRS is
characterized and some basic definitions are given. The main idea of fault diagnosis is
to determine if there is any fault or abnormal behavior is present in the system, and to
localize (isolate) the fault. In order to detect and localize the fault, a diagnosis system
is needed. The diagnosis systems exploits the known signals, i.e. input signals such as
control signals, and measured output signals from the system under diagnosis, to infer
the fault.

The problem of fault diagnosis can be divided into several sub-problems. Here,

we focus on three:

e Fault Detection: To determine if a fault is present in the system and usually the

time when the fault has occurred.

e Fault Isolation: Determination of the location of the fault, i.e. which component

or components have failed.

e Fault Severity (Estimation): Determination of the size and possibly time-varying

behavior of a fault.

The three sub-problems are closely nested, and many algorithms cover several
of them. The focus of this chapter is to develop data-driven fault isolation, and sever-
ity estimation algorithms based on neural network and statistical pattern recognition

techniques exemplified by Support Vector Machines (SVM) [127], [45], [119], K-
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Nearest Neighbor (KNN), Principal Component Analysis (PCA) [56], Partial Least
Squares (PLS) [19], Gaussian Mixture Models (GMM), Discriminant Analysis, and
so on [17], [39], and validate them based on fault injection in the HIL bench and the
Chevrolet Silverado truck. We also estimate the severity of the isolated fault by PLS
and principal component regression. The techniques chosen in the chapter are based on
popularity, range of complexity, robustness, data structure, and to assess the difficulty
of the classification and regression problem.

Subsequently, we performed vehicle fleet warranty data analysis, developed prog-
nostic modeling approaches, and implemented different remaining useful life (RUL)
prediction algorithms. Consequently, prognostic decision-making blocks and an over-
all CBM strategy for the ERFS were designed.

Some of the challenges faced during this research are as follows:

e Warranty data at present only consists of incipient failures (sudden failures)

e Many cases with no data before warranty

e Lack of prognostic failure data

e Premature component replacement (if possible, recommend procuring the near-

failure/replaced fuel system for prognostic analysis)

e Missing/Insufficient vehicle data

e Fuel pump manufacturer variability
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As part of the fleet data collection, 11 parameter identifiers (PIDs) were collected

for the fuel system under different sampling modes via the telematics module (figure

4.1):

10.

11.

. Control Module Voltage

. Estimated Motor Resistance

. Fuel Pump Power Module Sensed Battery Voltage

Adjusted Fuel Pump Current

. Fuel Pump Input Power

Fuel Pump Output Power

. Fuel Pressure Relative to Atmosphere

. Desired Fuel Supply Pressure

. Fuel Pump Module Output PWM Duty Cycle

Fuel Pump Duty Cycle Long-term Correction

Fuel Pump State of Health

The chapter is organized as follows. Section 2 presents the overall framework

for real-time fault detection and diagnosis of fuel delivery systems, the neural network

and statistical pattern recognition techniques, the results of these classification and re-

gression techniques for fault isolation and severity estimation on real data collected
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Fig. 4.1: Fleet Data Collection

from the Chevrolet Silverado truck and the HIL rig and finally, the implementation of
these data-driven techniques, embedded software in Simulink, which can be used for
real-time fault isolation and severity estimation. Section 3 presents the fleet progno-
sis, fault Isolation, and condition-based maintenance (CBM) framework and results.
Subsequestly, section 4 discusses the remaining useful life estimation approaches for
both fleet and individual vehicles. Section 5 consists of prognostic decision-making
approaches and an overall CBM decision block for the fuel system. Finally, section 6

concludes with a summary.
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4.2 Real-Time Fault Detection, Isolation and Severity Estimation of Fuel

Delivery Systems

4.2.1 FDI Framework for Fuel Delivery Systems

The Fault Detection and Diagnosis (FDD) process consists of an offline training phase
and an online testing phase. Figure 4.2 depicts the block diagram of a real-time FDD
scheme for the fuel delivery system.

During the steady-state detection, a model-based detector based on residuals, par-
ity equations, regression, and parameter estimation techniques is implemented on the
ECU,and detects the fault and estimates the state of health (SOH) during real-time op-
eration of the vehicle. The nominal residuals for system operation are obtained during
the offline phase via HIL rig experiments, and testing and validation is performed on
the Chevrolet Silverado truck data, and the faults detected in real-time conditions based
on these nominal conditions.

In the offline phase, steady-state sensor data from different fault classes is used
to train two fault classifiers, the Support Vector Machines (SVM), and the K -Nearest
Neighbor (KNN). Partial Least Squares (PLS), and Principal Component Regression
(PCR) estimators were also trained to assess the fault severities after fault isolation.
The trained classifiers and their corresponding parameters and/or weights are exported
to the online module for real-time FDD. An optimal sensor selection block is used to

select the significant sensor suite for maximum diagnosability.
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Fig. 4.2: Framework for real-time fault detection and diagnosis of fuel systems

The online FDD phase consists of three steps: fault detection, fault isolation or
classification, and fault identification or severity estimation. In the fault detection step,
the steady-state model based detector analyses the residuals generated from the steady-
state measurements of faulty and nominal systems. Upon detection of a fault, trained
classifiers (SVM and KNN) are used for the online categorization of faults. In the
next step, the PLS and PCA estimators corresponding to the isolated fault are used to

determine its severity.

4.2.2 Fault Universe for HIL and In-vehicles Experiments

The fuel pump is an electronically controlled closed-loop system that maintains a de-
sired fuel system pressure (=~ 400 KPa for the Chevrolet Silverado truck) and provides

fuel flow on-demand to the engine under all operating conditions. The five critical fuel
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Table 4.1: Fault universe for Chevrolet Silverado truck

Fault Fault Type Component

F1.1 | Pressure Sensor Bias (Slew 9.3 on pressure box) Fuel Line

F1.2 | Pressure Sensor Bias (Slew 9 on pressure box) Fuel Line
F2.1 Winding Fault (1 €2 resistance added) Pump/Motor
F2.2 Winding Fault (0.66 (2 resistance added) Pump/Motor

pump faults considered in this chapter are listed in tables 4.1 and 4.2. The faults in
table 4.1 correspond to those in Chevrolet Silverado truck and the faults in table 4.2 are
for the HIL Rig.

Altogether, fault injection experiments were performed with a commonly oc-
curring motor/fuel pump fault, 2 sensor faults (pressure and current sensors), a pump
module fault, and a fuel line fault. The fuel pressure and current sensors are located
anywhere between the fuel pump and fuel rail, and the pressure and current sensor bias
faults are often difficult to isolate, especially between each other, as current bias shows
up as pressure bias and vice-versa. As the fuel pump degrades with age, the motor
winding resistance increases and consequently, the pump PWM increases to supply the
same desired pressure. A positive and negative pressure sensor bias results in the pump
drawing less and more current respectively to compensate for the sensor errors. The

Filter plugged fault is a result of the pump filter being blocked or clogged, and the



Table 4.2: Fault universe for HIL rig

Fault Fault Type Component
F1 | Winding/Commutator Fault | Pump/Motor
F2 Pressure Sensor Bias Fault Fuel Line
F3 Current Sensor Bias Fault Fuel Line
F4 Filter Plugged Pump Module
F5 Fuel Leakage Fault Fuel Line

Table 4.3: Severity levels of each fault for HIL rig
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effect of a leakage in the fuel line is represented by the fuel leakage fault.

The 2 faults in table 4.1 were conducted at 2 different severity levels using a
pressure and resistance box, respectively. However, since the HIL Rig allows for more
flexibility, the winding fault was conducted at 10 different severity levels, and the pres-
sure sensor bias fault, current sensor bias fault, filter plugged fault and fuel leakage
faults were conducted at 4 severity levels as summarized in Table 4.3. The severity
levels experiments of the winding fault, pressure and current sensor bias faults were
conducted by adding resistances (resistance box), adding (positive) and subtracting
(negative) pressure (pressure box), and injecting current, to the pump resistance, pres-
sure, and current correspondingly. The filter plugged and fuel leakage fault experiments
were conducted by restricting the fuel flow using valves (flow restrictor in figure 4.4).
The severity levels were chosen to represent the degradation of a fuel pump from low

(operating normally) to high (end-of-life).

4.2.3 Fuel System Hardware-in-the-loop Rig

A HIL system was designed as a means for validating the diagnostic algorithms, an-
alyze the fuel system behavior under different operating conditions, and compare the
physics-based system models to the actual system. The HIL rig was controlled by a
lab machine and its performance parameters were linked to a user-interface (display
screen) via CAN, to warn customers of likely vehicle failure/breakdown. A schematic

of the Chevrolet Silverado based HIL rig is shown in Figure 4.3.
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Fig. 4.3: Chevrolet Silverado based Hardware-in-the-loop rig

The fuel tank assembly houses two pumps, one for reference (for e.g. healthy
pump) and the other (e.g. faulty pump) for applying different faults and subsequently,
comparing the two pumps simultaneously under various diagnostic scenarios. Each
pump has its own shut-off valve, when the other pump is in operation. The entire
system has a control valve that enables fuel circulation in the loop, which comes in
handy to study pump dynamics. Each pump is fitted with 2 thermocouples which act as
temperature sensors for monitoring the temperature and providing warning in case of
overheating.

Fault simulations were run on HIL Rig using a drive profile obtained from the
Chevrolet Silverado test vehicle. A Simulink-dSpace model of the fuel system was
used to extract the sensor and parameter identifier (PID) data (current, voltage, pressure,

flow, and PWM) from the HIL Rig as shown in figure 4.4. The desired engine speed and
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pressure profiles for the drive cycle are presented in figures 4.5 and 4.6, respectively.

BO0OD
coo y
% a0 i
IR \\
1000 | \5__
] 20 40 (v} B:_"“e ‘allm 120 140 160

Fig. 4.5: Desired engine speed for the test drive cycle
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Fig. 4.6: Desired pressure for the test drive cycle

4.2.4 Fault Isolation and Severity Estimation of Fuel Delivery System

Fault Isolation on the Chevrolet Silverado Truck Data

Parameter identifier (PID) data was collected from a Chevrolet Silverado truck under
idle and normal conditions.

The PIDs collected are listed below.

1. Current

2. Pressure

3. Flow

4. PWM

5. Current variance

6. Desired Pressure

7. Engine Speed
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Table 4.4: Features for fault isolation

Power Out (Pressure x Flow x Pump Efficiency) | Power In (Voltage x Current x PWM) | PWM | Current | Flow | Pump Pressure

8. Vehicle Speed

9. Pump Pressure

10. Pump Voltage

11. Pump Efficiency

12. Status

The features used for fault isolation are presented in table 4.4.
The fault universe, listed in Table 4.1, was used to define the fault classes for the

classification algorithms as follows:

e Class 1: No Fault

Class 2: Pressure sensor bias (Slew9.3 on the pressure box)

Class 3: Pressure sensor bias (Slew9 on the pressure box)

Class 4: Winding Fault (1 ohm resistance added)

Class 5: Winding Fault (0.66 ohm resistance added)

The classification results under the two driving conditions of the truck are pre-

sented in tables 4.5 and 4.6.
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Table 4.5: Classification/fault isolation accuracy (5x2 cross-validation) under idle con-

ditions

Rank Classifier Accuracy

1 SVM 100%

2 QDA 100%

Fisher Discriminant Analysis

3 Linear 99.9813%

Quadratic 100%
4 GMM 99.6747%
5 PLS 92.3520%
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Table 4.6: Classification/fault isolation accuracy (5x2 cross-validation) under normal

driving conditions

Rank Classifier Accuracy

1 QDA 99.84%

Fisher Discriminant Analysis

2 Linear 98.9711%

Quadratic 99.8356%
3 SVM 98.2556%
4 GMM 95.1846%

5 PLS 81.2649%
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The classification accuracies can be further improved using preprocessing tech-
niques such as auto-scaling, mean-centering, PCA and PLS.

The classification task under idle conditions is much easier than the normal driv-
ing conditions. As seen in table 4.5, both SVM and discriminant analysis (linear dis-
criminant analysis and quadratic discriminant analysis) perform well while classify-
ing faults under idling conditions (or steady-state operating conditions) of the truck.
However, the classification is reasonably good even under normal operating conditions.
SVM consistently performs well with no false alarms under both operating conditions
of the truck and hence, was selected as one of the techniques for fault isolation in the

data-driven software.

Fault Isolation and Severity Estimation on the HIL Rig Data

The PIDs listed below were directly used as features for the data-driven fault isolation

and severity estimation.

1. Current

2. Voltage

3. Pressure

4. Flow

5. PWM

The fault classes used for isolation are as follows.
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e Class 1: No Fault

o Class 2: Current Bias Fault

e (Class 3: Pressure Bias Fault

e (Class 4: Winding Resistance Fault

o Class 5: Fuel Leak

e (Class 6: Filter Plugged

Table 4.7 presents the fault Isolation results for the HIL Rig. SVM, and KNN
showed the highest accuracy of correct classification rate (>99%). On the other hand,
the Bayes and PLS classifiers showed the lowest accuracy. After a fault is detected and
isolated, the severity estimation of the fault is needed in some cases. We used partial
least squares regression (PLSR) and principal component regression (PCR) to estimate
the severity of the isolated fault.

Simulations were run on the HIL Rig to collect data for each severity level. The
test drive cycle was run for each severity level of each failure model and PIDs were
collected using the Simulink-dSpace model of the ERFS system. Table 4.3 presented
the different severity levels for each fault class. The average percent error for each

severity level is computed as follows:

Actual severity level — Average estimated severity level

100 4.1
Actual severity level X 4.1
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Table 4.7: Classification/fault isolation accuracy (5x2 cross-validation) for HIL rig

data

Rank Classifier Correct Classification Rate (%) | Overall False Alarm (%)
1 SVM 99.7028% 0.2972%
k-Nearest Neighbor

k=1 99.5218% 0.4782%

’ k=2 99.5218% 0.4782%
k=3 99.4565% 0.5435%

Fisher Discriminant Analysis

3 Linear 85.2393% 14.761%
Quadratic 81.3819% 18.618%

4 Bayes Classifier with GMM Model 82.0410% 17.959%
5 PLS 81.2871% 18.713%
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Table 4.8: Average errors for each severity level for PLSR

Winding Fault | Pressure Sensor Bias Fault | Current Sensor Bias Fault | Filter Plugged | Fuel Leakage Fault
8.9049% 0.9262% 8.9693% 2.50146% 0.2821%
47.17% 4.2832% 3.3192% 8.25643% 0.4683%
5.441% 2.04771% 0.7428% 9.3655% 0.0952%
7.5665% 0.12258% 3.5819% 11.4154% 0.1155%
5.224%

27.978%
6.645%
16.962%
6.55%
15.5783%

Tables 4.8 and 4.9 show the average percent error for each severity level for both
PLSR and PCR.

The R? results are presented in table 4.10. The fit accuracy doesnt provide as
good an insight into the problem of severity estimation as the average percentage er-
rors due to the fact that it looks for strictly the same value as the truth and provides a

comparison between the true (') and estimated values (37).

2

HY _y
2 « 100 (42)

R3*(%) = —
(%) ¥ — mean(V)[2



168

Table 4.9: Average errors for each severity level for PCR

Winding Fault | Pressure Sensor Bias Fault | Current Sensor Bias Fault | Filter Plugged | Fuel Leakage Fault

9.4538% 0.8987% 8.8356% 1.7446% 0.3537%
47.4694% 4.117% 3.2657% 8.7698% 0.4622%
5.8208% 2.338% 0.5541% 9.3293% 0.1133%
7.6480% 0.4139% 3.3568% 11.6222% 0.1119%
5.43909%

28.0482%

6.56998%

16.864%

6.573%

15.5545%

Table 4.10: R? fit results for different regression methods

Regression Techniques

Faults
PLSR PCR
Current Bias | 92.6863% | 92.6285%
Pressure Bias | 98.1168% | 98.1251%
Winding Fault | 91.9874% | 91.99%
Fuel Leak 99.9035% | 99.9033%
Filter Plugged | 89.4918% | 89.6038%
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Fig. 4.7: Data-driven fault isolation and severity estimation software

The overall data-driven fault isolation and severity estimation software based
on figure 4.2 was implemented in Simulink/MATLAB environment using Embedded
MATLAB functions as shown in figure 4.7. The Data Acquisition and Buffering Block
simulates real-time data storage of the sensor and PID data (current, voltage, pressure,
and flow). Once a preset number of samples (e.g. 1000) are stored in the database, the
fault isolation block consisting of SVM and KNN is triggered. As soon as the fault
is isolated, the severity estimation block consisting of regression techniques (PLS and
PCA) are triggered, and the severity level of the fault is estimated. The parameters for

SVM, KNN, PLS and PCA are obtained in the training phase offline.
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4.3 Fleet Prognosis, Fault Isolation, and CBM framework

The fleet analysis in this chapter had been performed on data from a fleet of 595 vehicles

of different types.

4.3.1 Vehicle Fleet PID Distributions and Statistics

The statistics such as minimum, maximum, mean, and variance of different sensors
or PIDs were collected for a fleet of vehicles in nominal condition by fitting a normal
(or Gaussian) distribution to the distribution of fleet features as shown in figure 4.8.
Subsequently, these statistics were used in prognostication algorithms for fault isola-
tion, remaining useful life prediction, prognostic decision-making, and condition-based

maintenance of fuel systems.

4.3.2 Fleet Prognosis, Fault Isolation, and CBM framework

In figure 4.9, we present the CBM decision-making approach with application to the
ERFS based on data from a fleet of vehicles. The approach combines decisions from
the fault isolation block, remaining useful life (RUL) prediction block, and prognostic
decision-making (PDM) block to adopt the final maintenance action plan and subse-
quently, inform the customer via telematics. Three commonly occurring fuel system
failure modes (motor/resistance fault, positive and negative pressure sensor bias faults)
and four maintenance actions (no action, minimal maintenance, preventative mainte-

nance, and corrective maintenance) have been considered. The fault isolation block
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comprises of mode-based test-outcome evaluation with the true dependency-matrix (D-
Matrix) learned from HIL and in-vehicle tests. RUL is obtained based on multiple
model predictions (hidden Markov model [78], least squares Support Vector Machines
Regression (LS-SVMR) [120], polynomial, and double exponential models) via three
different approaches, namely, estimated end-of-life (EOL), mean Sojourn time, and
hidden Markov model (HMM) most-likely state approaches. A knowledge-based ap-
proach, Markov Decision Process (MDP) [5] and Reinforcement Learning (RL) based
approaches have been implemented for the prognostic decision-making block (PDM).
Odometer-based averaging was used to capture the Fleet prognostic trends. On entering
the VIN numbers and collecting the PIDs of Current, Resistance and Long-term Inte-
gral Correction Factor (LTICF)!, we extract the trending information from them using
exponential smoothing or robust local regression smoothing techniques. Subsequently,
the prognostic features are fed into the mode-decision block to decide the mode-of the
feature i.e. whether it is increasing, decreasing, or constant. Based on offline HIL and
in-vehicle testing, we calculate the True Dependency Matrix (discussed in next section)
1.e. relationship between the Faults and Tests, and based on the test-outcomes from the
mode-decision block, we isolate the fault by computing the minimum Euclidean dis-
tance or maximum correlation metrics.
The online framework was implemented using windows, viz., 100 samples/measurements

are processed at each run of the algorithms, and once the RUL and prognostics decisions

! filtered integral corrective action
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Table 4.11: General Feature Patterns or Fault Signatures from HIL and In-vehicle Test-

mng
Tests
Faults
Current Resistance LTICF | Input Power | Applied Voltage | PWM Adjusted

Normal Constant Constant Constant Constant Constant Constant
Motor/Resistance Fault Decreases (small) Increases Increases Increases Increases Increases
Pressure Sensor Bias (Positive) | Decreases (large) Increases Decreases | Decreases Decreases Decreases
Pressure Sensor Bias (Negative) Increases Decreases (small) | Increases Increases Increases Increases

are computed, the past measurements are thrown-out and subsequently, 100 recent mea-
surements are used and outputs updated accordingly. This improves the computational
complexity of the prognostication algorithms. Another approach for complexity reduc-
tion, improving speed and memory requirements would be to employ parallelization of

algorithms.

4.3.3 Fuel System Dependency Matrix

In this subsection, we derive the final D-matrix (Tables 4.11, 4.12, 4.13) with features
which provide maximum diagnosability and prognostication of the fuel system. We
consider 3 features (current, resistance, and long-term integral correction factor) and
4 failure modes (normal, motor resistance fault, and positive and negative pressure
sensor bias faults) for our analysis. The framework in figure 4.9 can be easily extended

to incorporate other features and failure modes.
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Table 4.12: Denoting Feature Modes with Constant = 0, Increasing = 1, Decreasing

= -1
Tests
Faults

Current | Resistance | LTICF | Input Power | Applied Voltage | PWM Adjusted
Normal 0 0 0 0 0 0
Motor/Resistance Fault -1 1 1 1 1 1

Pressure Sensor Bias (Positive) -1 1 -1 -1 -1 -1

Pressure Sensor Bias (Negative) 1 -1 1 1 1 1

Table 4.13: True D-Matrix obtained by removing redundant tests with same fault sig-

natures

Tests
Faults
Current | Resistance | LTICF
Normal 0 0 0
Motor/Resistance Fault -1 1 1
Pressure Sensor Bias (Positive) -1 1 -1
Pressure Sensor Bias (Negative) 1 -1 1




174

4.3.4 Clustering Results

This section (figure 4.10) presents the prognostic feature clusters (VIN odometer-based
averaging of features in similar modes i.e. either constant, increasing or decreasing)
of current, resistance, and long-term integral correction factor (LTICF) under different

failure modes.

4.3.5 Multiple Model Predictions

Once clustered, the prognostic features are predicted using different models as shown in
figure 4.11. The red predictions indicate HMM, dark green predictions are performed
via LS-SVMR, orange shows polynomial model predictions, and maroon presents dou-
ble exponential model predictions. The black bands in the figures indicate the feature

EOL thresholds based on fleet statistics.

4.4 Remaining Useful Life Prediction

4.4.1 Fleet of Vehicles

Estimated End-of-Life (EOL) Approach

In this section, we discuss the estimated end-of-life approach where, we predict the
EOL using the multiple models based on an EOL threshold determined from fleet statis-

tics. The steps are as follows:

1. Compute the mean and standard deviation of estimated EOL based on predictions
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of different features and modeling approaches

t — current time,e — fleet statistics based threshold (£60 pieer )(4.3)

EOLy,,, (t) =

4

\

Predicted Time(0 feqture > €),if feature is increasing
Maximum Time (assumed), if feature is constant (4.4)

Predicted Time(0 feqture < €),if feature is decreasing

[]JEOL (t) = mean (EOLfn (t) 7EOLf12 (t) y oo ) EOLfmn (t))(45)

(ATEOL (t) = std (EOLfH (t) ,EOLf12 (t) yeeeen s EOLfmn (Zf))(46)

where, f11, fi2, fi3, .., frun — N features predicted using M prognostic model{4.7)

2. Compute RUL by subtracting the current time from estimated mean EOL

RU Lypean (t) = [figor () — 1] (4.8)

RULyq (1) = 6501 (1) 4.9)

Figure 4.12 presents the estimated end-of-life for the fleet of vehicles under dif-

ferent failure modes.

As seen in the figure, nominal vehicles have the maximum average EOL, whereas

negative bias vehicles have the minimum average EOL.
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Mean Sojourn-time Approach

The steps for computing the RUL from the mean Sojourn-time approach have been

presented below [125].

1. Compute the mean Sojourn-time or mean stay time in each system health state

=
|
M S

(Siw) (4.10)

w=1

2. Compute the Sojourn-time standard deviation for each system health state

o (D(s;)) = 52 (Siw) — 1 (D (s)] (4.11)

i — State index, D (.) — Visit duration (Days or Odometer Reading), w — Visit

index, 2 — Total number of visits.

3. The current state is the most persistent health state in the last observations. The
observations factor [ is set to 10.
State sequence = (1, S2, -...... , St), last states = (84—, ....., St_2, S¢), | — past ob-

servations factor, ¢ — current time.

4. Find critical path from the current state to failure state. The last health state (i.e.
10) is considered the failure state.
e Minimal Path: Greedy Search Algorithm (Pessimistic)

e Longest Path: Path traversing all states from current to failure state (Opti-

mistic)
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5. The RUL is then computed based on critical paths from step 4.

N
RU Lypper = > [w(D(s) +cfo(D(s))] (4.12)
z:curr;[ntstate
RULpean = > w(D(s) (4.13)
z:curr]evntstate
RU Ligwer = > [w(D(s:) —cf.o(D(s))] (4.14)

i=currentstate

Vi € state in active critical path, cf — confidence coefficient.

From figure 4.13, we can see that the RUL of failure mode vehicles degrades

considerably faster than nominal mode vehicles.

Hidden Markov Model-based: Most Likely States

We also implemented a hidden Markov model approach for RUL predicted as shown
below [17]:
1. First, convert the HMM model to a left-to-right HMM to represent the fuel system
health state evolution (as the health of a system degrades forward in time) by,
(a) Setting the initial state probability vector 7; = landm; = 0,7 # 1, so that
every sequence is constrained to start at state 1, and,

(b) Setting state transition probability matrix such that

piy = 0,ifj < i (4.15)
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e Constrain the transition matrix so that large state changes do not occur

Dij :O,If] >3+ A (416)

(c) In our algorithm, transition probabilities are all set to zero except for those

that keep state index k the same or increment by 1,i.e. A =1

2. Subsequently, compute the most likely health state evolution as follows:

(a) The posterior distribution of hidden states is calculated using the Forward-

Backward Algorithm
_ ~a(sa) B (sn)
Y (Sn) =P (Sn|Z) (2) (4.17)
a(sn) =D (21, ey Zny Sn) (4.18)
B (sn) =D (Znt1y -y Zn|Sn) (4.19)

(b) Then, the optimal health state sequence (Individually most-likely sequence

of states) is found using

X, =argmaxy (1),1 <t<T (4.20)
$;€S

3. Finally, the RUL is computed as the time required (in days or odometer reading)

by the fuel system to go from the current health state to failure state.

The health state evolution for the different features have been presented in figure

4.14.
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Figure 4.15 shows the RUL in kilometers for small fleet vehicles in different
failure modes. The positive and negative sensor bias vehicles degrade much faster than

vehicles in nominal mode.

4.4.2 Individual Vehicles: Hierarchical Hidden Markov Model Approach

In this subsection, we present the RUL predicted for individual small fleet vehicles us-
ing the hierarchical HMM approach as shown in figure 4.16. On obtaining the PIDs
such as current, resistance, and LTICF of individual vehicles, the prognostic features
were extracted using a moving average filter. Then, we train a hierarchical HMM con-
sisting of M HMMs for N states of the fuel system [24]. Now, once we acquire the
PID data online, the prognostic features are extracted and multiple model predictions
are made, and the system health state is decoded based the maximum likelihood among
the hierarchical NxM HMMs. If the current health state is not equal to the failure state,
we update k£ and continue L-step prediction until the health state is equal to the failure
state, then RUL = k time units [68].

The multiple model predictions for 595 vehicles using 3 different models, LS-
SVR (dark green), polynomial (orange), and double exponential (maroon) have been
shown in figure 4.17. Like before, the black bands in the figures represent the feature
EOL thresholds based on fleet statistics.

Figure 4.18 present the predicted evolution of health states under different mod-

els.
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The small fleet vehicles RUL prediction for individual vehicles is shown in figure
4.19. The figure incorporates individual vehicle moving average standard deviations
in RUL confidence estimates (indicated by dotted lines). The predicted fuel system
lifetime mean was found to be 1411.1 days or 3.86 years and the standard deviation

was 258.0379 days or 0.707 years.

4.5 Prognostic Decision Making

4.5.1 Knowledge-based Approach

As an extension of figure 4.9, figure 4.20 presents the knowledge-based prognostic
decision-making (PDM) process. In knowledge-based PDM, we select the maintenance
action in each system state based on experience or knowledge, and there is no optimiza-
tion involved. The feature multiple model predictions are fed to knowledge-based PDM
block and based on the outputs the action matrix is computed from different features
and models. Subsequently, the majority vote is taken to form the final CBM decision.

The assumed fuel system degradation model for knowledge-based PDM is shown
in figure 4.21. This knowledge is used to compute the action matrix.

In figure 4.22, we present some results from the knowledge-based PDM on the
fleet vehicles data. The action matrix consists of maintenance actions for different
features and prediction models. Here we show a 4 window ahead prediction, where each
window is approximately 15,000 KMs ahead prediction. Finally, based on a majority

vote for each window, the final optimal maintenance action (final decision) given by the
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knowledge-based PDM block has been shown.

4.5.2 Markov Decision Process Approach

The Markov Decision Process (MDP) approach [94] is a 4-tuple consisting of the sys-
tem health states, maintenance actions, transition probability model and the rewards
model as shown in figure 4.23. It is fully observable, viz., the new state resulting from
executing an action is known. A policy is a mapping from the system health States to
maintenance actions. The goal of MDP is to provide an optimal maintenance policy to
take in each particular system health state that minimizes the average expected costs or
maximizes the expected sum of discounted rewards, in the long run and hence, saving
warranty costs.

Three different algorithms have been implemented [25](policy Iteration, value
Iteration and Q-learning) and the final decision is based on a minimum (conservative
or risk averse decision) of all policies and is fed to CBM decision block. We consider

4 maintenance Actions [5]:

1. No action, when the system is operating normally.

2. Minimal maintenance, when the system requires a minor fix like sensor replace-

ment.

3. Preventative maintenance where the component failure is imminent, and

4. Corrective maintenance, when the system has failed and requires replacement.
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The observations are the prognostic features such as current, motor resistance and
LTICFE. The rewards matrix or cost matrix is the expected immediate reward received
after transition from one state to another and comprises of the cost of maintenance, cost

of failure, cost of stay in particular state and the cost of inspection.

MDP Notations

1. State Space Model S: States of MC (states of fuel system) Sy: Failed States, e.g.

last state

2. Actions A, i.e. No Action (NA), Minimal Maintenance (MM), Preventative
Maintenance (PM), Corrective Maintenance (CM)
3. Cost Structure

Ch (s, a): Cost of maintenance action, a € A
CF(s): Cost of each failure, s € Sy
Ci(s): Cost of inspection in state s € S

Cs(s): Cost per unit time stay in state s € S

4. (;j(a): Probability that maintenance action a € A performed in state ¢ brings the

system to state j

MDP Implementation Details

The MDP algorithm implementation assumes the following parameter values:
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1. Fuel System Health States, S = 10

2. Failure State, Sy = 10

3. Cost of Maintenance Actions

(a) Costof NA, Cy(NA) =$0
(b) Cost of MM, Cy, (M M) = $100
(c) Costof PM, Cy/(PM) = $500

(d) Cost of CM, C;(C'M) = $1000

4. Cost of Failure, C'r = $500

5. Cost of Inspection, C; = $100

6. Cost per unit time stay in state, C's = $10

7. Probability that maintenance action a € A performed in state i brings the system

to state j

(a) If NA is performed, there is no change in deterioration

1fori=j
Qi (NA) = @21

0 fori#j

(b) If MM is performed, 1 stage of deterioration is reduced

lfori=j+1
Qi (MM) = (4.22)

Ofori£j+1
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(c) If PM or CM is performed, the system reaches perfect or initial state

lforj=1
Qij (PM) = Q;; (CM) = (4.23)

Oforj#1
MDP Algorithm

The MDP algorithm steps are as follows:

1. Based on the current system health state s, select NV equally distributed states

over a possible range for next health state (s)
2. Solve Markov Chain for p;; (t) and 7;; (t).

pij (t) = P {state j at time ¢| initial state is i} (4.24)

7;; (t) — E { time spent in state j in ( 0,¢) | initial stateisi}  (4.25)

3. Fors,s € S,a € A, compute P(s,s,a)

(s,8a) Zst Ths' ( (4.26)

keS

4. For s,s € S,a € A, compute Y (s, a) i.e. Expected transition time

= > Qula) 7 ( (4.27)

s ESf kesS
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5. For s,s € S, a € A, compute expected cost or rewards matrix R(s, a)

Overall Expected Cost : R (s, a)

Cost of Failure
—~

+ Z P(s,s',a) Cr(s)

s'eSy

Cost of Maintenance

——
CM (S,CL)

Cost of Stay in State

(4.28)

6. Using P(s,s,a), Y(s,a), R(s,a), compute optimal policy:

(a) Policy Iteration Algorithm (figure 4.24) [13]

(b) Value Iteration Algorithm (figure 4.25) [13]

(c) Q-learning Algorithm: Reinforcement Learning Technique (figure 4.26)

7. Final Policy (risk-averse):

min {7(731 (s),my1 (s), 7oL (5)}

(4.29)
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Fig. 4.8: Illustrative Vehicle Fleet PID Distributions and Statistics
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The MDP result for a fleet of vehicles is presented in figure 4.27. The overall
policy is computed by taking the majority vote among different feature-multiple model
predictions. MDP computes the optimal maintenance policy for each health state. We
have assumed a 10-state degradation model for the fuel system and the optimal MDP
policy for each system state has been shown below.

In figure 4.28 we present the overall CBM decision block for the fuel system.
The fault isolation library consists of model-based and data-driven blocks (and maybe
knowledge-based block). The RUL and survival function library comprises of the mul-
tiple model approach, hierarchical HMM approach and survival function estimation
techniques such as multiple model moving horizon estimation approach and the soft

DMFD. The PDM library consists of the knowledge-based approach, MDP, partially
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observable Markov decision process (POMDP) and reinforcement learning techniques.
The Condition-based decision block fuses the decisions made by each individual block
and makes an overall decision which can then be informed to the customer via telem-
atics, if required. The warranty data provides validation of the CBM performance and

is fed-back to improve the decisions.

4.6 Summary

The contributions of this research can be summarized as follows:

e Developed data-driven Fault Diagnosis and Isolation (FDI) approaches based
on neural network and statistical pattern recognition techniques for Automotive

ERFS
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Fuel System Overall CBM Decision Block layout fusing different frameworks
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Chapter 5

Multiple Model Moving Horizon Estimation Approach to

Prognostics in Coupled Systems

The key objectives of this chapter are to analyze and implement a novel moving hori-
zon model predictive estimation scheme based on constrained nonlinear optimization
techniques for inferring the survival functions and residual useful life (RUL) of compo-
nents in coupled systems. The approach employs a data-driven prognostics framework
that combines failure time data, static and dynamic (time-series) parametric data, and
the Multiple Model Moving Horizon Estimation (MM-MHE) algorithm for predicting
the survival functions of components based on their usage profiles. Validation of the
approach has been provided based on data from an electronic throttle control (ETC)
system. The proposed prognostic approach is modular and has the potential to be ap-

plicable to a wide variety of systems, ranging from automobiles to aerospace.

203
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5.1 Introduction

The ideas of Moving Horizon Estimation (MHE) date back to the early 1990s [75].
The fundamental philosophy of MHE is to estimate the temporal evolution of states
by solving a (nonlinear) least squares problem, while penalizing the deviation between
the measurements and predicted outputs of the system. The observations considered
for optimization lie in a fixed finite length time window. The MHE problem is ap-
pealing due to the ability to incorporate nonlinearities and constraints on states and
disturbances. The viability and stability of MHE for state estimation of linear and non-
linear systems, along with its ability to explicitly incorporate constraints, was shown
to perform better than other strategies, such as extended Kalman filtering and output
error linearization. The convergence of MHE algorithms depend on the accuracy with
which the old data is approximated by the arrival cost (analogous to cost-to-arrive con-
cept in deterministic dynamic programming). Hence, the state estimate is determined
online by solving a finite horizon optimization problem. As new measurements become
available, the old measurements are discarded from the estimation window, and the fi-
nite horizon state estimation problem is re-solved to determine the new estimate of the
state. Two major advantages of a moving horizon approach over an increasing hori-
zon or batch estimation approach are that it solves a problem of fixed size at each time
epoch and summarizes the past data by the arrival cost. Hence, MHE algorithms are
suitable for practical implementation because they amount to problems of finite dimen-

sion and have the capability to incorporate nonlinearities and constraints on states and
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disturbances [42]. Prognosis deals with early fault diagnosis and remaining useful life
estimation. It plays a pivotal role in condition-based maintenance (CBM) of contempo-
rary systems. The prognostic methods can be broadly classified into model-based and
data-driven approaches [29]. Model-based techniques assume an accurate mathemati-
cal model of the system, and track the residuals using observers (such as Kalman filters,
interacting multiple models, particle filters) and parity relations (dynamic consistency
checks among measured variables) [69]. On the other hand, data-driven techniques are
derived from routinely monitored system operating data, and are based on statistical
regression techniques (such as nonlinear least squares, partial least squares, principal
component analysis, support vector machines) to graphical models (Bayesian models,
hidden Markov models), and signal analysis [116]. The time-series based approaches
to prognosis are component-centric and do not make use of widely available data in
archived databases of equipment, such as historical usage patterns, error codes, ob-
served failure modes, repair and inspection intervals, environmental factors, skill levels
of personnel, and status parameters collected periodically or at the onset of error codes.
Consequently, the time-series based prognostic health management approaches are both
incomplete and inaccurate for coupled systems with cross-subsystem fault propagation.
On the other hand, the classical survival theory-based approaches rely on Weibull and
other nonlinear regression models to infer time-to-failure, and these estimates are used
to optimize the time-to-maintain or time-to-repair/replace; these techniques do not con-

sider condition indicators of equipment and cross-subsystem fault propagation. Con-
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sequently, the survival theory-based techniques result in large variability in the time-
to-failure estimates. Evidently, the two disparate methodologies need to be reconciled
and unified under a common modeling framework that combines archived failure time
data, and static and dynamic parametric data [111]. The chapter focuses on a data-
driven prognostics approach for estimating the states of component survival functions
and cluster weights of an electronic throttle control (ETC) system given noisy test mea-
surements from a mixed component cluster. The main contributions of this chapter can

be summarized as follows:

1. Novel Multiple Model Moving Horizon Estimation (MM-MHE) algorithm for

predicting the survival functions of components based on their usage profiles.

2. A comprehensive prognostic framework based on offline and online data for re-

maining useful life prediction.

The chapter is organized as follows. Section 5.2 presents a general model pre-
dictive estimation model and previous work in this area. Section 5.3 presents a uni-
fied prognostics framework that combines the failure time data, as well as static and
dynamic parametric data based on Cox proportional hazards model (PHM) [33, 61].
Section 5.4 describes the multiple-model moving horizon estimation algorithm used
for predicting the survival functions and cluster weights. The experimental results are
presented in section 5.5. Section 5.6 concludes with summary and future research di-

rections.
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5.2 Model Predictive Estimation

Model Predictive Control (MPC) is a form of control in which the current control ac-
tion is obtained online, at each sampling instant, by solving a finite horizon open-loop
optimal control problem, using the current state of the system as the initial state. The
process yields an optimal control sequence and the first control in this sequence is ap-
plied to the system [74]. An important advantage of this approach is its ability to cope
with equality and inequality constraints on controls and states. The essence of MPC
is to optimize, over the manipulable inputs, forecasts of the system behavior. Hence,

MPC usually comprises of the following three fundamental ideas:

1. Explicit use of a model to predict the process output over a future time horizon;

2. Calculation of a control sequence to optimize a performance index over this hori-

zon, and

3. The application of the first control signal of the sequence and moving the horizon

by one step towards the future.

The moving horizon MPC approach has been presented in Figure 5.1.

1. The process model computes the predicted future outputs g (k + j|k),j =1,..., N—
1 for the prediction horizon N at each time instant k. These depend on the known
values up to instance k (past inputs and outputs), including the current output
(or initial condition) y (¢) and on the future control signals u (k + j|k),j =

0,..., N — 1, to be calculated.
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Fig. 5.1: Moving Horizon Strategy of MPC [40]

2. The sequence of future control signals is computed to optimize a performance

criterion over the prediction horizon.

3. Only the current control signal u (k|k) is applied to the system. At the next
sampling instant, y (kK + 1) is measured and step 1 is repeated and all sequences
are brought up to date. Hence, u (k + 1|k + 1) is calculated using the receding

horizon concept.

The process models can be either linear or nonlinear. The predicted state esti-

mates are computed by minimizing the predicted error or a finite horizon cost function.



209

The MPC concept has a long history. In the 1970s engineers at shell oil developed
their independent MPC technology with an initial application in 1973 [44]. Originally
developed to meet the specialized control needs of power plants and petroleum refiner-
ies, MPC technology can now be found in a wide variety of application areas including
chemicals, food processing, automotive, and aerospace applications. Several publica-
tions provide a good introduction to theoretical and practical issue associated with MPC
technology. Rawlings et al. [102] present an excellent tutorial aimed at control practi-
tioners. An overview of commercially available linear and nonlinear MPC technology,
its applications and brief history is provided by Qin et. al. [95]. Rao et. al. [101] in-
vestigated MHE as an online constrained optimization strategy for estimating the state
variables of constrained discrete-time systems, and demonstrated the superior perfor-
mance and modeling accuracy of MHE compared to other strategies, such as extended
Kalman filtering and output error linearization. Samar et. al. [108, 109] proposed a
model-based diagnosis approach based on MHE for estimating the evolution of fault
parameters online. The proposed approach was validated by application to rocket flight
control and fault diagnosis in an unmanned aerial vehicle (UAV). Authors [103] have
also proposed a combination of powerful state estimation techniques such as particle
filters and MHE for detecting and tracking multi-modal densities which are common in

chemical process control applications.
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As shown in Figure 5.2, three types of data are considered in our prognostic framework:

Failure Time
Data

Static Data

Dynamic Data

Age at the time of failure (age

el when error code is observed, a

component is replaced)

Environmental
parameters

Human and
organizational
aspects

Status data when
error codes are
observed

Example: dust, humidity,
temperature, geographic location

Example: skill levels, educational
level, socio/cultural

Example: freeze frame data, health
and usage monitoring data

Periodic status data

Examples: parametric data

collected via telematics services
4

Time-series data

Condition- indicating parameters
(vibrations, pressures, valve
closing time, flows,..)

Fig. 5.2: Prognostic Data Categorization

1. Archived failure data (or Type I data): age of the equipment at the time of failure,

i.e., age when an error code or symptom is observed, or a component is replaced;

2. Static environmental and status parameter data (or Type II data); and

3. Dynamic data (or Type III data): time-series data and periodic status data.
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The proposed data-driven prognostic framework is shown in Fig. 5.3. It is di-
vided into two phases, namely, the training and model learning phase (offline module),

and testing or deployment phase (online module).
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|
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components) Proportional | 0P Functions &
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.| Periodically =
|
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Fig. 5.3: Cox-PHM Multiple Model Prognostics Approach

In the training and validation (or model learning) phase, we compute the static
data-modulated component survival functions, error codes, symptoms and any observ-
able test outcomes via Cox proportional hazards model and cluster the survival func-
tions for each component via clustering techniques such as k-means, learning vec-

tor quantization (LVQ), Gaussian mixture models (GMM) or hierarchical clustering
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[15,38]. These clusters represent the different usage profiles for the components de-
pending on the usage conditions, environmental factors, etc. The Cox PHM assumes a

hazard function of the form:

hi () = ho (1) exp (7) 5.1)

where i denotes the component, diagnostic error code, or any failure mode of
interest, 2 is a vector of covariates (Type II static data such as freeze frame data in
automotive vehicles or health and usage monitoring data), r is the vector of regression
parameters, and hg (¢) is the baseline hazard function (with z = 0 ). The baseline
hazard function can be from any of the standard failure time distributions (e.g., expo-
nential, Weibull, normal, log normal, Gamma, etc.) or it can be nonparametric. The
baseline hazard function and regression parameters are estimated via a maximum like-
lihood method [62, 132]. The component survival functions,S; (¢, z) and the associated
failure density functions, f; (t,z) can be computed from the hazard functions h; (¢, z)

as follows,




213

5.2)

Subsequently, in the testing (or deployment) phase, on obtaining new measure-
ments via online data acquisition systems, the survival functions and cluster weights are
estimated via the Multiple Model Moving Horizon Estimation (MM-MHE) algorithm.
Once the component survival functions are obtained, the first and second order non-
central moments at the time-of-failure T can be computed from the survival functions

via 5.3 and 5.4 respectively.

E(T) = /S (1)dr (5.3)
Var (T) = 2 / 8 (r)dr | — / S (r)dr (5.4)

Hence, the remaining useful life (RUL) of a component at any time epoch t can
be computed from the survival function by defining an application dependent threshold

on the survival probability as shown below.

RUL (t) = argmin (S (t + 7) < &) (5.5)

T

where (¢ denotes the threshold of functional failure.
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5.4 Multiple Model Moving Horizon Estimation Approach

The key problem is to estimate the states of the component survival functions and clus-
ter weights (posterior probabilities of discrete states), given noisy test measurements
(prognostic indicators) from a mixed component cluster. Mathematically, the dynamics

of the survival function can be represented in discrete-time as [57,79],

Si(k+1,0) = ai (k1) S; (k, 1) = A; (k, 1) S; (0)
a; (k> l) = exp (_hi (ka l) A)
A, (k1) = (kr;[: ai (m))

(5.6)

where A is the time step in days. S; (k) and h; (k) are the survival function and
hazard rate of component i = {1,2,....,m} at time epoch kA. The cluster number is
given by [ and each component may have different clusters represented by L;, where
l={1,2,...., L;} for component i. This implies that we need to infer the discrete-state
usage profile from the prognostic indicators.

The measurements are generated based on a nonlinear function (negative loga-
rithm) of the test survival functions (soft test outcomes), which represent a nonlinear
function of mixed component survival functions with noise to mimic observations from

an unknown user profile as shown below.
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yi (k) = —InTj(k)

T (k) (5.7)

where, v; (k) &~ N (0,0?) . Equation (7) corresponds to a noisy-OR dependency
between the test outcome and the set of components monitored by that test [111]. The
noise variance o = |y, (k)| (¢ is varied from 0.01-5.12 in our experiments to assess
the robustness of the algorithm to measurement noise. This corresponds to a signal-
to-noise ratio range of 20 dB to 7 dB). Hence, R, is a diagonal n x n measurement
noise covariance matrix. The survival function of test j = {1,2,....,n} at time kA is
denoted as T (k). The probability of detection and the probability of false alarm of test
Jj ={1,2,....,n} for failure in component i = {1,2,....,m} are denoted as PD,; and
PFj;, respectively.

The goal is to accurately predict the component degradation according to the cur-
rent operating conditions. The cost function for the current window is computed based
on a nonlinear least squares approach minimizing the square of the residual between
the current measurements and predicted outputs of the system. The arrival cost is cal-
culated by penalizing the deviations based on previous predicted state estimates and
covariances. Hence, the overall cost is formulated as a summation of the arrival cost

and the current window cost. Consequently, the MM-MHE algorithm predicts the com-



216

ponent survival functions and cluster weights based on the optimal cost and constraints.

S
The overall cost for the augmented vector x = of survival functions and
e}
clusters is as follows:-
kr+w
. ~ T —1 A T p—1
m;n ﬁSEKL —QKL) (Z L) (&KL _£KL)1+ Z vi R, v (5.8)
= k=kp+1

~
Arrival Cost

where, (3 is the arrival cost scale factor (tuning parameter) and v; denotes the
measurement prediction residual which is the difference between the current and pre-

dicted measurements. For implementation purpose, the augmented vector z is set up as

T
arow vector of S and o , where, S = {Sl o). 5 (0)] and
T

a = lan 0. U gy A ay 1 . In the initial window, the cluster
numbers « have been assumed to be uniformly distributed for all components, and the
component survival functions have been initialized with ones. The constraints on the

survival functions and the clusters are,

&

Z a; (1) = landa; > 0
1

o~

0<Si(k)<1

(5.9)



217

The covariance update equation for each window is obtained as follows 5.10:

—1 K, | HY
_1 A
Y = >, Y R ms m,| (510
O 0| HT

Covariance from previous window

o % HIR-'Hs HYR;'H,
= 0 —+

" \HTR'Hy HTR7'H,

where, HS is an n x n matrix obtained by taking the partial derivatives of the

measurement equation with respect to the survival functions as follows,

9y;  _
55,0 — i
L;
X AikDai(D) | (PDi;=PFyy)
— (5.11)
=1
The complete g matrix 5.12 has been presented below:
_ » -
(lzl Al(k,l)al(l)> (PD11—PF11)
L
lésl(O)Al(k’l)al(l) (PDll—PF11)+(1—PD11)
L
(é Al(k,l)al(l)> (PD12—PFiy)
T /L
e — (1211 Sl(O)Al(k,l)al(l)> (PD1a—PFi2)+(1-PD) 5.12)

- -4 nXm
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and H, is an n xL; matrix for each component ¢, obtained by taking the partial

derivatives of the measurement equation with respect to the clusters as shown in 5.13

and 5.14.

a .
80(2:&) - hﬂ(l)
(Si(0)A; (k) (PD;; —PF;;) (5.13)

—
( Zl Si(O)Ai(k,p)ai(p)> (PDij—PFi;)+(1-PDy;)
=
Hence, the H, matrix takes the form,

(S:(0)A;(k,1))(PDij1—PF;1)

7L
211 SAO)Ai(k,p)ai(p)) (PDiy—PFi1)+(1—PDyy)
p2

(Si(0)A;(k,1))(PDio—PF;2)

T /L
211 Si(O)Ai(k‘,p)ai(p) (PD¢27PF¢2)+(17PD¢2)
- (5.14)

. n><Li

The moving horizon or online estimation algorithms require us to keep track of
the covariance and update it at each window to compute the arrival cost which sum-

marizes the past information. The covariances are initialized with zeros in the first

window.
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5.5 Application to Electronic Throttle Control System

Here we apply the MM-MHE approach to an automotive electronic throttle control
(ETC) system. The ETC [123], also termed drive-by-wire technology, replaces the con-
ventional mechanical linkage between accelerator pedal and throttle body. The function
of an ETC system is to determine the necessary throttle opening using sensors (such as
accelerator pedal position, engine RPM, and vehicle speed), and drive the actuator to
obtain the required throttle position via a close loop control algorithm in the electronic
control module (ECM). The ECM monitors the health of the subsystems by processing
parameter identifier data (PIDs) collected from various sensors and generates diagnos-
tic trouble codes (DTCs or error codes) in case of a failure in any component.

The dataset derived from the ETC simulator consisted of 11 error codes (DTCs),
479 status parameters (PIDs) collected at the time of DTC firing, age of the vehicle and
the repair/replacement actions (i.e., repair codes (LCs)) performed on the system. A
total of 5 different repair codes (replaceable components) were present in our training
data. However, due to ambiguity in two of the repair codes they were grouped into a
single repair code [111]. Mutual information gain is employed to select the minimal
number of PIDs and the top 16 PIDs are selected for our analysis [15,38,111].

The survival functions for components and tests are initially learned using the
Cox PHM model as described in section III. Then, k-means clustering technique is
employed to group the survival functions for LCs as well as DTCs. For the dataset

provided there appear to be 3 clusters of survival functions for each repair code. In



220

order to validate the prognostic framework, the detection and false alarm probabilities
of tests are initially learned from the averaged DTC survival function and averaged LC

survival function by minimizing the objective function 5.15 shown below.

K n
min D = (k)+
{PDs; PFi; }[07 kzzjljzl{yj( )
+ S In[S;(k)(PD;; — PFy;) + (1 — PD;;)]}? (5.15)
=1

The nonlinear least squares minimization is implemented using MATLABs opti-
mization toolbox function fmincon to determine the optimal detection and false alarm
probabilities { PD;;, PF;;}.

The Multiple Model Moving Horizon Estimation Algorithm was implemented in
MATLAB using fmincon function which finds the minimum of the constrained nonlin-
ear multivariate objective function based on Sequential Quadratic Programming based
Quasi-Newton Line Search. The scale factor is a tuning parameter and was found by
experimentation to lie between 10~% and 10~ for the ETC dataset. The remaining use-
ful life of a component at any time can be computed by defining an application-specific
threshold on the survival probability.

The measurements for the simulations were generated from clusters randomly for
each component. For the Figures 5.4-5.8 shown below the clusters numbers were 3, 2, 2,
and 1 respectively for the 4 components. The results for moving horizon estimation are
presented next. Figure 5.4 shows the estimated and true survival function probabilities,

and the measurements with and without noise; and the predicted measurements for the
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first window of observations. The results show good accuracy (MSE and R?) in the
very first window due to the monotonically decreasing trend of the component survival
functions. Figures 5.5-5.8 show a gradual improvement in the performance of the MM-
MHE algorithm with each window.

The survival probabilities and cluster numbers in the final window (Figure 5.8)
show good agreement with the truth indicating the robustness and computational accu-
racy of the MM-MHE algorithm.

The simulation results presented here were generated for a noise level of approx-
imately 8 dB (i.e. 6 = 0.16). However, experiments were conducted with § varying
from 0.01 to 5.12 (an SNR range from 20 dB to 7dB). As shown in Fig. 9, the MM-
MHE algorithm performs very well, with R? approximately 99% or higher for deltas in
the range of 0.1 to 0.32, and MSE in the order of 10-3, for all windows, in the presence
of significant measurement noise. The plot in Fig. 9 computes the R2 by averaging
over all windows and components.

The simulation results presented in this section are based on experiments for a
fixed finite length window and the survival function estimates are determined online by
solving a finite horizon state estimation problem as new measurements arrive. How-
ever, further experimentation showed that the effects of window size and length are
negligible, and we can have either fixed or variable length windows (for e.g., based on
days).

An illustrative example was run to demonstrate the robustness of the MM-MHE
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algorithm to switching clusters and thus, modeling switching modes (similar to that
modeled in Interacting Multiple Models) and varying usage conditions. The MM-MHE
algorithm was implemented over 5 windows (similar to the previous example). The ob-
servations for the 15" window were generated from clusters 3, 2,2, and 1. Subsequently,
the cluster mode changes to 1,1, 1, and 3 for the 2"? and 3"¢ windows, and finally,
switches back to 3,2, 2, and 1 for the 4" and 5" windows. The survival function prob-
abilities from the final window of the moving horizon estimation have been presented
in Figure 5.10. As shown in Figure 5.16, the MM-MHE algorithm tracks the clusters

with reasonable accuracy over all windows.

5.6 Conclusions and Future Work

The chapter presents a novel Multiple Model Moving Horizon Estimation (MM-MHE)
algorithm for online prediction of the component survival functions based on their us-
age profiles. The framework employs Cox proportional hazards model based on offline
and online data for the remaining useful life prediction. The proposed approach has
been validated by way of application to data derived from an automotive electronic
throttle control system simulator. The MM-MHE algorithm shows excellent perfor-
mance (R? and MSE) in the presence of significant measurement noise over all win-
dows and converges to the correct cluster number.

The future work includes application of this approach to continuous parame-

ter identifier (PID) data and to account for the uncertainty in RUL estimation. In the
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near future, by simple transformations, the authors plan on implementing the MM-
MHE algorithm for measurements and states between (—oo, c0), and considering the
effects of process noise and hence, modifying the cost function accordingly. A poten-
tial extension of the Cox-PHM framework for prognosis of coupled systems will be to
model the coupled survival dynamics as monotone positive linear systems or monotone
Markov processes in which the state matrix is a Metzler matrix (i.e., has nonnegative

off-diagonal elements).
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Fig. 5.11: Cluster Tracking via MM-MHE Algorithm.



232



Chapter 6

Research Impact

The algorithms in this thesis will:

1. Develop next-generation BMSs featuring online tracking and monitoring of piv-
otal battery characteristics to facilitate efficient diagnostic and prognostic main-

tenance of batteries

2. Revolutionize battery fuel gauging for robust and accurate estimation of battery

SOC, SOH, RUL, TTS, capacity etc.
3. Play a key role in condition-based maintenance (CBM) of contemporary systems
4. Minimize life cycle cost of vehicle systems
5. Minimize system downtime and warranty costs
6. Enhance safety and reliability of vehicular systems
7. Improve personnel and parts management

8. Prevent customer walk-home scenarios
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9. Improve customer satisfaction through enhanced vehicle availability

10. Improve component design
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