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(57) ABSTRACT 

A method includes calculating a first estimated State of charge 
(SOC) of a battery at a first time, receiving a voltage value 
representing a measured Voltage across the battery at a second 
time, calculating a filter gain at the second time, and calcu 
lating a second estimated SOC of the battery at the second 
time based on the first estimated SOC, the voltage value, and 
the filter gain. Another method includes storing, in a memory, 
a library of equivalent circuit models representing a battery, 
determining an operational mode of a battery based on a load 
associated with the battery, selecting one of the equivalent 
circuit models based on the determined operational mode, 
and calculating a state of charge of charge (SOC) of the 
battery using the selected equivalent circuit model. 
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BATTERY STATE OF CHARGE TRACKING, 
EQUIVALENT CIRCUIT SELECTION AND 

BENCHMARKING 

0001. This application claims the benefit of U.S. Provi 
sional Patent Application 61/768,472 filed on Feb. 24, 2013 
entitled, “BATTERY STATE OF CHARGE TRACKING, 
EQUIVALENT CIRCUIT SELECTION AND BENCH 
MARKING”, the entire contents of which are incorporated 
herein by reference. This application is related to a co-pend 
ing application entitled “BATTERY STATE OF CHARGE 
TRACKING, EQUIVALENT CIRCUITSELECTION AND 
BENCHMARKING”, attorney docket number 0078 
055003-7501 115503, the entire contents of which are incor 
porated herein by reference. 

FIELD 

0002 Embodiments relate to calculating state of charge of 
a battery. 

BACKGROUND 

0003 Electrochemical storage devices play an important 
part of future energy strategy. Indeed, batteries are a viable 
energy storage technology of today and in the near future. A 
wide range of devices, such as portable electronic equipment, 
mobile household appliances, aerospace equipment, etc., are 
increasingly being powered by batteries. Accurate estimation 
of for example, the state of charge of a battery can be difficult 
using known systems and methods. Thus, a need exists for 
systems, methods, and apparatus to address the shortfalls of 
present technology and to provide other new and innovative 
features. 

SUMMARY 

0004 One embodiment includes a method. The method 
includes calculating a first estimated state of charge (SOC) of 
a battery at a first time, receiving a Voltage value representing 
a measured Voltage across the battery at a second time, cal 
culating a filter gain at the second time, and calculating a 
second estimated SOC of the battery at the second time based 
on the first estimated SOC, the voltage value, and the filter 
gain. 
0005. Another embodiment includes a system. The system 
includes a battery and a battery fuel gauge module configured 
to calculate an estimated state of charge (SOC) of the battery 
using a reduced order filter, the reduced order filter being a 
single state filter configured to recursively calculate the esti 
mated SOC based on a previously calculated SOC estimate. 
0006 Still another embodiment includes a computer read 
able medium including code segments. When executed by a 
processor, the code segments cause the processor to calculate 
an estimated state of charge (SOC) of a battery, store the 
estimated SOC in a buffer, and calculate an updated estimated 
SOC of the battery using a reduced order filter, the reduced 
order filter being a single state filter configured to recursively 
calculate the updated estimated SOC based on the estimated 
SOC. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0007 Example embodiments will become more fully 
understood from the detailed description given herein below 
and the accompanying drawings, wherein like elements are 
represented by like reference numerals, which are given by 
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way of illustration only and thus are not limiting of the 
example embodiments and wherein: 
0008 FIGS. 1 and 2 illustrate block diagrams of a battery 
management system (BMS) according to at least one example 
embodiment. 
0009 FIG.3 illustrates a block diagram of a signal flow for 
selecting a battery equivalent model according to at least one 
example embodiment. 
0010 FIG. 4 illustrates a block diagram of a signal flow for 
calculating a battery state of charge (SOC) according to at 
least one example embodiment. 
0011 FIG. 5 illustrates a block diagram of a battery fuel 
gauge (BFG) system according to at least one example 
embodiment. 
0012 FIG. 6 illustrates a block diagram of a signal flow for 
a parameter module of the BFG system according to at least 
one example embodiment. 
0013 FIG. 7 illustrates a block diagram of a signal flow for 
a SOC module of the BFG system according to at least one 
example embodiment. 
0014 FIG. 8 illustrates a block diagram of the SOC mod 
ule according to at least one example embodiment. 
0015 FIG. 9 illustrates a block diagram of a total least 
squared (TLS) module of the SOC module according to at 
least one example embodiment. 
0016 FIG. 10 illustrates a block diagram of a recursive 
least squared (RLS) module of the SOC module according to 
at least one example embodiment. 
10017 FIGS. 11 and 12 illustrate flowcharts of methods 
according to at least one example embodiment. 
(0018 FIGS. 13 A-13D illustrate schematic diagrams of 
battery equivalent models according to at least one example 
embodiment. 

(0019 FIG. 14 is a diagram that illustrates OCV-SOC char 
acterization curve of a portable Li-ion battery cell. 
(0020 FIGS. 15A and 15B are graphs that illustrate a load 
profile. 
0021 FIGS. 16A and 16B are graphs that illustrate a simu 
lated load profile. 
0022 FIG. 17 is a diagram that illustrates an example 
system implementation. 
0023 FIG. 18 is a diagram that illustrates a user interface 
that can be used in conjunction with a system implementa 
tion. 

(0024 FIGS. 19A and 19B include graphs that illustrate an 
example discharge Voltage/current profile. 
(0025 FIGS. 20A and 20B are graphs that illustrate an 
example Coulomb Counting evaluation method. 
0026 FIGS. 21A and 21B are diagrams that illustrate a 
time to shutdown (TTS) evaluation method. 
(0027 FIGS. 22A, 22B and 22C are tables representing 
fuel gauge readings. 
0028. It should be noted that these Figures are intended to 
illustrate the general characteristics of methods and/or struc 
ture utilized in certain example embodiments and to Supple 
ment the written description provided below. These drawings 
are not, however, to Scale and may not precisely reflect the 
precise structural or performance characteristics of any given 
embodiment, and should not be interpreted as defining or 
limiting the range of values or properties encompassed by 
example embodiments. For example, the relative thicknesses 
and positioning of structural elements may be reduced or 
exaggerated for clarity. 
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DETAILED DESCRIPTION OF THE 
EMBODIMENTS 

0029 While example embodiments may include various 
modifications and alternative forms, embodiments thereofare 
shown by way of example in the drawings and will herein be 
described in detail. It should be understood, however, that 
there is no intent to limit example embodiments to the par 
ticular forms disclosed, but on the contrary, example embodi 
ments are to cover all modifications, equivalents, and alter 
natives falling within the scope of the claims. Like numbers 
refer to like elements throughout the description of the fig 
U.S. 

0030. Accurate estimation of the state of batteries, such as 
the state of charge (SOC), state of health (SOH), and remain 
ing useful life (RUL), is critical to reliable, safe and wide 
spread use of the devices being powered by batteries. Esti 
mating these quantities is known as battery fuel gauging 
(BFG). Unlike the hydrocarbon fuels in many of today's 
automobiles, the storage capacity of a battery is not a constant 
quantity. Typically, the battery capacity varies with the age of 
the battery, usage patterns and temperature, making BFG a 
challenging adaptive estimation problem, requiring modeling 
and on-line parameter identification of battery characteristics 
across temperature changes, SOC variations, and age. 
0031 FIGS. 1 and 2 illustrate block diagrams of a system 
100 according to at least one example embodiment. As shown 
in FIG. 1, the system 100 includes a battery 105, a battery 
management system (BMS) 110, a display 120, an unlimited 
power source 125 (e.g., a wall outlet, an automobile charging 
station, and the like), and a switch 130. 
0032. The BMS 110 may be configured to manage utili 
zation and/or a condition of the battery 105. For example, the 
BMS 110 may be configured to connect or disconnect the 
unlimited power source 125 to the battery 105 using switch 
130 to charge the battery 105. For example, the BMS 110 may 
be configured to connect or disconnect a load (not shown) to 
the battery 105. For example, the BFG 115 may be configured 
to calculate a state of charge (SOC) and/or state of health 
(SOH) of the battery 105. The SOC and/or SOH may be 
displayed (e.g., as a percentage, as a time remaining, etc.) on 
the display 120. 
0033. As shown in FIG. 2, the BMS 110 includes, at least, 
analog to digital converters (ADC) 205, 220, filters 210, 225, 
a digital amplifier 215, and a battery fuel gauge (BFG) 115. 
The BFG 115 includes a memory 230, a processor 235 and a 
controller 240. At least one of the ADC 205, 220, the filters 
210, 225, the digital amplifier 215, and the BFG 115 may be, 
for example, an application specific integrated circuit 
(ASIC), a digital signal processor (DSP), a field program 
mable gate array (FPGA), a processor, and/or so forth. Alter 
natively, the BMS 110 may be an ASIC, a DSP, an FPGA, a 
processor, and/or so forth including the shown functional 
blocks. Alternatively, the system 100 may be implemented as 
Software stored on a memory and executed by, for example, a 
processor. 

0034. The BMS 110 may be configured to convert an 
analog measurement (e.g., I, and V) to a digital value using 
a combination of the digital converters (ADC) 205, 220, the 
filters 210, 225, and the digital amplifier 215 (e.g., for use by 
the BFG 115 to calculate SOC and/or SOH). For example, the 
digital amplifier 215 may be a differential amplifier that gen 
erates (e.g., produces) an analog signal based on the Voltage 
drop V, across the battery 105 (e.g., the difference in voltage 
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values between the positive and negative terminal) which is 
then converted to a filtered digital value using ADC 220 and 
filter 225. 
0035 System 100 may be a subsystem of any system or 
electronic device that utilizes a battery to provide power. In 
Some implementations, the electronic device can be, or can 
include, for example, a laptop-type device with a traditional 
laptop-type form factor. In some implementations, the elec 
tronic device can be, or can include, for example, a wired 
device and/or a wireless device (e.g., Wi-Fi enabled device), 
a computing entity (e.g., a personal computing device), a 
server device (e.g., a web server), a toy, a mobile phone, an 
audio device, a motor control device, a power Supply (e.g., an 
off-line power Supply), a personal digital assistant (PDA), a 
tablet device, e-reader, a television, an automobile, and/or so 
forth. In some implementations, the electronic device can be, 
or can include, for example, a display device (e.g., a liquid 
crystal display (LCD) monitor, for displaying information to 
the user), a keyboard, a pointing device (e.g., a mouse, a 
trackpad, by which the user can provide input to the com 
puter). 
0036 FIG. 3 illustrates a block diagram 300 of a signal 
flow for selecting a battery equivalent model according to at 
least one example embodiment. As shown in FIG.3, a model 
selection block 310 receives an input (e.g., voltage and/or 
current signals from a battery and/or a load) and uses the input 
(or Some variation thereof) to select an equivalent model 
representing (or corresponding to) a battery from an equiva 
lent model library 305. The equivalent model is then used to 
calculate a state of charge (SOC) by the state of charge cal 
culator block 315. The equivalent model library 305 may 
include at least one equivalent model representing a battery. 
Each equivalent model may be based on an operational mode 
of the battery (or an equivalent battery). The operational 
mode may be based on a load associated with the battery. For 
example, the operational mode may be based on the Voltage 
drop across the load. For example, the operational mode may 
be based on whether or not the voltage drop across the load is 
relatively high or low, relatively constant or dynamic, and/or 
a combination thereof. 

0037. The equivalent model (see FIGS. 13 A-13D below) 
may include any combination of resistors, Voltages (e.g., volt 
age drops or Voltage sources), resistance-current (RC) cir 
cuits, impedance circuits, and/or the like. Accordingly, a 
mathematical (e.g., formula) equivalent for the equivalent 
model of the battery may be developed. The equivalent model 
library 305 may store the mathematical equivalent in relation 
to the operational mode of the battery. The mathematical 
equivalent may be used in a calculation of SOCby the state of 
charge calculator block 315. For example, the mathematical 
equivalent may be used to determine variables as inputs to a 
formula used to calculate SOC (or an estimation of SOC). 
Accordingly a BFG system can select equivalent models 
based on operational modes to improve calculation efficiency 
and reduce processing times. Further details are provided 
below with regard to FIGS. 5-12. 
0038 FIG. 4 illustrates a block diagram 400 of a signal 
flow for calculating a battery state of charge (SOC) according 
to at least one example embodiment. As shown in FIG. 4, the 
block diagram 400 includes an extended Kalman filter (EKF) 
block 405, state of charge (SOC) blocks 410, 420, filter gain 
parameter blocks 415,425 and a buffer 430. The EKF block 
505 may be configured to calculate a SOC 420 and determine 
filter gain parameters 425 (e.g., a read and/or calculated SOC 
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variance, a measured Voltage, a calculated capacity, variables 
associated with an equivalent circuit, and/or the like) based on 
previously calculated SOC(s) 410 and filter gain parameters 
415. Accordingly, buffer 430 may be configured to store 
previously calculated SOC(s) and filter gain parameters in, 
for example, a processing loop. In other words, a current (or 
next) SOC may be calculated based on at least one previously 
calculated SOC. In other words, a SOC calculated at a first 
time may be used to calculate a SOC at a second (later) time. 
0039. In an example implementation, at least two SOC's 
410 and/or sets of filter gain parameters 415 may be used. 
Therefore, a vector of at least two SOCs, an array of at least 
two SOC's, an average of at least two SOCs, and a mean of 
at least two SOCs and corresponding filter gain parameters 
may be used to calculate a next SOC 420 (or SOC at a second 
time) and determine/calculate corresponding filter gain 
parameters 425. Accordingly, buffer 430 may be configured 
to store a plurality of previously calculated SOC(s) 410 and 
calculated/determined filter gain parameters 415. Accord 
ingly a BFG system can utilize a previously calculated SOC 
to improve calculation efficiency and reduce processing 
times. Further details are provided below with regard to 
FIGS. S-12. 

0040 FIG. 5 illustrates a block diagram of a battery fuel 
gauge (BFG) 115 system according to at least one example 
embodiment. As shown in FIG. 5, the BFG 115 includes an 
estimation module 510, a tracking module 520, a forecasting 
module 530, an open voltage circuit-state of charge (OCV 
SOC) characterization module 540, an offline parameter esti 
mation module 545 and a battery life characterization module 
550. In addition, the system includes an offline data collection 
module 555 and a battery modeling module 560. 
0041. The offline data collection module 555 may be con 
figured to measure battery characteristics in a relatively con 
trolled testing environment. For example, open circuit Volt 
age (OCV) measurements and SOC measurements may be 
collected for the battery 105 (or an equivalent battery) in a test 
lab environment. For example, the battery 105 (or equivalent 
battery) may be initialized to a fully charged (e.g., nearly fully 
charged, substantially fully charged), rested state. OCV and 
SOC measurements may be made. Then the battery 105 (or 
equivalent battery) may be slowly discharged with OCV and 
SOC measurements made at intervals (e.g., regular, periodic, 
irregular, predetermined) until the battery 105 (or equivalent 
battery) is fully (or substantially) discharged. The OCV and 
SOC measurements may be used to determine, calculate or 
estimate battery parameters (e.g., OCV parameters KeKo: 
K.K.K.K.K.K.K., described below). 
0042 Data from the offline data collection module 555 
may be used in the battery modeling module 560 to deter 
mine, for example, equivalent models for the battery 105 (or 
equivalent battery) and/or mathematical equivalents for the 
equivalent models. Data from the offline data collection mod 
ule 555 may be used in the offline parameter estimation 
module 545 to determine and/or calculate parameters (e.g., 
values for components associated with the aforementioned 
equivalent models) associated with the battery 105 (or 
equivalent battery). Data from the offline data collection 
module 555 may be used in the OVC-SOC characterization 
module 540 to determine and/or calculate OCV and SOC 
battery parameters (e.g., OCV parameters KeKo:KK2: 
K.K.K.K.K, described below). Data from the offline 
parameter estimation module 545 may be used in the battery 
life characterization module 550. For example, data from the 
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offline parameter estimation module 545 may be used to 
calculate an initial state of health (SOH) characteristic (e.g., 
maximum SOC) by the battery life characterization module 
550. 

0043. The display 120 is shown as having a SOC display 
565, a SOH display 570, a time to shutdown (TTS) display 
575, and a remaining useful life (RUL) display 580. Each 
display may be, for example, a meter showing a percentage. 
Values for each of the displays may be calculated or deter 
mined by the BFG 115. For example, TTS may be displayed 
as a time value (e.g., hours and/or minutes) as calculated by 
the TTS module 532. 

0044) The estimation module 510 includes a parameter 
module 512 and a capacity module 510. The estimation mod 
ule 510 may be configured to calculate and/or determine 
values (e.g., parameters and capacity values) that are specific 
to the battery 105 (or an equivalent battery). In a stable envi 
ronment (e.g., a test lab) the parameter and capacity values 
may be fixed (e.g., do not vary). However, in a real world 
environment the parameter and capacity values may be 
dynamic or vary. For example, complete SOC tracking solu 
tion typically involves (1) estimation of the OCV parameters 
that form part of the state space model through offline OCV 
characterization. The OCV-SOC characterization is stable 
over temperature changes and aging of the battery. Once 
estimated, these parameters form part of State-space model 
with known parameters. (2) Estimation of the dynamic elec 
trical equivalent circuit parameters. These parameters have 
been observed to vary with temperature, SOC and age of the 
battery and hence should be adaptively estimated while the 
BFG is operational. (3) Estimation of battery capacity: Even 
though the nominal capacity of the battery is specified by the 
manufacturer, the usable battery capacity is known to vary 
due to errors in the manufacturing process, temperature 
changes, usage patterns, and aging. And (4) model parameter 
conditioned SOC tracking. Once the model parameters are 
known, the SOC tracking becomes a nonlinear filtering prob 
lem. However, it is observed that the resulting state-space 
model contains correlated process and measurement noise 
processes. Properly addressing the effect of these correlations 
will yield better SOC tracking accuracy. Therefore, in 
example implementations, in order to calculate parameters 
and capacity, the tracking module 520 may feedback data to 
the estimation module 510. 
0045. Further, typical methods of estimating battery 
capacity neglect hysteresis effects and assume that the rested 
battery voltage represents the true open circuit voltage (OCV) 
of the battery. However, according to example embodiments, 
the estimation module 510 models hysteresis as an error in the 
OCV of the battery 105 and employs a combination of real 
time, linear parameter estimation and SOC tracking tech 
nique to compensate for the error in the OCV. 
0046. The tracking module 520 includes a SOC module 
522 and a SOH module 524. SOC indicates the amount of 
“fuel” in the battery 105. As described above, SOC is the 
available capacity expressed as a percentage of Some refer 
ence (e.g., rated capacity or current capacity). According to 
example embodiments, SOC module 522 calculates SOC 
using tracking to compensate for error in the OCV (in com 
bination with the parameter estimation) described in more 
detail below. SOH indicates the condition of a battery as 
compared with a new or ideal battery. SOH may be based on 
charge acceptance, internal resistance, Voltage, self-dis 
charge, and/or the like. 
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0047. The forecasting module 530 includes a TTS module 
532 and a RUL module 534. The TTS module 532 and the 
RUL module 534 may be configured to calculate TTS and 
RUL based on SOC. 
0048 FIG. 6 illustrates a block diagram of a signal flow for 
a parameter module 412 of the BFG 115 according to at least 
one example embodiment. A BFG system can select equiva 
lent models based on operational modes to improve calcula 
tion efficiency and reduce processing times. As shown in FIG. 
6, the parameter module 412 includes an operational mode 
module 605 and a model selection module 610. The opera 
tional mode module 605 may be configured to determine an 
operational mode (of a battery) based on at least one input 
from the battery 105 and/or at least one input from the load 
615. The at least one input may be based on at least one of a 
current and a Voltage associated with at least one of the 
battery 105 and the load 615. For example, a voltage drop 
across the load 615. For example, the operational mode may 
be based on whether or not the voltage drop across the load 
615 is relatively high or low, relatively constant or dynamic, 
and/or a combination thereof. The model selection module 
610 may select an equivalent model (or mathematical equiva 
lent thereof) based on the determined operational mode. For 
example, the model selection module 610 may generate a 
query term used to search equivalent model library 305. 
0049. In some implementations, several operational 
modes may be defined or characterized. In an example imple 
mentation, four operational modes associated with a battery 
and the system using the battery are described below. 
0050. In a first operational mode, the battery 105 may be 
attached to a heavy and varying load. In other words, the load 
615 may be utilizing a relatively high voltage with a dynamic 
or varying current draw (or a high Voltage load drawing 
variable current). For example, in a mobile phone, the first 
operational mode may includeausage environment where the 
mobile phone usage includes prolonged video play, multime 
dia and gaming applications, and the like. The equivalent 
circuit shown in FIG. 13A below may represent a battery 
attached to a heavy and varying load. 
0051. In a second operational mode, the battery 105 may 
be attached to a dynamic load and/or a variable Voltage load. 
In other words, the load 615 may be utilizing a dynamic or 
varying Voltage. For example, in a mobile phone, the second 
operational mode may includeausage environment where the 
mobile phone usage includes regular use for phone calls, web 
browsing and/or playing video clips. The equivalent circuit 
shown in FIG. 13B below may represent a battery attached to 
a dynamic load. 
0052. In a third operational mode, the battery 105 may be 
attached to or drawing a constant current. In other words, the 
load 615 may be drawing a constant (or Substantially con 
stant) load. Alternatively, the battery 105 may be being 
charged utilizing a constant current. For example, the battery 
105 may be disconnected from load 615 for a charging cycle 
(e.g., the unlimited power source 125 may be connected to the 
battery 105 using switch 130 to charge the battery 105). The 
equivalent circuit shown in FIG. 13C below may represent a 
battery attached to a constant current. 
0053. In a fourth operational mode, the battery 105 may be 
attached to a relatively low voltage load. Alternatively, the 
battery 105 may be in a cyclical rest state where the battery 
105 undergoes light loading followed by a charging and then 
resting, minimal, or no load. In other words, the load 615 may 
be utilizing a minimal Voltage infrequently. For example, in a 
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mobile phone, the fourth operational mode may include a 
usage environment where the mobile phone usage includes, 
after a full (or Substantially full) charge, regular pinging of a 
tower with infrequent phone calls. The equivalent circuit 
shown in FIG.13D below may represent a battery attached to 
a dynamic load. 
0054 FIG. 7 illustrates a block diagram of a signal flow for 
a SOC module 422 of the BFG 115 system according to at 
least one example embodiment. As shown in FIG. 7, the SOC 
module 422 includes a buffer block 705, a model estimation 
block 710, a SOC tracking block 715, and a voltage drop 
prediction module or block 720. 
0055. In example embodiments, hysteresis is modeled as 
an error in the OCV of the battery 105. The voltage drop vk 
may represent the Voltage across the internal battery model 
components Ro, R. R. and Xak (see FIG. 13A). The term 
Xk may be used to account for the errors in predicted SOC. 
In other words, Xk may be an “instantaneous hysteresis' 
which can be corrected to Zero by adjusting a calculated or 
estimated SOC. For a calculated orestimated SOC to be equal 
to SOC, a calculated or estimated Xk should be equal to 
Zero. In other words, a calculated or estimated Xk not equal 
to zero indicates an error in the calculated or estimated SOC. 
The Voltage drop model parameter vector (b) includes an 
element corresponding to calculated or estimated Xk. 
0056. Accordingly, in the flow of FIG. 7, a current calcu 
lated or estimated SOC from SOC tracking block 715 is used 
in voltage block prediction block 720 to compute the voltage 
drop v.k. At least one past voltage drop V, k is stored in 
the buffer 705 and used for estimation of the parameter vector 
b. A nonzero value of the corresponding calculated or esti 
mated Xk in the parameter vector b indicates the presence 
of instantaneous hysteresis. This implies SOC estimation 
error. The SOC tracking algorithm of SOC tracking block 715 
is configured to correct the SOC whenever the calculated or 
estimated Xk is nonzero. Further details with regard to 
Voltage drop V,k), hysteresis, estimated Xk. Voltage drop 
model parameter vector (b) and SOC tracking are described 
(mathematically) below. Accordingly a BFG system can uti 
lize a previously calculated SOC and SOC error to accurately 
estimate SOC, improve calculation efficiency and reduce pro 
cessing times. 
0057 FIG. 8 illustrates a block diagram of the SOC mod 
ule 422 according to at least one example embodiment. As 
shown in FIG. 8, the SOC module 422 includes an extended 
Kalman filter (EKF) block 805. The EKF block may be con 
figured to calculate a SOC 845 and an SOC error 840. The 
EKF block 805 may be configured to calculate the SOC 845 
as an estimated SOC using Equation 1 and the SOC error 840 
as an estimated SOC error (or variance) using Equation 2. In 
each of the below equations k refers to an instantaneous 
iteration, k+1(k refers to a last, a previous or earlier iteration 
and k+1 |k+1 refers to a current, an update, a next or a Subse 
quent iteration. 

i? k+1(k+11=xfk+1(k1 +GIk+11 v. (1) 

0.058 where: 
0059 xk--1|k+1 is the estimated SOC for the current 
or update iteration; 

0060 xk--1k is the estimated SOC for the last or 
predicted iteration; 

0061 Gk+1 is the filter gain for the last or predicted 
iteration; and 
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0062 v is the load voltage for the last or predicted 
iteration. 

H(k+1)*-GTK+19io (0) (2) 
0063 where: 
0064 Plk--1|k+1 is the SOC estimation error or vari 
ance for the current or update iteration; 

0065 Gk+1 is the filter gain for the last or predicted 
iteration; 

0.066 Hk+1 is the linearized observation coefficient; 
0067 PIk--1k is the SOC estimation error or variance 
for the last or predicted iteration; and 

0068 to (0) is the voltage drop noise with Zero mean 
and correlation at initialization. 

0069. The SOC module 422 includes an OCV parameters 
block 810. The OCV parameters block 810 may be config 
ured to store and/or receive the OCV parameters {K} from 
the OVC-SOC characterization module 540. The OCV 
parameters {K} are constants in that they are measured 
offline and change over the life of the battery 105 is negligible 
(or nonexistent). The OCV parameters are used to calculate 
the OCV in terms of SOC according to Equation 3. 

K1 K2 K3 (3) 
Vo (Sk) = Ko + sk -- s2k) -- s3k -- 

it, + K5sk -- Koln(Sk) + K7 ln(1 - Sk) 

0070 where: 
(0071 ski is the SOC; and 
0072 V. (sk) is the open circuit voltage (OCV); 

0073. The SOC module 422 includes a voltage drop model 
block 825. The voltage drop block 825 may be configured to 
calculate Voltage drop across the load using the Voltage drop 
model (discussed above) according to Equation 4 or 5. 

0075 Zk is the measured voltage; 
0076 V(xk) is the open circuit voltage (OCV); 
(0077 ak' is the voltage drop model; 
0078 b is the voltage drop model parameter vector; 
0079 ak' is the estimated Voltage drop model; 
0080 b is the estimated voltage drop model parameter 
vector; and 

I0081 nk is the voltage drop observation noise. 
0082. The voltage drop model may vary based on a 
selected equivalent circuit model as described above. The 
selected equivalent circuit model and/or the Voltage drop 
model may be read from data store 855. For example data 
store 855 may include the equivalent model library 305. 
I0083. The EKF (module or) block 805 may be configured 
to calculate the SOC 845 as an estimated SOC using Equation 
1 and store the resultant SOC 845 in buffer 850. The EKF 
block 805 may be configured to calculate the SOC error 840 
as an estimated SOC error (or variance) using Equation 2 and 
Store the resultant SOC error 840 in buffer 850. The Stored 
SOC and SOC error may be read as SOC 815 and SOC error 
820 the stored SOC 845 and SOC error 840. Accordingly, the 
EKF block may calculate SOC 845 and SOC error 840 recur 

Aug. 28, 2014 

sively (e.g., in a loop) such that a Subsequent (update, next, 
and/or later in time) SOC 845 and SOC error 840 calculation 
may be based on at least one previous (current, last or earlier 
in time) SOC 815 and SOC error 820 calculation. 
I0084 As shown in FIG. 8, recursive least squared (RLS) 
block 830 and total least squared (TLS) block 835 may gen 
erate inputs to the EKF block 805. The RLS block may 
generate an initial the estimated Voltage drop model param 
eter vector (which may include at least one Voltage drop 
model parameter) and the TLS block 835 may generate an 
initial estimated capacity. The initial the estimated Voltage 
drop model parameter vector and the initial estimated capac 
ity may be generated for each loop. In an example implemen 
tation, a change in the initial the estimated Voltage drop model 
parameter vector and the initial estimated capacity may 
become negligible as the number of iterations (k) increases. 
I0085 FIG. 9 illustrates a block diagram of a total least 
squared (TLS) block 835 of the SOC module 422 according to 
at least one example embodiment. As shown in FIG. 9, the 
TLS block 635 includes a buffer 910 and a TLS calculation 
module 915. The buffer 910 is configured to receive, store and 
output SOC data e.g., delta (or change in) SOC data 920 for 
use by the TLS calculation module 915. The buffer 910 is 
further configured to receive, store and output delta (or 
change in) coulomb data 925 use by the TLS calculation 
module 915. The buffer 910 may receive current data 905 as, 
for example, coulomb counting databased on measured cur 
rent associated with the battery 105. 
I0086. The TLS calculation module 915 may be configured 
to calculate capacity 930 of the battery 105 based on the delta 
SOC 920 and the delta coulomb 925. For example, the TLS 
calculation module 915 may calculate capacity 930 using 
Equation 6. Derivation of Equation 6 is shown in more detail 
below. 

si, (1,2) (6) 
Cris(k) = 1, A2, 

0087 
0088 
I0089 S(i,j) is the covariance of an augmented obser 

Vation matrix; and 
I0090 A (2.2) is a diagonal 2x2 matrix of non-negative 

eigenvalues; 
0091 FIG. 10 illustrates a block diagram of a recursive 
least squared (RLS) block 830 of the SOC module 422 
according to at least one example embodiment. As shown in 
FIG. 10, the RLS block 635 includes a buffer 1005 and a RLC 
calculation module 1010. The buffer 1005 is configured to 
receive and store SOC 815, SOC error 820 and voltage drop 
data (e.g., Zk or OCV) as output from the Voltage drop 
model block 825. The buffer 1005 is configured to output a 
voltage drop 1015 and a current and capacitance (I&C) matrix 
102O. 

0092. The RLC calculation module 1010 may be config 
ured to calculate initialization parameters 1025 based on the 
voltage drop 1015 and the (I&C) matrix 1020. For example, 
the RLC calculation module 1010 may calculate initialization 
parameters 1025 using Equation 7. Derivation of Equation 7 
is shown in more detail below. 

where: 

Crisk) is the estimated capacity: 
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b(1) A a(k) = a + a (7) 

b(3) = Ro 
b = r 

b(4) A R = (a+ a)R - (1 - a)R - (1-a2)R. 
b(5) A R2 = (a1a2)Ro-a2(1- a)R -a (1 - a.2)R. 

0093 where: 
0094 C, is the current decay coefficient in the RC 
circuit; 

I0095 f, is the current decay coefficient in the RC, 
circuit; 

0096 R is the estimated resistance value of R: 
0097 R is the estimated resistance value of R: 
(0098 hk) is the estimated hysteresis voltage of the 

battery; and 
I0099 Xk is the instantaneous hysteresis; 

0100 Noting as described with regard to FIG. 7 above, 
estimated hysteresis voltage of the battery should be zero. 
Accordingly, in example implementations b(6) in Equation 7 
should be zero using SOC tracking block 715 to remove (or 
substantially remove) error due to hysteresis using SOC 
tracking. Accordingly, the SOC estimate is more accurate 
because hysteresis may be accounted for. 
0101. In FIGS. 8-10, buffer 1005 length may be L, for 
parameter estimation and buffer 905 length may be L for 
capacity estimation. The EKF block 805 iterates for every k 
whereas the RLS 830 iterates for every k which is an integer 
multiple of L, and TLS 835 iterates for every k which is an 
integer multiple of L where k is the time index. 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 cur 
rent measurement error standard deviations O, O, that come 
from the calibration of measurement instrumentation cir 
cuitry. The RLS blocks do not require any external initial 
conditions just setting -1 provides a robust LS estimate as 
initializations, i.e., bris Kland Cris K. where 

k k 
Kh and Kc 

Lh Lc 

are the batch numbers. The mathematical proof of the EKF 
block 805 is described below. 
01.02 FIGS. 11 and 12 illustrate flowcharts of methods 
according to at least one example embodiment. The steps 
described with regard to FIGS. 11 and 12 may be performed 
due to the execution of software code stored in a memory 
(e.g., memory 230) associated with an apparatus (e.g., the 
BMS 110 as shown in FIGS. 1 and 2) and executed by at least 
one processor (e.g., processor 235) associated with the appa 
ratus. However, alternative embodiments are contemplated 
Such as a system embodied as a special purpose processor. 
Although the steps described below are described as being 
executed by, for example, a processor, the steps are not nec 
essarily executed by a same processor. In other words, at least 
one processor may execute the steps described below with 
regard to FIGS. 11 and 12. 
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(0103 FIG. 11 illustrates a flowchart of a method for 
selecting an equivalent model representing a battery for use in 
calculating an estimated SOC. As shown in FIG. 11, in step 
S1105 a library of equivalent circuit models representing a 
battery is stored in a memory. For example, using the offline 
data collection module 555, data associated with battery 105 
(or an equivalent battery) can be collected. Using the data and 
general circuit tools, at least one equivalent circuit represent 
ing the battery may be generated. The equivalent circuit may 
include any combination of at least one equivalent Voltage, 
resistance, capacitance and/or impedance equivalent. See, for 
example, FIGS. 13 A-13D below. A mathematical equivalent 
for each equivalent circuit can also be generated. The equiva 
lent circuit and/or the mathematical equivalent may be stored 
in, for example, equivalent model library 305. 
0104. In step S1110 an operational mode of a battery is 
determined based on a load associated with the battery. For 
example, each equivalent model may be based on an opera 
tional mode of the battery (or an equivalent battery). The 
operational mode may be based on a load associated with the 
battery. For example, the operational mode may be based on 
the Voltage drop across the load. For example, the operational 
mode may be based on whether or not the Voltage drop across 
the load is relatively high or low, relatively constant or 
dynamic, and/or a combination thereof. Therefore, the opera 
tional mode may be determined based on a current and/or a 
Voltage associated with the battery and/or a load associated 
with the battery. 
0105. In step S1115 one of the equivalent circuit models 
for the determined mode is selected based on the determined 
mode. For example, the equivalent model library 305 may be 
searched based on the determined operational mode. For 
example, the equivalent circuit and/or the mathematical 
equivalent representing the battery may be stored in equiva 
lent model library 305 in correspondence with an operational 
mode identification (e.g., a unique name or a unique identi 
fication number). Accordingly, determining the operational 
mode may include determining an operational mode identi 
fication which is then used to search the equivalent model 
library 305. Selecting the equivalent circuit can include 
selecting the equivalent circuit or mathematical equivalent 
returned by the search of the equivalent model library 305. 
0106. In step S1120 a state of charge of charge (SOC), or 
an estimated SOC, of the battery is calculated using the 
selected equivalent circuit model. For example, as described 
above, calculating the SOC may be based on a voltage drop 
model parameter vector (b). The Voltage drop model param 
eter vector may have parameters that are based on the equiva 
lent circuit of the battery (see Equation 7 above). Accord 
ingly, the determined Voltage drop model parameter vector 
may more or less complex based on the equivalent circuit. For 
example, as described below, an equivalent circuit may not 
include RC circuit elements because the capacitor charges 
and bypasses the resistance. Accordingly, b(3) may be the 
only remaining Voltage drop model parameter vector ele 
ment. Thus simplifying the calculation of the SOC or esti 
mated SOC. Further, a voltage across the battery 105 termi 
nals vk, which may be used in calculating the SOC or 
estimated SOC may be based on the equivalent circuit model. 
Equations relating Vik, SOC and the equivalent circuit model 
are described in more detail below. 

01.07 FIG. 12 illustrates a flowchart of a method for cal 
culating an estimated SOC using a recursive filter. As shown 
in FIG. 12, in step S1205 a stored estimated state of charge 
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(SOC) of a battery is read from a buffer. For example, the 
buffer 850 may have stored in it at least one SOC error and 
SOC calculated in a previous iteration of the steps described 
with regard to this flowchart. At least one of the stored SOC 
values may be read from buffer 850. 
0108. In step S1210 a measured voltage across the battery 

is read. For example, a Voltage (e.g., Vk shown in FIGS. 
13 A-13D below) may be read or determined using, for 
example, digital amplifier 215. In one example implementa 
tion, the voltage is stored in a buffer. Accordingly, different 
iterations can use different Voltage measurements. In other 
words, a previous (in time) Voltage measurement can be used 
in a current iteration or vk+1 could be used in iteration k--2. 
0109. In step S1215 a filter gain is calculated. For 
example, as described briefly above and in more detail below, 
filter gain for the EKF block 805 (e.g., Gk+1) is calculated. 
Filter gain may be based on at least one capacity value cal 
culated using a weighted least squared algorithm. For 
example, filter gain may be based on at least one capacity 
value calculated using at least one of a weighted recursive 
least squared (RLS) algorithm and a total least Squared (TLS) 
algorithm. Filter gain may be based on a capacity value cal 
culated using a weighted RLS algorithm based on a SOC 
tracking error covariance and a current measurement error 
standard deviation. Filter gain may be based on an estimated 
SOC variance. Filter gain may be based on a capacity value 
calculated using a TLS algorithm based on a recursive updat 
ing of a covariance matrix. Filter gain may be based on a 
capacity value calculated using an open circuit Voltage 
(OCV) look-up. Each of the SOC tracking error covariance, 
current measurement error standard deviation, SOC variance, 
covariance matrix and OCV are described in more detail (e.g., 
mathematically) below. 
0110. In step S1220 an estimated SOC of the battery is 
calculated based on the stored SOC of the battery, the voltage 
across the battery, and the filter gain. For example, the esti 
mated SOC may be equal to the filter gain times the digital 
voltage value plus the stored estimated SOC. In step S1225 
the calculated estimated SOC is stored in the buffer (e.g., 
buffer 850). If further calculating of the estimated SOC is 
necessary and/or desired (S1230), processing returns to step 
S1205. For example, further calculations may be necessary 
and/or desired if the battery 105 is in continual use, if SOC 
error exceeds a desired value and further iterations may 
reduce the error, a battery test is in process and/or the like. 
0111 FIGS. 13 A-13D illustrate schematic diagrams of 
battery equivalent models according to at least one example 
embodiment. FIGS. 13A-13D will be referred to as necessary 
below to describe one or more example implementations. As 
shown in FIGS. 13 A-13D, equivalent models representing a 
battery 1300-1, 1300-2, 1300-3, 1300-4 may include any 
combination of resistors 1315, 1325, 1340, capacitors, 1330, 
1345 and equivalent voltage sources 1305, 1310. Voltage 
1355 represents the voltage drop across the battery when 
loaded. Currents 1320, 1335 and 1350 represent current flow 
ing through (or to) an element of the equivalent model. For 
example, current 1350 represents the current flowing to a 
load. 

0112 A resistor and a capacitor may define an RC circuit. 
For example, resistor 1325 and 1330 define an RC circuit. In 
Some example implementations, a capacitor may be fully 
charged and short causing an RC circuit to effectively disap 
pear from the equivalent model. For example, in equivalent 
model representing a battery 1300-2 the RC circuit defined by 
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resistor 1340 and capacitor 1345 is not in the model because 
capacitor 1345 is fully charged forming a short circuit. In 
Some example embodiments there is no (or minimal) hyster 
esis associated with the battery (e.g., the battery is at rest or 
drawing minimal load). Therefore, as shown in equivalent 
model representing a battery 1300-4 equivalent voltage 
source 1310 is not in the model because of the lack of hys 
teresis. 
0113. This disclosure continues by describing details of 
example implementations. The details may include develop 
ment (e.g., mathematical proof or simplification) of at least 
one of the above equations. The equations may be repeated 
for clarity, however, the equations will retain the equation 
number shown in a bracket ( ). Beginning with real time 
model identification, which may reference the following 
notations. 
I0114) ak Observation model 
I0115 A* Consecutive observations of ak in batch K, 

stacked in a matrix 
0116 bk Observation model parameter 
0117 bKILS estimate of model parameters 
10118 bris KRLS estimate of model parameter 
0119) ik Current through the battery 
0120 KOCV parameters: Ko, K. K. K. K. K. K. K., 
I0121 L. Length of batch for parameter estimation 
0.122 nk Current measurement error 
(0123 nk Voltage measurement error 
0.124 PKI Covariance matrix of the LS estimator 
I0125 RBattery internal series resistance 
I0126 R. Battery internal resistance in RC circuit 
I0127. R. Battery internal resistance in RC circuit 
I0128 vkVoltage across the battery 
I0129 V, kVoltage drop 
I0130 V, K" batch of consecutively observed voltage 
drops in vector form 

I0131 V.Z Z-transform of the voltage drop 
(0132) xk) Current through R. 
(0.133 xk) Current through R. 
0.134 xk State of charge (SOC) sk 
I0135 xk Estimate of xk) 
I0136 ZIk Measured current through the battery 
0.137 Zk Measured voltage across the battery 
0.138 A Sampling time 
(0139) e, (k) LS fitting error 
(0140) ek Percentage estimation error of C, 
(0141 ek Percentage estimation error of R, 
I0142 X, Voltage drop observation noise covariance 
0.143 Elements of an SOC tracking algorithm may 
include: 

0144) a. Estimation of the OCV parameters: The OCV 
SOC characterization is stable over temperature changes 
and aging of the battery when normalized by age and age 
dependent battery capacity. 

0145 b. Estimation of the dynamic electrical equivalent 
circuit parameters: These parameters have been 
observed to vary with temperature, SOC and age of the 
battery and hence should be adaptively estimated while 
the BFG is operational. 

0146 c. Estimation of battery capacity: Even though the 
nominal capacity of the battery is specified by the manu 
facturer, the usable battery capacity is known to vary due 
to errors in the manufacturing process, temperature 
changes, load patterns, and aging. 
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0147 d. Model parameter-conditioned SOC tracking: 
Once the model parameters are known, the SOC track 
ing becomes a nonlinear filtering problem. 

0148 Example embodiments allow for the real time, lin 
ear estimation of dynamic equivalent circuit parameters for 
batteries. Improving existing approaches for battery equiva 
lent circuit modeling and parameter estimation are accom 
plished in this example implementation by addressing the 
following issues: 

0149 a. Some models consider resistance-only and are 
unsuitable for dynamic loads. 

0150 b. They employ nonlinear approaches for system 
identification. 

0151 c. Require initial parameter estimates for model 
identification methods 

0152 d. A single dynamic equivalent model is assumed 
to represent all battery modes of operation 

0153. In this example implementation, the above four 
issues are addressed and Summarized below as: 

0154) a. An online, linear approach for model parameter 
estimation without estimating the parameters of the 
exact physical representation of the battery equivalent 
circuit. SOC tracking State-space model leverages an 
estimation of modified parameters that can be linearly 
estimated. 

(O155 b. Applicability to wide variety of batteries with 
out requiring any initialization values or calibrations: 
Due to the adaptability of the example state-space 
model, the proposed SOC tracking approach does not 
require any offline initializations of model parameters. A 
least squares (LS) method provides initializations (or 
re-initializations) of parameters whenever required and 
a block recursive least squares (RLS) is employed to 
continuously track the model parameters. Further, a 
modified open circuit voltage (OCV) model is shown to 
be valid across different battery models, different tem 
peratures and different load conditions. This allows an 
example BFG to be applicable in a plug-and-play fash 
ion on a wide range of batteries without requiring any 
other additional information about them. 

0156 c. Possibility for seamless SOC tracking through 
different modes of the battery. Four different battery 
equivalent models may be identified in order to reflect 
very light loading or rest state, constant current or low 
frequency loading, dynamic loads and varying heavy 
loads. Four (slightly) different dynamic equivalent mod 
els are identified in order to best match these modes as 
well. These models can be used for seamless SOC track 
ingregardless of the mode changes in the battery opera 
tion. 

0157 d. Hysteresis modeling which obviates the need 
for hysteresis modeling: Example implementations rec 
ognize that it is nearly impossible to model hysteresis 
offline (perfectly) because hysteresis is a function of 
SOC601 and load current IeR. Therefore, according 
to example embodiments, in a Voltage drop model, the 
hysteresis is modeled as the error in the OCV and the 
online filtering approach continuously tries to fill the gap 
by adjusting SOC (to the correct value.) 

0158 Real time model identification includes real time 
model parameter estimation using equivalent circuits. FIG. 
13A is an equivalent circuit of an example battery (e.g., 
battery 105). When the battery is at rest, Vo (sk) is the OCV 
of the battery. The OCV uniquely depends on the SOC of the 
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battery, ske 0.1. When the battery is active, for example, 
when there is current activity, the behavior of the battery is 
represented through the dynamic equivalent circuit consist 
ing of a hysteresis component hk, a series resistance Ro and 
two parallel RC circuits in series, (RC) and (RC). The 
discrete time is indicated using k. 
0159. In FIG. 13A, the measured current through the bat 
tery is written as: 

0160 where ik is the true current through the battery and 
nk is the current measurement noise which is assumed to be 
Zero mean and has standard deviation (s.d.) O,. The measured 
Voltage across the battery is: 

0.161 where vk is the true voltage across the battery and 
nk is the Voltage measurement noise which is assumed to 
be Zero mean with S.d. O, 
0162 Writing the voltage drop of the battery across the 
internal components R. R. R. and hk in the following 
form: 

0163 where the currents through the resistors R and R 
can be written in the following form 

x (k+1)2 ii (k+1) = a, i, [k]+ (1-alik) (11) 

x (k+1)2 is (k+1) = a-i(k) + (1-02):Ik) (12) 
where, 

A - A (13) 
Q = e 

RC 

Ae--- and (14) O2 = e R.C. ' al 

0.164 A is the sampling interval. 
0.165. By substituting the measured current Z.k for ik, 
the currents in (11) and (12) can be rewritten as follows: 

x, ?k+1=Clix, ?k+(1-C)Zi?k(1-C1)n?k) (15) 

x, ?k+1}=C-X,(k+(1-Cl2)zi?k(1-C1)n?k) (16) 
0166 Now, using (8), (10) can be rewritten in the Z-do 
main as follows: 

0.167 Next, rewriting (15) in Z-domain: 
zX/z =C-X,Ez+(1-C1)Z/z)-(1-C1)N/z. (18) 

(0168 which yields 
1 - 19 X, (z) = -(Z(z)-N-(z) (19) 
3- a 

(0169 and similarly for (16), 

1 - 20 X, (z) = (Z(z) -N.I.) (20) 
3- a 2 
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(0170 By substituting (19) and (20) into (17): 
1 - a 1 - O2 (21) 

Vida = Z(Ro + ZaR + ZaR + 
3 - a 3- a 2 

1 - 1 - XI:) + NL:)-(R, +R, +, R.N.:) 3 - a 3- a 2 

0171 Rearranging (21) and converting it back to time 
domain: 

v?k/=Cvetk-1)-fiv?k-2}+Roz?k/+R,z,/k-11-R-2, 
fk-2+hfkI+n?ki--m?ki (22) 

where, 

C. C+C2, (23) 

fB-C-C2, (24) 

R=(C+C2)Ro-(1-C1)R1-(1-Cl2)R. (25) 

R2-C. C. Ro-O-(1-C1)R1-C1(1-C2)R. (26) 

hiki-x, ?ki-Cyr (k-1}+fx/k-2), (27) 

in?kin?ki-Cun?k-1 +fin?k-2), and (28) 

n,/k/=Ron?ki--Rin?k-11-R-nifk-2) (29) 

0172 Now, rewriting (22) in the following form: 
vo?ki-fki'+no?ki (30) 

(0173 where the observation model ak and the model 
parameter vector b are given by: 

0.174 where the subscript 4 indicates the above model 
corresponding to Model 4 of the four models shown in FIGS. 
13 A-13B 

0.175. The noise in the voltage drop observation in (30) is 
written as: 

in?k/Ani?ki-in?ki (33) 

0176 which has autocorrelation given by: 

-a(1 + Boi-R, (Ro -- R.)ri I = 1 

Bori + RoRoi I = 2 
O II is 2 

0177 and it is assumed that the hysteresis component is a 
constant during the batch of time intervals of length L, for 
example, 

(0178. Now, four different “modes” of battery operations 
and appropriate battery equivalent models that match these 
modes can be described. 
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0.179 a. Mode 1—Light loading or rest state: When the 
battery undergoes only light loading and then followed 
by charging and then resting, the hysteresis component 
will be negligibly small. An example of this mode will be 
a cellular phone that, after being fully charged, spends 
almost all its time until the next charging event pinging 
the tower except for the possibility offew phone calls. A 
single resistor (see FIG. 13D), fits this mode well. 

0180 b. Mode 2 Constant current operation: When the 
current through the battery is constant, the capacitors in the 
RC circuits become fully charged. As a result, from a param 
eter estimation point of view, the resultant circuit can be 
considered as a single resistor and a hysteresis/bias compo 
nent (see FIG. 13C). The constant current charging of the 
battery is a good example for this mode. 

0181 c. Mode 3—Dynamic loading: When the battery 
is in this mode, there is significant load of differing 
magnitudes. Example: a Smartphone that is being regu 
larly used for phone calls, web browsing, video clips etc. 
The battery equivalent shown in FIG. 13B fits this sce 
nario well. 

0182 d. Mode 4 Heavy and varying usage: For a 
mobile phone, heavy and varying usage includes pro 
longed video play, multimedia and gaming applications, 
etc. FIG. 13A fits this scenario well. 

0183) Note that different model complexities of the 
dynamic equivalent circuit can be represented by changing 
only k". The definitions of k and for each model are 
shown below. For each of the above model complexities, the 
noise term nk is expressed in terms of nk and nk as 
follows: 

nk Model 1 (36) 
nyk Model 2 

nk = nyk - a nyk - 1 Model 3 

nk- (a + a2)nk - 1 + a d2nk-2 Model 4 

- Ronik Model 1 (37) 
- Ronik Model 2 

n; k = - Ron; k + Rinik - 1 Model 3 

-Ron; (k) + Rin, (k-1)-Rn, Ik-2 Model 4 

0.184 where, 
C. C+C2 (38) 

B-CC2 (39) 

RFC. Ro-(1-C1)R. (40) 

The following discussion relates to least squared estimation 
of time-invariant dynamic model parameters. Denoting the 
true SOC at timek as: 

x(k1A stk (41) 

0185. An SOC tracking algorithm developed can be used 
to obtain x 14, an updated estimate of Xk. Now, the 
Voltage drop V, kin (10) can be written as: 

'fikiz, ki-Vo(fiklk) (42) 

0186 where V(xkk) denotes the estimated open cir 
cuit voltage (OCV) of the battery which can be described as a 
function of estimated SOC. The following OCV-SOC rela 
tionship may be adopted: 
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Vo (sk k) = Ko + - + - - - - - + (43) Xs O "", Ikki" ske?", ki 

K4 + K53k k + Koln(k k) + K7 ln(1 - 3k k) 
3kk 

0187. The OCV parameters K,6{K.K.K.K.K.K.K. 
K} can be estimated offline through the procedure described 
in detail below. By considering a batch of L, observations, 
(30) can be rewritten as follows: 

v=A'+n. (44) 

0188 where K is the batch number, 
vp=fvd/KL-L+1/vp/KL-L+27... vo/KL.) (45) 

A*-I/KL-L-11/KL-L-2)... (KL. (46) 

(0189 and the noise n has the following covariance 
... -Enne" (47) 

0.190 where X, is a pentadiagonal Toeplitz matrix for 
which the diagonal, first and second off diagonal entries are 
given by R(0), R(1) and R, (2), respectively (see (32)). 
Now, the dynamic model parameter vector can be estimated 
from (42) through least squares (LS) optimization as follows: 

(0191) 
by: 

(48) 

The covariance matrix of the LS estimator is given 

0192 When new batch of measurements are obtained, the 
LS estimates can be recursively updated by repeating (50)- 
(51) 

(49) 

(51) 

0193 where w is the forgetting (fading memory) factor, 
()' denotes transpose, () denotes inverse and PKI is 
known as the information matrix that can be initialized with 
an identity matrix of appropriate size multiplied by a suitable 
constant. It can be noticed that when WO, bis becomes bis. 
There can be several ways of approximatingX'. The follow 
ing two approximations may be selected for comparison: 

0194 a. The following approximation can be made: 
X's.I., (52) 

0.195 b. Use the previous estimate of in order to con 
struct the current covariance matrix, for example, use: 
bris K-1 in Sp 

0196. The following discussion relates to minimum mean 
square error (MMSE) estimation of time-varying dynamic 
model parameters. Assuming the dynamic model parameters 
to be random variables that undergo the following slowly 
changing Wiener process: 

(0197) where wak) is zero meanwhite Gaussian noise with 
covariance X. Now, using (30) as the measurement model 
and (53) as the process model, a Kalman filter gives the 
MMSE estimate of b. SOC may be used to determine vk 
(see (42)) an iterative scheme of SOC tracking/smoothing and 

(53) 

(54) 

10 
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Kalman filtering based parameter estimation over a sufficient 
length observation window could be used for increased accu 
racy in SOC tracking and parameter estimation. 
0198 The following discussion relates to open circuit 
voltage (OCV) parameter estimation. SOC estimation may 
exploit a unique and stable relationship between the open 
circuit voltage (OCV) and SOC of the battery and allows 
computation the SOC for a measured OCV. However, it is 
possible to directly measure the OCV only when the battery is 
at rest. When the battery is in use, the dynamic relationship 
between the battery voltage and current has to be accounted 
for through parameter and state estimation approaches. The 
OCV-SOC based state of charge estimation approach 
includes error associated with (1) uncertainty in the modeling 
and parameter estimation of the dynamic electrical equivalent 
model of the battery; and (2) errors in measured Voltage and 
current. The parameters of the OCV-SOC characterization in 
(43) can be estimated by collecting OCV characterization 
data on a sample battery as follows: 

(0199 a. Start with a fully charged, fully rested battery 
(0200 b. Record its open circuit voltage V, V, 
0201 c. Set k=1 
(0202) d. Record vk=V: Record SOCIk=1 
0203 e. Set k=k+1 
0204 f. Continuously discharge the battery using a very 
small amount of (typically, C/30 or C/40 where C is the 
capacity of the battery in Ah) constant current ik until 
the battery is completely discharged. Once fully dis 
charged, leave the battery to rest and after that charge 
until the battery becomes full. Then 
0205 1. Measure the battery terminal voltage, V. 
every A seconds 

0206 2. Record VIk=V, 
0207 g. Record SOCk)=SOCk-1)+cikA 

(0208. Now, OCV model (43) can be expressed in the fol 
lowing vector format for all the measurements vk: 

v-Ak (55) 

where 

v=fv?11, v?2, ...,v/N, (56) 

A?aac (1),aac (2). . . . .aao (N) (57) 

k-fKoKKKKKKK, Rol (58) 

0209 and by assigning sk=SOCk) 

docyk = (59) 

1 1 1 1 1 kT ln(Sk) ln(1 k) ik T 1 s(k) Ins(k)) in 1-stki) (K) 

0210. Now, the least square estimation of the OCV param 
eters and the battery internal resistant Ro are given by: 

0211. The following discussion relates to four exemplary 
equivalent circuit models. 



US 2014/0244193 A1 
11 

TABLE 1. 

Model Number Equivalent Circuit 

Model 1 FIG. 13D 
Model 2 FIG. 13C 
Model 3 FIG. 13B 
Model 4 FIG. 13A 

0212. The voltage drop across the circuit components of 
each of the four equivalent circuit models shown in Table 1 
can be written in the following form: 

vp(k) = |kk+nd Ik) (61) 

where, 

a k = (62) 

a? [ks 3: Ik) Model 1 
a;(k)s 3; Ik) Model 2 
a;(k)s (vp(k-1); (k) - 3 (k-11) Model 3 
a.ks vp(k-1)-vp(k - 23, Ik-3 (k - 1): Ik - 21 Model 4 

blks Ro Model 1 (63) 

b2(k) as Ro H' Model 2 

'ib () so, R. R, it' Model 3 
b. [k] so B. R. R. R. H. Model 4 

0213 for model 3: 
R1-C1Ro-(1-C1)R. (64) 

H=h?kj-C h(k-1) (65) 

0214 and, for model 4: 
C. C+C2 (66) 

B-CC. (67) 

R=(C+C2)Ro-(1-C1)R1-(1C2)R2 (68) 

R2-C-C-Ro-O-(1-C1)R1-C1(1-Cl2)R2 (69) 

H=h?k-(c.1+C.)h(k-1)+cc-h?k-2 (70) 

0215. The following relates to a derivation of the noise 
correlation. In this section the autocorrelation (27) for 1=0, 
1.2 and for 1D-2 may be derived from (33) the following: 

= 0: 

R(0) = E{npkinpkl} (71) 
= E{{n(k+ an Ik-1)+ 6°n(k - 2 + 

Rini () + Rin (k-1)+ Rink- 2}} 
= (1+a+f3)O + (Ri -- R -- Rai (72) 

0216 
follow 

0217 
estima 
0218 
0219) 
0220 
0221) 
0222 
0223 
0224 
0225 
0226 
0227 
0228 
0229 
0230 
0231 
0232 
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-continued 
= 1: 

R(1) = End (knp(k-1)} (73) 

= E(-on, (k-1)+Bn(k - 2 + Rin, (k-1)- 
Rn, (K-2)(n, (k-1)- any (k -2)- Ron, (k-1)+ 
Rin (K-2)} 

= E-oni (k-1)-afni (K-2)-RoRini (k-1)- 
R. R. nick-2} 

= -a(1 + f2)O- R. (Ro -- R.)r 
= 2. 

R. (2) = End (knp(k-2)} (74) 

= E (fin (K-2)-Rn(k -2)(n(k -2)- 
Ronik - 2)} 

= E{fini (K-2) + RoRn(k -2} 

Now, the above can be expressed for each models as 
S. 

O+Rio Model 1 (75) 

O+Rio Model 2 
R(0) = (0) (1 + ai)O+(R+ R)or Model 3 

x- 2 x- 2 

(1+a+ 6°)0 + (R+R, + R.)of Model 4 
Model 1 (76) 
Model 2 

ind () -ao - RoRo Model 3 
-a(1 + Boi - R. (Ro + R.)of Model 4 
O Model 1 (77) 

O Model 2 

R. (2) = 0 Model 3 

Bori + RoRoi Model 4 

The discussion continues with real time capacity 
tion, which may reference the following notations. 
C. Capacity of the battery 
ca, Coulomb counting coefficient 
Crs LS estimate of battery capacity 
Cis RLS estimate of battery capacity 
Crs TLS estimate of the battery capacity 
di Vector of SOC differences 
de' Vector of SOC differences between two rests 
d' Vector of Coulombs 
de Vector of Coulombs between two rests 
H' Augmented observation matrix 
ik Current through the battery 
KOCV parameters: Ko, K. K. K. K. Ks, K. K., 
nk Noise in measured current 
PIkk SOC estimation error variance 
QK Variance of capacity drift 
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0233 RK Capacity estimation error by TLS, RLS or 
OCV method 

0234 RisK RLS capacity estimation error variance 
0235 RKTLS capacity estimation error variance 
0236 wk Process noise 
0237 wk Differential SOC error 
0238) w." Accumulative of process noise between rest atk 
and the Subsequent rest 

0239) W. Differential SOC error based on OCV 
lookup 

0240 w Vector of differential SOC errors 
0241 wVector of differential OCV based SOC errors 
0242 XK Fused battery capacity 
0243 xkk SOC estimate 
0244 xkk Error in the estimate of SOC 
0245) xk+1) SOC 
0246 xk) OCV lookup based SOC estimate 
0247 xk) Error in OCV lookup based SOC estimate 
0248 ZK Capacity estimates by TLS, RLS or OCV 
method 

0249 Zk Measured current 
(0250) e Ik Capacity estimation error 
0251 m. Charging efficiency (mm) 
0252 m, Discharging efficiency (mim) 
(0253) S. Covariance of the augmented observation 

matrix 
0254 X. Covariance of differential SOC errors 
0255. The state of charge (SOC) of the battery, defined as: 

SOC = RemainingchargeinAmperehours (Ah) (78) 
Capacityofthebatteryinamperehours (Ah) 

0256 Equation 78 provides information about the status 
of the battery. The knowledge of SOC and battery capacity are 
used to estimate the time to shut down (TTS) or time to fully 
charge (TTF) the battery. Battery capacity typically varies 
with temperature and that it fades over time depending on 
usage patterns and age. Accurate tracking of battery capacity 
is a critical element of battery fuel gauging. 
0257. In this example implementation, the online capacity 
estimates can be based on: 

0258 a. A weighted recursive least squares (RLS) esti 
mate of capacity with the derivation of the exact weights. 
A weighted RLS approach for online capacity estima 
tion includes deriving expressions for the weights based 
on the variances and covariances across times of the 
updated SOC tracking and the current measurement 
error standard deviation. 

0259 b. A TLS approach for real time tracking of bat 
tery capacity. The TLS approach gives a closed form 
expression for capacity estimation. This approach can be 
used for continuously tracking changes in the battery 
capacity. 

0260 c. Adaptive capacity estimation based on OCV 
lookup of a rested battery. A TLS approach for online 
tracking of battery capacity by exploiting battery resting 
instances for OCV lookup based SOC estimation. 

0261 d. Fusion of capacity estimates obtained through 
different approaches. 

0262 The following discussion relates to battery capacity 
estimation and fusion. The instantaneous state of charge 
(SOC) of the battery can be written as the following process 
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model, which is also known as the Coulomb counting equa 
tion, in terms of the measured current as follows: 

1A 
3600C 

Xk + 1 = xk- (79) zik + wik 

0263 where xke|0,1) denotes the SOC of the battery, 
C is the capacity of the battery in Ampere hours (Ah) and 
Z.k is the measured current 

0264 which is corrupted by Zero mean white noise nk 
with standard deviation (s.d.) O,. The process noise in (79) 
relates to the measurement noise in (80) as 

(80) 

(81) 

0265 and is zero mean with S.d. 
OFCAO, (82) 

0266 where the Coulomb counting coefficient is 

- (83) 
on 3600C, 

0267. Here, m is a constant that depends on whether the 
battery is being charged or discharged, for example, 

0268 and A is the (constant) sampling interval. 
0269. The following discussion relates to online battery 
capacity estimation using recursive least squared (RLS). Esti 
mating SOC can be based on both Voltage and current mea 
Surements. Two consecutive SOC values Xk and XIk+1 
are written in terms of their estimates as: 

n ik > 0 
ind ik < 0 

(84) 

(84) 

0270 where the estimation errors XIkk and xk--1|k+1 
have Zero mean and variances Pkk and Psk+1|k+1. 
respectively. The covariance between two consecutive esti 
mation errors is: 

0271 where Gk+1 is the scalar Kalman gain and Hk+1 
is the scalar linearized observation model at time k+1. Now, 
rewriting (80) in the following form: 

(85) 

(86) 

1A (87) 
ask + 1- yk = 3600C, k+ vsk 

(0272 Substituting (84) and (85) in (87) yields: 

Ayk + 1, k as k + 1 k + 1 - vsk k = C aik+ is (88) 
Eatt 

where, 

- - - (89) 
lh = 3,600 
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(0273 and the differential error given by: 
ifk1=ifkkf-ifk+1|k+11+wfkI (90) 

0274) is Zero mean with variance: 
E{w?ki’s Re-G(k+1’S/k+1) (91) 

0275 where Sk+1 is the innovation covariance of the 
Kalman filter. By considering a batch of L of samples, (88) 
can be written in vector from as follows: 

d. =C +i. (92) 

where, 
0276 K is the batch number, 
(0277 L is the length of the batch, 

d=IAx/KL-L-I-1, KL-LIAx/KL-L--2, KL-L-1 
... AX./KL., KL-1) (93) 

d. Ini,AKL-L-12 i?KL-L+llm,AL L-1 (KL-L+2) 
... m.A.i.2./KL.” (94) 

v, -fi/KL-L--1/w/KL-L-2)... wikiL. (95) 

and w' is a white Gaussian noise vector with covariance: 
X,* =E{*(*)'} (96) 

(0278 which is an LXL diagonal matrix with its n' diago 
nal element given by: 

(S)-GfKL-L--n, S/KL-L--n, (97) 
0279. Now, the LS estimate of the inverse battery capacity 

is given by: 

and the variance of the LS inverse capacity estimate is: 
Risk)=(d.)" (X,*)'d.) (99) 

0280 When a new batch of d' d' pair arrives, the 
LS estimates can be recursively updated by: 

(0281 where Reis'K) is the LXL.information matrix for 
capacity estimation and W is the fading memory constant. It 
should be noted that d' in (92) is constructed from measured 
current values that are known to be noisy whereas the LS and 
RLS estimation methods described above assume that d is 
perfectly known. For a more realistic solution, the uncertainty 
ind should be considered. Next, an approach based on total 
least squares (TLS) optimization that addresses errors in is 
described. 
0282. The following discussion relates to online battery 
capacity estimation using adaptive total least square (TLS). In 
this section, an online capacity estimation method is devel 
oped based on TLS which assumes uncertainty in both d" and 
d' in (92). Constructing the following augmented observa 
tion matrix: 

HK =/d, d.Kl (102) 

0283. The information matrix associated with the aug 
mented observation matrix is: 

S*=(HK). His (103) 
(0284 Writing the eigendecomposition of S, in the fol 
lowing form: 

Sf-VAK VT (104) 

0285 where, 
0286 A' is a diagonal 2x2 matrix of nonnegative eigen 
values arranged from the largest to the Smallest, i.e., 
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A'(1,1) denotes the largest eigen value and A'(2.2) 
denotes the Smallest eigenvalue. 

0287 Each column of the 2x2 matrix V-V, V, has 
the corresponding eigenvectors, i.e., the first column V' 
is the eigenvector corresponding to the largest eigen 
value and the second column V' is the eigenvector cor 
responding to the Smallest eigenvalue. 

0288 The TLS estimate of the inverse battery capacity is 
then given by the ratio of the components of V', namely: 

2-1 v(1) (105)6] 
CTISK = - v(2) 

Si, (1,2) 
Si, (1, 1) - A (2,2) 

(0289 where V(i) is the i' element of v and S(i,j) is 
the (i,j)" element of S. The derivation of (105) is shown in 
below. 

0290 For smoother estimates, the information matrix in 
(103) can be updated with a fading memory, as follows: 

(H*)TH (106) 
Si = AS' + L - 1 

0291. Now, based on 85, the TLS estimation error cova 
riance is (approximately): 

i (107) -l 
r 1 
R hk (ik) TLSK site X (h) 

0292 where h, is the i' row of H', M is the number of 
rows in H' and 

* = - y3(1) | (108) 
v(2) 

0293. The following discussion relates to open circuit 
voltage (OCV) based battery capacity estimation. For a given 
rested Voltage ZIk), the corresponding SOC estimate x, 
k can be obtained by inverting (33). Due to hysteresis in the 
battery, this SOC estimate xk) will differ from the actual 
SOC xk), resulting in an OCV lookup error Xk). The 
OCV lookup error will always be negative during discharging 
and positive during charging. The open circuit Voltage (OCV) 
of the battery can be written as a nonlinear function of SOC as 

0294 where the coefficients Ko, K. K. K. Ka, Ks, K. 
and K, can be estimated offline by collecting Voltage and 
current measurements by slowly charging and then discharg 
ing the battery. The resultant OCV-SOC characteristic curve 
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can be used to get a measure of SOC whenever the battery is 
sufficiently rested. The SOC of the battery for a given at-rest 
terminal Voltage (which is also the open circuit Voltage) Zk. 
written as: 

0295 can be computed using the OCV-SOC characteriza 
tion by computing the inverse of (109). There are several 
methods for computing the inverse of a nonlinear function, 
such as Newton's method and binary search. This may be 
referred to as OCV lookup based SOC estimate. The SOC 
estimate in (110) is corrupted by the hysteresis voltage as 
follows: 

xfkis ?k--efk (111) 

0296 where the OCV lookup error Xk is caused by 
the hysteresis effect in OCV. It should be noted that when the 
battery comes to rest at timek after a discharging process, the 
OCV lookup error X(k) should be negative. Similarly, 
when the battery comes to rest at time k after a charging 
process, the OCV lookup error Xk will always be posi 
tive. However, the magnitude of the error will vary with the 
amount of hysteresis, which is a function of the magnitude of 
the current before rest, SOC and time. Now, rewriting (79) in 
the following form: 

ask + 1 = xsk+ chAzik + vsk (112) 

x k +2 = xk + 1 + c, A1a; k + 1 + wik + 1 (113) 

x, k + N = x, k + N - 1 + chAN-13; k + N - 1 + w, k + N - 1 (114) 

0297. By adding (112) through (114) on both sides, the 
following results: 

0298 where, 
(0299 w is zero mean with standard deviation VNo. 

0300 Assuming that the battery is at rest at time k and 
k+N, (115) can be written as: 

doey = C, decoy + 7. (116) 
where, 

i=K+N-1 (117) 
in X Ag; (k) 

k j-k 
docy 3600 

doey = i, oc (k+N)-5,ocy (k (118) 

5. = isocy (k)-isocy (k+N+w (119) 
*iocy 

0301. It should be noted that, regardless of the fact that the 
sign of OCV lookup error) xk is biased towards the Soc 
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battery modee charging.discharging, the “differential 
error” xk (defined in (119)) can either be positive or 
negative. By considering a large number of differential errors, 
assuming xk) is approximately white. Assuming that the 
K" batch of differential SOCs d' is collected between a 
first set of rest points kk. k... .., k, and a second set of rest 
points k+N-k+N, k,+N2, ..., k,+N, respectively, and 
given by: 

d.o.o. Cat- 'da' +7. (120) 

where, 

day-?d...,d...', ...,d...'I' (121) 

day-?a...,d...', ...,d...'I' (122) 

w.e. ?way, w.e., ..., w.e.'" (123) 
0302) Now, it can be seen that (120) is in the same form as 
(92) with d, d, and W, replacing d', d', and 
w", respectively. Hence, RLS and TLS based capacity esti 
mates can be derived for OCV based observations, as shown 
below. Denoting the RLS and TLS estimates of OCV based 
capacity as CIK) and CK), respectively. It should be 
noted that, given N, number of rest states interspersed with a 
discharge, N.(N-1)/2 differential observations are possible. 
For example, for N, 4, assuming the battery is in rest state at 
time instances t, t2, to and ta. 
0303. The following relates to capacity estimation through 
fusion. In this section, an example implementation for fusing 
the TLS estimates of capacity are described. The derivations 
in this section are developed for a TLS based capacity esti 
mate. The derivations can be applied for fusing RLS based 
capacity estimates as well. M 
0304. The online capacity estimate CsIK is corrupted 
by the uncertainty in d' (see (92)) which is caused by the 
errors in the measured current and the uncertainty in the d' 
which is caused by the errors in the SOC tracking algorithm. 
Similarly, the OCV based capacity estimation CK is cor 
rupted by the uncertainty in de' (see (120)) which is 
caused by the errors in the measured current and the uncer 
tainty in that is caused by the OCV lookup differential error. 
Assuming that the errors in online capacity estimates eK 
and the OCV lookup based capacity estimates eK are 
uncorrelated. Based on these assumptions, the capacity the 
fusion becomes the fusion of two independent tracks. 
0305 First, it should be noted that estimates for the inverse 
capacities, for example, the capacity estimates Cris' Kland 
Cro'K), respectively are estimates of 1/C Correspond 
ingly, the respective estimation error covariances, Risk 
and RK correspond to the inverse capacity estimates as 
well. Based on Taylor series expansion, the expected value of 
the TLS based dynamic capacity estimate and the corre 
sponding estimation error variance are approximated as: 

r 1 R (124) 
CTLs (k) = + Risle, 

CTLs (K) (Cris (k)) 
r (125) 

RTLS K = Risle, 
(Cris (K) 

(0306 where Crisis the estimate of C, based on dynamic 
data and Rs K is the estimation error variance. By follow 
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ing the same procedure, the OCV based capacity estimates 
CK and the corresponding estimation error covariance 
RK can be obtained. Now, assuming the battery capacity 
to be a random variable that undergoes the following slowly 
changing Wiener process: 

cK+1FFXIKF--wk (126) 

0307 where wK is assumed to be zero mean white 
Gaussian noise with variance a K). The capacity estimates 
CsIK and CK fit the following observation model: 

where, 

z. Kle:Crisk" Crok")} (128) 
0308 K'and K"are the time indices of latest estimates from 
the corresponding algorithms (TLS and TO, respectively), 
and nK is assumed to be a Zero mean white noise with 
variance: 

(C. if 2(k) = Cris (K) (129) RK = 

(0309 Now, whenever a new measurement Z. Kle{Crs 
KICK" is received, where either K'-K or K"-K, the 
fused capacity estimate is obtained as: 

3K K = -K - 1 K - 1) + (130) 

Pk - 1 k - 1 + O.K - 1 
pilotill (3-1)-3-(k-1 (k-1)) 

0310 where x, K-1|K-1 is the previous update of capac 
ity estimate and PK-1 K-1 is the previous estimation error 
variance which is updated as: 

P R.K)(P.K - 1 | K-1)+ Q. (K-1)) (131) ck pri?i – 14 oil, R. 

0311. The above fusion approach can be similarly used for 
fusing RLS based capacity estimates. 
0312 The following relates to derivation of capacity esti 
mation error covariance. In this section, the covariance of the 
differential error in (90) is derived. For convenience, the 
differential error (90) is rewritten below 

i?k1=ifkki-fk+1(k+11+w?ki (90) 

0313 The objective is to compute the variance: 
E{w?kfi?k/sR, (132) 

0314 Writing the process equation (79) in the following 
forms: 

i? k+1(k+1 =fkIki--cAzi?ki--G/k+1Fyfk+1 (135) 

0315 where xk+1(k+1) is the Kalman filter estimate of 
xk--1, vk+1 is the filter innovation and Gk+1 is the 
Kalman gain. The difference between (134) and (135) is: 
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which can be rearranged to the following form: 

Hence, 

Re=G(k+1’SIk+1) (138) 
where, 

0317 Sk+1 is the innovation covariance. 
0318 Below is an alternative or second approach that cor 
roborates the above derivation is described. Expanding (132): 

where 

E = Pkk (139) 

E2 = Psk + 1 k + 1 (140) 

E3 = O (141) 

Es = 0 (143) 

O 

0319. The following relates to a closed form derivation of 
total least square (TLS) capacity estimate. Writing the 2x2 
matrix AAS, as: 

(146) 
A = 

O12 O22 
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0320. The eigenvalues of A satisfies 

A - 1 = 0 (147) 

O11 - O12 O (148) 
O12 C22-AT 

0321 which simplifies to 

Oil + O.22 + V (Oil - O 22)?+4(O12)? (149) 
A1 = - - - - - - - - 2 

150 
Oil + C22- W(C-C22)+4(C2) (150) 

2 F 2 

0322 where w is the largest eigenvalue and v is the 
Smallest eigenvalue. The eigenvector corresponding to 
satisfies 

Av = A2 v. (151) 
where 

- O12 (152) 

WOi + (C1-A2)? 
v = O11 - 2 

WOi + (C1-A2)? 
for example, 

v:(1) = -O12 (153) 

WOi, + (Oil - A2)? 

v(2) O - 2 (154) 

W Oil + (O - 2)? 
and 

€, v(1) (155)6 
Tisk = -2, 

Si, (1,2) 
Si, (1,1) - A (2.2) 

0323. The following relates to transformation of the 
inverse capacity estimates. An example implementation 
includes an approach to get the capacity estimate and the 
estimation error variance based on the inverse estimate and 
the inverse estimation error variance. Assigning simple Vari 
ables for inverse capacity estimate and the error variance, for 
example, 

xeCats'k (156) 

xosE{x}=Crs'K) (157) 

ReE{(x-xo) }=Rzsk) (158) 
0324 Defining: 

1 15 y s f(x) = - (159) 
X 

0325 our objective is to find approximations for E{y} and 
E{(y-E{y})}. 
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0326. The following relates to determining the expected 
value of y. The second order Taylor series approximation is 
given by: 

y = f(x) (160) 

0327 
by: 

The second order approximation of Ey} is given 

1 R, 
- - - - 
Xo yi 

0328. The following relates to determining the variance of 
the expected value of y. Expanding f(x) as a first order Taylor 
series around the true value X. 

y=f(x) fixo)-f(xo)(x-xo.) (162) 

0329. The variance of y is given by: 

E{(y – E{y})} = E{(f'(x0)(x-xo))} (163) 

R. 
a 

0330 Now, the expected values of the capacity estimate 
and its estimation error variance are given by: 

1 R (164) 
Cris (k) = + Risle, 

Cris (K) (Cris (K)) 
r (165) 

RTsK = Rits K 4. 
(Cris (K) 

0331. The disclosure continues with state of charge (SOC) 
tracking, which may reference the following notations. 
10332 ak'Voltage drop model 
0333 ak Modified voltage drop model used in SOC 
tracking 

0334 BFG Battery fuel gauge 
0335) b Voltage drop model parameter 
0336 b Modified voltage drop model parameter used in 
SOC tracking 

0337 C. Battery capacity 
0338 c Coulomb counting coefficient 
0339 G|k+1) SOC tracking filter gain 
0340 hk Hysteresis voltage of the battery 
0341 ik Current through battery 
0342 ik Current through R. 
(0343 ik Current through R. 
0344 KOCV parameters: Ko, K. K. K. K. Ks, K. K., 
0345 n, kVoltage drop observation noise 
0346 nk Noise in measured current 
0347 nk Noise in measured voltage 
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(0348. nk Noise in measurement model 
(0349 OCV Open circuit voltage 
0350 Pk+1(k) SOC estimation error variance 
0351 Pk+1(k+1) SOC estimation error variance 
0352 Rio Battery internal resistance in series 
0353 R. Battery internal resistance in RC circuit 
0354 R. Battery internal resistance in RC circuit 
(0355 R, Autocorrelation of the voltage drop observation 

O1S 

0356) SOC State of charge 
0357 sk) State of charge (SOC) 
0358 Uk Cross correlation between measurement and 
process noise 

0359 vkVoltage across battery terminals 
0360 Vo (sk) Open circuit voltage (OCV) 
0361 xk State component corresponding to hk 
0362 xk State component corresponding to ilk 
10363 x, Ik State component corresponding to ik) 
0364 Xk State component corresponding to sk 
0365 xk+1(k) Predicted SOC estimate 
0366 xk--1|k+1 Update SOC estimate 
0367 xk States in vector form 
0368 ZIk Measured current 
0369 Zk Measured voltage 
0370 C,(k) Current decay coefficient in RC circuit, 

A 
RiC, 

0371. A Time difference between adjacent samples 
(0372 e, SOC tracking error 
0373 m. Charging efficiency 
0374 m. Discharging efficiency 
0375. In this example implementation, state of charge 
(SOC) of electrochemical storage devices (batteries) is 
tracked based on instantaneous terminal Voltage, load cur 
rent, and temperature measurements. An SOC tracking algo 
rithm uses the knowledge of model parameter estimates and 
of the battery capacity estimate described above. Example 
SOC tracking models hysteresis as an error in the open circuit 
Voltage (OCV) and employs a combination of parameteresti 
mation and SOC tracking technique to compensate for it. This 
obviates the need for offline modeling of hysteresis as a 
function of SOC and load current. The example model results 
in a reduced order (e.g., single state) filtering for SOC track 
ing where no additional variables need to be tracked regard 
less of the level of complexity of the battery equivalent model. 
The presence of correlated noise is identified and used for 
improved SOC tracking. As a deviation from the conventional 
“one model fits all strategy, four different equivalent models 
of the battery are identified that represent four unique modes 
of typical battery operation and develop the framework for 
seamless SOC tracking based on the appropriate model. 
0376. A typical reduced order state filtering approach that 
includes joint (recursive) estimation of SOC along with other 
redundant (nuisance) quantities involves computationally 
expensive matrix operations and reduces the accuracy of SOC 
estimation. In this example implementation, a reduced order 
filtering that does not increase the state space dimension 
resulting in better SOC accuracy and reduced computational 
complexity is utilized. The need for hysteresis modeling is 
obviated by modeling hysteresis as the error in the OCV and 
the online filtering approach continuously tries to fill the gap 
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by adjusting SOC (to the correct value.) Hence, hysteresis is 
modeled as a time-varying bias. A noise whitening procedure 
is applied and a modified State-space model is derived in order 
to ensure that the SOC tracking algorithm yields the best 
possible results in the sense of minimum mean square error. 
SOC is tracked using different “modes' of the battery. At least 
four different battery equivalent models are used to reflect 
very light loading or rest state, constant current operations or 
low frequency loading (e.g., charging), dynamic loads and 
heavy loads. Four (slightly) different dynamic equivalent 
models are identified in order to best match these modes as 
well. The proposed reduced order filtering approach ensures 
seamless SOC tracking regardless of the mode changes in the 
battery operation. 
0377 The following discussion relates to an exemplary 
system model. The battery equivalent circuit model consid 
ered in this paper is shown in FIG. 13 A. When the battery is 
at rest, Vo (sk) is the OCV of the battery. The OCV uniquely 
depends on the SOC of the battery, sk. When the battery is 
active, for example, when there is current activity, the behav 
ior of the battery is represented through the dynamic equiva 
lent circuit consisting of a hysteresis component hk, a series 
resistance Ro and two parallel RC circuits in series, (R, C) 
and (R, C). The discrete time is indicated using k. 
0378. The battery equivalent circuit model considered in 
this section shown in FIG. 13A. The terminal voltage vkin 
terms of the components of the battery equivalent circuit is 
given by: 

0379 where V(sk) represents the open circuit voltage 
(in volts) of the battery at time k which is written here as a 
function of SOC at timek, skie 0.1; hk accounts for the 
hysteresis in the battery Voltage; ik and ik are the cur 
rents through R and R, respectively. 
0380. There are several nonlinear representations that 
approximate the OCV as a function of SOC. In this example 
implementation, an inverse polynomial-log-linear model for 
the representation of OCV in terms of SOC: 

K. K2 K3 (167)3 
Vo(s(k) = Ko + i + 2 + 3 + 

Ait Ks(k) + Kints(k) + Kiln(1-s(k)) sk 

0381 where Ko, K. K. K. K. Ks, K and K, can be 
estimated offline through OCV-SOC characterization. The 
instantaneous change in SOC can be written in the following 
form (the subscript of X is introduced to indicate a state 
component): 

afk+1Festk+1(SFRI--CAiiki (168) 

where ik is in Amps, 
cm/3600C (169) 

0382 is the Coulomb counting coefficient in Amp' sec', 
C is the capacity of the battery in Ampere hours (Ah), A is 
the sampling interval in seconds and m is a constant that 
depends on whether the battery is being charged or dis 
charged, for example, 
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n ik > 0 
ind ik < 0 

(170) 

0383. It should be noted that (168) yields the instanta 
neous SOC of the battery. This technique of computing the 
SOC is referred to as Coulomb counting and/or as the “pre 
dicted SOC. Coulomb counting, assumes knowledge of the 
initial state of charge and perfect knowledge of battery capac 
ity to compute the remaining state of charge after accounting 
for the amount of Coulombs transferred from/into the battery. 
Coulomb counting error includes (1) uncertainty in the 
knowledge of initial SOC; (2) uncertainty in the knowledge of 
battery capacity; and (3) errors in measured Coulombs as a 
result of errors in the measured current and errors in time 
differences due to timing oscillator inaccuracies/drifts. 
0384 The current ik is measured and the current mea 
Surement is subject to errors. The measured current Z.k is 
written as: 

0385 where n, k is the current measurement noise, which 
is considered white, Zero-mean and with known standard 
deviation (s.d.) O, The state equation (168) can be rewritten 
by substituting Zk for ikas follows: 

0386 The currents through the resistors R and R can be 
written in the following form 

(171) 

(172) 

Xi(k+1] silk + 1) = alik) + (1 - a)ik) (172) 

Xi(k+1) is ik + 1) = azik) + (1 - a.2)ik) (173) 
where 

a = c is (174) 
a = c is (175) 

(0387 By substituting the measured current Z.k for ik), 
the currents in (172) and (173) can be rewritten as follows: 

0388. The hysteresis voltage hk) is a nonlinear function of 
the load current and SOC of the battery. The hysteresis pro 
cess can be written as: 

0389 where nk is the process noise of the hysteresis 
model which is assumed white, Zero-mean Gaussian and with 
S.d. O. The Voltage in (166) is a measured quantity and the 
measured Voltage Zk is subject to errors. The measured 
Voltage is written as: 

(177) 

(178) 

zyk = vk+ nk (179) 

= Vo (Sk) + ik Ro + i kR +ikR2 + 
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0390 where nk is assumed to be white Gaussian noise 
with zero mean and S.d. O. Now, by substituting (171), (172), 
(173) and (178), in (179), the following measurement model 
is derived: 

fkI (180) 

where, 

0391. Now, given the instantaneous voltage and current 
measurements, Zk and Z.,k), the objective of BFG is to 
track the instantaneous SOC of the battery xk). The pres 
ence of "nuisance” variables X, k), x, Ik), and XIk) in the 
observation model (180) makes it a joint estimation problem, 
i.e., SOC and these variables have to be jointly estimated. 
This can be achieved by forming a multidimensional process 
and measurement model in vector from as shown in (183)- 
(189) and/or by applying Bayesian nonlinear filtering tech 
niques in order to recursively estimate: 

(181) 

Xsk (182) 

k Xhk Klyk 
Xik 

0392 given all the measurements up to time k, {0, 1). 
2,...,k} where consists of (171) and (180). This can be 
efficiently performed by applying well known nonlinear fil 
tering techniques such as the extended Kalman filter (EKF), 
unscented Kalman filter (UKF) or the particle filter. The pro 
cess equations (172), (176), (177) and (178) can be written in 
vector form as: 

ask + 1 1 O O O (183) 

Xi,(k+1) || 0 f,(sIK), ik) 0 0 
Xi(k+1) O O a 0 

Xi(k+1) 10 O O O2 

Xsk Cha - CA O 
Xhk O k O 1 nik 

x, (k)"|1-0, ''o - O E. 
Xi(k) 1 - O2 a2 - 1 O 

0393 or, written compactly as: 

xk + 1 = F xk + luk - Twk (184) 
where, 

ik 185 wk = nik (185) 
ni, k 

0394 is a white noise vector with Zero mean and covari 
aCC. 

of 0 (186) 
X = 

O O; 
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0395 Correspondingly, the measurement equation (180) 
can be written as: 

where, 

g(k))=Vo(x/k)+x, ?ki-x(kiR1+x,/k/R2 (188) 

0396 and nk noise vector with zero mean and S.d. 

0397. In addition, it should be noted that the state-space 
representation (183)-(189) involves the following model 
parameters which need to be estimated through system iden 
tification techniques including battery capacity: C, open 
circuit Voltage model parameters: Ko, K. K. K. K. K. K. 
K7, dynamic equivalent circuit model parameters: Ro, R. C. 
R2, C2 charging and discharging efficiencies: mm, process 
noise variances: O, O, , and measurement noise variances 
o, , o, . 
0398. The requirement to estimate all the model param 
eters makes the SOC tracking problem more challenging. 
Further, the chemical properties of the battery change as a 
result of temperature changes, aging, and usage patterns and 
as a result these model parameters are Subject to change over 
time. Hence the model parameters have to be re-estimated 
over time. 
0399. In example implementations, it is assumed that the 
OCV parameters Ko K,..., K, of the battery are estimated 
offline. A procedure to estimate these parameters is described 
above. The Voltage and current measurement error standard 
deviations, O, and O, respectively, are assumed to be avail 
able from the measurement circuitry design. The charging 
and discharging efficiencies, m and m, respectively, are 
assumed to be known through calibration. Hence, the objec 
tive is to develop an online SOC tracking algorithm by assum 
ing the knowledge of battery capacity C, and the electrical 
equivalent model parameters R. R. R. C. and C of the 
battery. 
0400. The following discussion relates to SOC tracking. 
The objective of reduced order filtering is to trackx k while 
avoiding the need to track the redundant variables X,k), 
XIk) and XIk). First, rewriting (172) in the following form: 

afk+1 =xfkI--CAziki--wfiki (190) 

where, 

wiki-cAni?ki (191) 

04.01 is the process noise which is white with S.d. 
OFCAO, (192) 

0402. Now, rewriting the voltage measurement (180) as: 

where, 

afkij'b=fv?k-1 votk-2/zifkfz.fk-17-zi?k-21) (194) 

0403 and the voltage drop is given by: 
'fikiz, Iki-Vo(xfk) (195) 

0404 where b is a parameter vector to be estimated and 
nk is the measurement noise. It should be noted that k in 
(194) is defined in terms of the Voltage drops Vik-1 and 
Vik-2. Estimating parameter b based on a Voltage drop 
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observation model is described above. The estimated param 
eters are derived in terms of the parameters of the battery 
equivalent model in FIG. 13A as: 

b(1)2C(k)=C+C2 (196) 

b(2)sf(k)=C.C. (197) 

b(3)=Ro (198) 

b(4)s R=(C+C2)Ro-(1-C1)R-(1-Cl2)R. (199) 

b(5)sR2-C. C. Ro-O-(1-C1)R1-C1(1-Cl2)R. (200) 

b(6)sh?ky-v?k-C.(k)x, (k-1)+(3(k)x, ?k-2) (201) 

04.05 The measurement noise nk is zero mean and with 
autocorrelation 9(1) given by: 

R (l) as End (knpk-I} = (202) 

-ao - RoRo; I = 1 

f3O+ RoRo Z = 2 
O Is 2 

0406 Next, the significance of the voltage drop in estimat 
ing the parameters b in (193) is described. Using (193), the 
voltage drop (195) can be written as: 

04.07 Given the voltage drop observations, the above 
model (203) can be used to linearly estimate b. However, in 
order to get the Voltage drop as an observation, the knowledge 
of the SOCXk for which a predicted value of SOC, xkk 
1 or the updated SOC estimate xklk can be used, for 
example, 

v?kikiz, ki-Vo(fikiki (204) 

(0408 Below, how the predicted SOC xkk-1 and 
updated SOC xkk are obtained (see (209) and (215), 
respectively) is described. The existing approaches for BFG 
use the Voltage and current observations, Zk and Z.k, for 
model identification and SOC tracking. Consider the conven 
tional voltage observation model (180). The terms in xk 
denote the hysteresis voltage which, as shown in (178), is a 
function of currentik, SOC xk and time k. For example, 
when a battery experiences a load of 1 A (which is heavy in 
mobile applications) for a few seconds, the magnitude of the 
resulting hysteresis is Small compared to when the load was 1 
A continuously for 30 min. In addition, the magnitude of the 
hysteresis is a function of the SOC at that time as well. 
04.09. Using the voltage observation (180) across battery 
terminals for model identification, the hysteresis Xk also 
needs to be modeled and the model parameters have to be 
estimated. A model for hysteresis in terms of SOC, current 
and time is nonlinear and not yet fully understood. Another 
disadvantage of trying to model and estimate hysteresis is that 
it makes online model identification almost impossible. 
Because hysteresis is a function of SOC, model identification 
requires the data spanning the entire range of SOC. This 
might be impossible at times since Some applications might 
never use the battery from full to empty. Since hysteresis is 
also a function of current, model identification requires usage 
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data spanning the possible load currents applied for various 
durations. Hence, complete modeling and model identifica 
tion of hysteresis becomes impractical. 
0410. It is also important to note that estimating model 
parameters offline using sample batteries and then using those 
parameters in fuel gauging may not be satisfactory; some of 
the battery parameters are known to change based on usage 
patterns. Example embodiments avoid hysteresis modeling 
by introducing the voltage drop model described above. The 
Voltage drop Vik represents the Voltage across the internal 
battery model components R. R. and Xk. The term Xk is 
purposely introduced in order to account for the errors in 
predicted SOC xkk-1 that is used to derive the voltage 
drop "measurement Vk. The Xk can be referred to as an 
“instantaneous hysteresis” which, according to example 
embodiments, should be corrected to Zero by adjusting SOC 
estimatex Ikk. As described above with regard to FIG.7, the 
use of the voltage drop model can be used to eliminate the 
effect of hysteresis. The current knowledge of SOC is used to 
compute the Voltage drop. A batch of past Voltage drops are 
collected in a buffer and used for estimation of the parameter 
b. A nonzero value of b(6)=h(k) (as determined in the model 
estimation module or block 710) indicates the presence of 
instantaneous hysteresis, which implies SOC estimation 
error. The SOC tracking algorithm is devised to correct the 
SOC (in the SOC tracking block 715) whenever the estimated 
hk) is nonzero. 
0411. The OCV-SOC model (167) represents the OCV 
SOC relationship. Assuming that x, Ikkx, Ikk) in the volt 
age drop (195), the estimated value of hkin (201) will be 
hk)=0. However, hkle?) implies errors in SOC estimates that 
is used in computing the Voltage drop observation V, k. 
Hence, the SOC tracking algorithm needs to adjust xkk 
accordingly. this accomplished by employing the following 
modified observation model in place of (193): 

0412 are obtained by removing the last element in ak 
and b, respectively. In other words, the hysteresis term is 
removed. Below, the significance of this modified observa 
tion model is described. Further, the following covariance is 
found between the process noise wk in (190) and the mea 
surement noise nk in (205): 

0413) Given the estimate of state of charge, xkk, and 
the associated variance Pkk), the following EKF recursion 
(see FIG. 8) uses the Voltage and current measurements Zyk+ 
1, Zk, ZIk+1 to yield the updated SOC estimate of xk-- 
1|k+1, and its associated variance Pk+1|k+1. These steps 
also make sure that the SOC estimates are best adjusted to 
account for the covariance of (208). The filtering recursions 
consist of the following: 

isk + 1k = ikk+ chkAzik (209) 

P(k+1 k = P, Iklk) + O. (210) 
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-continued 

Hk + 1 = first (211) 

2, k + 1) = Vo(3, k + 1 k) + (KK) (212) 

SIk+1) = H(k+1)PIklk) HIk + 1 + R(0) + 2 HIk + 1) Uk) (213) 

Gk + 1 = Pk + III + Uk (214) 

3k + 1 k + 1 = k + 1 k + GIk + 1 (3 k + 1-2 k + 1) (215) 

Pk + 1 k + 1 = (216)2 
(1 - G(k+1] HIk + 1))P, k + 1 Ik)(1 - GIk + 1) HIk + 1)) + 

G|k+ 1 R(0) 

0414 whereck and b|kare the most recentestimates of 
the Coulomb counting coefficient and the model parameter 
vector, respectively. The importance of using ak and b in 
the state-space model (190)-(205) for SOC tracking should be 
described. Hysteresis can be thought of as an error in the 
OCV-SOC characteristic curve. It can be difficult to model 
and accurately estimate the hysteresis because it varies with 
the previous current and SOC (see (178)). However, the true 
OCV-SOC relationship can be estimated. Indeed, the Vo (x, 
(k) in (205) is based on the true OCV-SOC model. For 
example, assume that the estimated hysteresis is hk=10 mV. 
This means the “perceived OCV by the filter is 10 mV away 
from the actual OCV of the battery. For the BFG algorithm, 
the perceived OCV. V(xk), is directly (and monotonically) 
related to the SOC estimate xkk. In other words, if the 
perceived OCV of the filter is different from the actual OCV. 
so is the filter estimate xkk from the true SOC of the 
battery. Hence, when the filter sees a drop of 10 mV in its 
predicted terminal voltage 2k+1 in (212), it adjusts its SOC 
estimate xk+1|k+1 in (215) such that the “perceived OCV 
error” (or estimated hysteresis H) is (gradually) adjusted to 
Zero. Hence, a good indication of proper functioning of the 
proposed approach is the estimated hk being always close to 
ZO. 

0415 Reliable apparatus and methods to validate a fuel 
gauging algorithm in a desirable fashion do not exist. Using 
simulations to evaluate a fuel gauge is not feasible because of 
the lack of for example, reliable mathematical models that 
can allow simulation of the dynamics of a battery. For 
example, an enhanced self-correcting model may not con 
sider the effect of aging on a battery. Validation of a fuelgauge 
using a single metric or validation approach can be difficult 
due uncertainty in the true values of state of charge, battery 
capacity and internal impedance, all of which can be con 
stantly drifting quantities. Several validation metrics need to 
be computed in order to understand the complete picture of a 
fuel gauge accuracy. 
0416) The disclosure continues with benchmarking, 
which begins with metrics. In this example implementation, 
several benchmarking approaches for the validation of fuel 
gauging algorithms of electrochemical storage devices (bat 
teries) are described. Relatively accurate fuel gauging (FG) 
can extend the cycle life of batteries. This detailed description 
also describes a rigorous and objective fuel gauge evaluation 
scheme. The metrics described herein can be used to measure 
the FG accuracy in several aspects and return at least one 
number that can be indicative of the overall performance of a 
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fuel gauge. The benchmarking described herein can be 
applied to a variety of fuel gauging algorithms. For example, 
the details included in this description can be combined with 
any of the concepts described in the description entitled 
“Methods and Apparatus Related to Tracking Battery State of 
Charge: A Reduced Order Filtering Approach”. 
0417. The benchmarking described in this detailed 
description can be performed by, for example, computing one 
or more of the three metrics defined below: 
0418. A first exemplary metric is coulomb counting error. 
With the knowledge of battery capacity and the starting state 
of charge (SOC) point of an experiment, Coulomb counting 
methods and/or apparatus can provide an accurate estimate of 
the state of charge of the battery. The error (e.g., root-mean 
square (RMS)) between Coulomb counting based SOC esti 
mate and the SOC estimate of the fuel gauge over a period of 
time can function as the first metric of the benchmark. An 
error between the FG based SOC and the Coulomb counting 
based SOC could imply one or more of the following issues 
with the FG under validation: 
0419. The model employed in an open circuit voltage state 
of charge (OCV-SOC) characterization could be insuffi 
ciently accurate (assuming that the FG employs an OCV-SOC 
characterization) 
0420. A battery capacity estimate by the FG might be 
inaccurate 
0421. There might be issues with a dynamic equivalent 
circuit model: model selection and parameter estimation 
scheme used in the FG. 
0422. A second exemplary metric is OCV-SOC error. 
OCV-SOC characterization of the battery (which can be per 
formed using one or more methods and/or apparatus) can 
provide a look-up procedure for finding the SOC. Hence, the 
SOC estimate of a fuel gauge at a given time can be compared 
for errors with the OCV-SOC characterization by bringing a 
battery to a fully (or at least a partial) rested state and by 
measuring its voltage. An OCV-SOC error can be an indicator 
of one or more of the following issues of a fuel gauge: 
0423. A dynamic model employed in the battery equiva 
lent model may not be effective 
0424 Minimal OCV-SOC error can indicate that the 
dynamic model employed matches very well the actual 
dynamic nature of the battery. 
0425 A third exemplary metric is predicted time-to-volt 
age (TTV) error. A fuel gauge can predict (using one or more 
methods and/or apparatus) the time it takes to reach a certain 
Voltage (TTV) given a constant load/charge current. Time to 
shut down (TTS) and time to full (TTF) can be special cases 
of the TTV estimates. Error in the TTV estimate can be 
computed after the actual Voltage in question is reached. This 
TTV error can indicate one or more of the following about the 
fuel gauge under evaluation: 
0426. Accuracy of the battery impedance estimation, 
0427 Battery capacity estimation accuracy of a fuel 
gallge, 
0428 The fuel gauge's knowledge (e.g., information) of 
the battery SOC, 
0429. Accuracy of the OCV-SOC characterization. 
0430. A battery can exhibit different qualities in response 
to changes in temperatures. For example, a battery's imped 
ance can be higher (and hence the available power can be 
lower) at cold temperatures. The rate of change of OCV can 
be greater and heavily non-linear in response to load and at 
lower SOC compared to the same at higher SOC levels. A 
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good fuel gauge can have the ability to perform well over a 
wide range of temperatures and SOC levels. The benchmark 
described herein can be configured to ensure at least Some of 
these elements are factored in during the performance evalu 
ation. 
0431. The discussion below relates to OCV-SOC charac 
terization based metrics. The state of charge of a battery can 
be uniquely related to its open circuit voltage (OCV). An 
example of such relationship is shown as a plot in FIG. 14. 
0432 Several approaches can be used to obtain OCV char 
acterization data. An example approach is Summarized 
below: 
0433 1) Start with a fully charged, fully rested battery 
I0434) 2) Record its open circuit voltage V, V, 
0435 3) Set i=1 
0436 4) Record OCV(i)=V. 
0437. Record SOC(i)=1 
0438 5) Seti i+1 
0439 6) Discharge the battery using constant current I for 
a duration of AT 
0440 7) Leave the battery to sufficiently rest (e.g., at least 
for 2 hours) 
0441 8) Measure the battery terminal voltage, V. 
0442 9) Record OCV(i)=V. 
0443 Compute SOC(i)=SOC(i-1)+cI(i) AT where cm/ 
(3600 C), m is a constant indicating the charging/discharg 
ing efficiency, C is the battery capacity in Ampere hours 
(Ah) and I(i) is the current into the battery. 
0444 10) Repeatsteps 5 to 9 until OCV(i) reaches the shut 
down voltage VSD of the battery. 
0445. Now, using the {OCV(i); SOC(i)} pairs, an OCV 
characterization can be obtained for SOC60; 1. 
0446. Remarks: 
0447 1) OCV-SOC characterization can vary from one 
temperature to another. (several approaches can be used to 
compute OCV characterization at any temperature within a 
certain usage range). 
0448 2) In some implementations, battery capacity C, 
can be obtained from manufacturer data sheets or it can be 
estimated. 
0449 3) OCV-SOC characterization can be unchanged 
regardless of the age of the battery. 
0450 4) Using the above OCV-SOC characterization, the 
OCV of a battery for a given SOCs, written as V-OCV(s), can 
be computed. 
0451 5) Using the above OCV-SOC characterization, the 
SOC of a battery for a given rested terminal voltage u, 
written as s–OCV'(u,), can be computed. Given that the 
SOC estimate of a certain fuel gauging algorithm at time k is 
reported as SFGk, the corresponding error can be computed 
aS 

0452 where uk is the terminal voltage (after resting the 
battery) at time k. 
0453 OCV-SOC characterization based validation can be 
used to compute the OCV errors (217) across temperatures 
and/or SOC regions. 
0454 Validation in a relatively high SOC region can be 
performed by starting with a fully charged battery and apply 
ing a time-varying load for a time Sufficient to consume 
(approximately) less than /2 the capacity of the battery under 
test. Similarly, validation in the low SOC region can be per 
formed by starting with either a fully charged battery or the 
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battery after the high SOC validation and by applying 
dynamic load sufficient to bring the battery to the lower SOC 
region. 
0455 
puted as 

The average OCV-SOC error (in %) can be com 

4. (218) 
eocy (SL, T) + eocy (SH, Ti)100 

= 

1 
EOC 8 

0456 where ( (S.T.) indicates the error computed at 
the low SOC region and at temperature T. In some imple 
mentations, the lower for the better the FG algorithm. 
0457. The following discussion relates to relative coulomb 
counting error based metrics. Battery SOC can be computed 
by the Coulomb counting (CC) as follows 

Scotki-Scofk-1}+c., “If that (219) 
0458 under the assumption that the battery capacity C, 
and an accurate enough starting SOC, SIO, are known. 
Hence, the FG error (in 96) related to Coulomb counting can 
be defined as: 

(220) 

where T is the duration (in seconds) in which the validation 
test is performed. 
0459 1) In some implementations. Some of fuel gauging 
apparatus and/or methods can include Coulomb counting as a 
component. However, the above metric can still be considered 
a validation tool due to the assumption that the knowledge of 
the battery capacity as well as the starting SOC of the valida 
tion SIO whereas the FG approach, may not assume this 
knowledge. 
0460 2) The battery capacity for the validationsk can 
be pre-estimated by completely discharging the battery from 
full (or substantially full) to empty (or substantially empty). 
Alternatively, the validation test can be performed from full 
(or Substantially full) to empty (Substantially empty) and 
sk can be updated with the newly estimated battery 
capacity, C. In some implementations, hysteresis and 
relaxation factors can be considered in accurate battery 
capacity estimation this way. In some implementations, the 
FG algorithm can be barred from doing so. 
0461 3) In some implementations, the temperature of the 
battery being evaluated can remain constant during the entire 
(e.g., Substantially the entire) validation process. 
0462. The following discussion relates to time-to-voltage 
(TTV) based metrics. Given an SOC estimate of a fuel gauge 
algorithm at time kassk, the time it takes to reach Voltage 
V can be written as follows 

OCV (v) - secK) (221) 
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where the current I (D0 during charging and I-0 during 
discharging) is kept constant (or Substantially constant) until 
the Voltage V is reached. 
0463. The actual time at which the terminal voltage V is 
reached can be noted once that Voltage is reached during 
operation. When the voltage V is reached at time, the follow 
ing TTV validation metric can be computed 

- (222) 
- - - (Troy - Ti f T - T - Ti 

where Ti-T-i is the actual time it took from time i to reach 
the Voltage V. The 6 value can be in minutes. In some 
implementations, the following metric (in 96) can be calcu 
lated: 

ETTy = A.100 (223) 

0464 A combined metric can be defined as: 

EOCy + ECC - ETTy (224) 
efc = - 3 

10465 where f is in %. In some implementations, the 
lower, the better the fuel gauge. 
0466 In some implementations, a benchmarking proce 
dure can include loading a battery under evaluation with one 
or more different current loads that reflect a usage (e.g., a 
typical usage) of the battery and recording the fuel gauge 
reported SOC and TTV readings. This process can include 
repeating these steps at different temperatures until, for 
example, tables I, II and III are populated. 
0467. In some implementations, simulated as well as 
actual load profiles can be used during the validation. An 
advantage of the simulated load profiles is that an amount 
(e.g., exact amount) of Coulombs taken from the battery can 
be computed, hence, one or more errors due to sampling and 
current sensing can be avoided. This can be based on the 
assumption that the load simulation device may not introduce 
one or more significant errors. Various actual and simulated 
load profiles can be created. 
0468 Actual load profile: An actual load profile (e.g., 
shown in FIGS. 15A and 15B) can be created using, for 
example, a Smartphone as a load. The following activities can 
be performed while the load is connected to a battery under 
validation: phone call (15 min), web surfing, reading email, 
game playing, etc. (20 min), texting (10 messages), listening 
to music or watching video using speaker phone (30 min 
Video), Standby cell radio enabled pinging tower (1 hours). 
0469. The load profile shown in FIGS. 15A and 15B illus 
trates a scenario where one entry for each of the three types of 
metrics can be computed in a single experiment. The experi 
ment starts with a fully charged battery and the dynamic 
usage load is applied for about three hours and 15 minutes. 
After that the battery is relaxed for two hours. The five hour 
mark provides an opportunity to compute an OCV-SOC error 
metric 6 (S. T.). The constant current load towards the 
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end of the experiment allows to compute 6 (S. T.). The 
Coulomb counting metric 6-(T) can be computed from the 
entire data. 
0470 The load profile shown in FIGS. 15A and 15B can be 
used to compute the following metrics at temperature T.: 

0471. The OCV-OSC error metric at the high SOC 
region, 6 oct(s, T.) 
o: The TTC metric at the low SOC region, ( (s 
T, 

0473. The Coulomb counting metric (T,) 
0474 Simulated load profile: A simulated load profile can 
be created using piecewise constant current loads of varying 
magnitudes 4, for Small duration AS. These piecewise loads 
can be mixed and Stitched together to obtain a simulated load 
profile shown in FIGS. 16A and 16B. Note that the simulated 
load can appear between approximately 3.5 hours to 6.5 hours 
of the test. This load profile can be simulated using, for 
example, a Kikusui programmable load device with AS-2 sec, 
and I-40, 120, 130, 160,300,400, 440,520, 600, 640,800, 
880 in mA. 
0475. The simulated load profile shown in FIGS. 16A and 
16B illustrates a scenario where one entry for each of the three 
types of metrics can be computed in a single experiment. The 
experiment starts with a fully charged battery and a constant 
500 mA load is applied for about 1.5 hours. After that the 
battery is relaxed for two hours and then the dynamic load 
profile is applied for three hours. The three hour and 15 
minute mark provides an opportunity to compute an OCV 
SOC error metric eoc(st T). The constant current load 
towards the end of the experiment allows to compute 6 (s 
T). The Coulomb counting metrice (T) can be computed 
from the entire data. 
0476. In some implementations, the simulated load profile 
shown in FIG. 16 can be used to compute the following 
metrics at temperature T.: 

0477. The OCV-OSC error metric at the high SOC 
region, C ocv(S.H. T.) 
or. The TTC metric at the low SOC region, 6 (s 
T 

f 

0479. The Coulomb counting metric € (T) 
0480. The example implementations described above 
describe SOC tracking as applicable to battery powered 
devices (e.g., portable mobile devices). The described 
example embodiments enable linear methods that are com 
putationally inexpensive and performance wise Superior to 
existing approaches for online model identification. 
Weighted least squares methods are described for parameter 
estimation. Weights (based on variances) in the LS method of 
parameter estimation and demonstrated significant improve 
ment in parameter estimation are described. The applicability 
to different modes of operation of the battery including iden 
tifying four different equivalent models of the battery that 
represent typical battery operation modes and developed the 
framework for seamless SOC tracking. The described 
approach models hysteresis as an error in the open circuit 
voltage (OCV), thereby obviating the need for modeling hys 
teresis as a function of SOC and load current. This method 
also helps in the fast recovery from wrong SOC initialization. 
0481. The example implementations described above 
describe features for battery capacity estimation towards the 
advancement of battery fuel gauging. A weighted recursive 
least squares (RLS) estimate of capacity with the derivation 
of exact weights. Formulation of the weights may be com 
puted based on the SOC tracking error covariance and current 
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measurement error standard deviation. A TLS approach is 
described for real time tracking of battery capacity. The TLS 
estimate is derived in closed form and can be used for adap 
tive estimation by updating the covariance matrix with a 
fading memory. A technique for adaptive capacity estimation 
based on OCV lookup of a rested battery. The source of OCV 
lookup error (hysteresis) in the derivations is considered and 
an approach for adaptive estimation of capacity through OCV 
lookup is described. An approach for optimal fusion of capac 
ity estimates obtained through different approaches is 
described based on the capacity estimates and the estimation 
error covariances, the proposed approach uses a Kalman 
filter for adaptive, optimal fusion. 
0482. The example implementations described above 
describe SOC tracking as applicable to battery powered 
devices (e.g., portable mobile devices). The conventional 
techniques for estimating additional, redundant parameters 
by Stacking them on the state vector along with SOC is com 
putationally expensive and performance wise inferior. In 
order to avoid these issues, example embodiments describe a 
reduced order filtering model for SOC tracking through a new 
state space model. A state-space model with de-correlated 
noise models is described. The SOC tracking problem 
involves two measured quantities, Voltage and current, and 
that this results in correlation between the state and measure 
ment noise models of the SOC tracking problem. A modified 
state-space representation that has uncorrelated State and 
measurement noise processes is described. Example embodi 
ments describe different modes of operation of the battery and 
identify, at least, four different equivalent models of the bat 
tery that represent typical battery operation modes and devel 
oped the framework for seamless SOC tracking. Example 
embodiments describe an approach that models hysteresis as 
an error in the open circuit voltage (OCV), hence obviating 
the need for modeling hysteresis as a function of SOC and 
load current. This method also helps in the fast recovery from 
wrong SOC initialization. 
0483 The example implementations described above 
describe SOC tracking as being achieved through several 
strategies. First, via minimal battery modeling. The proposed 
approach requires offline modeling of only the open circuit 
voltage (OCV) characteristics of the battery. All the other 
required parameters are estimated through robust means. 
Equipped with a single set of OCV parameters, the proposed 
approach is able to perform SOC tracking at any temperature 
without requiring any additional parameters. Second, the 
voltage drop observation model. The voltage drop model of 
observations allows online SOC tracking without the need to 
worry about modeling the hysteresis component of the bat 
tery. This results in better accuracy and robustness from the 
proposed approach. Third, through robust parameter estima 
tion. The effect of correlated noise structure in the least 
squares model for parameter estimation is identified. This 
resulted in significantly better accuracy and enhanced robust 
ness for the parameter estimation algorithm. Fourth, through 
battery capacity estimation. The proposed total least square 
(TLS) method for capacity estimation ensures Superior accu 
racy for capacity estimation. And finally using filtering, the 
reduced order EKF method is accounting for the correlation 
of the noise process in the state-space model (derived for SOC 
tracking) and applies appropriate de-correlating filter in order 
to minimize errors in SOC tracking. 
0484. In the detailed description, a benchmarking 
approach for battery fuel gauging algorithms based on at least 
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three evaluation metrics has been described. The first evalu 
ation metric can be based on the open circuit voltage (OCV) 
characterization of the battery. The second evaluation metric 
can be based on relative Coulomb counting error of the fuel 
gauge and the third benchmark can be based on the compu 
tation of time it takes the battery to reach a certain Voltage. 
Each validation metric can include computing several metrics 
at various SOC levels, different temperature, voltage regions, 
and/or so forth. 
0485 Some SOC tracking approaches include at least the 
following shortcomings. (1) Some models consider resis 
tance-only and are unsuitable for dynamic loads; (2) they 
employ nonlinear approaches for system identification; (3) 
require initial parameter estimates for model identification 
methods; (4) a single dynamic equivalent model is assumed to 
represent all battery modes of operation; (5) the importance 
of online capacity estimation is not addressed; (6) existing 
online battery capacity estimation techniques are affected by 
SOC and parameterestimation errors, i.e., they are not robust; 
(7) they employ online tracking of many redundant quantities 
in addition to SOC (which results in increased computational 
complexity and reduced SOC tracking accuracy); (8) they 
require separate modeling of battery hysteresis, which is a 
function of SOC and load current (hence infinite models.) It is 
only possible to model hysteresis approximately; (9) none of 
the existing approaches recognized the existence of correla 
tion in the process and measurement noise processes; and 
(10) none of the existing approaches recognize the change in 
battery characteristics due to temperature, aging, SOC and 
load variations and the fact that a single equivalent model may 
not fit all these conditions. 
0486 Accordingly, the implementations described herein 
can have a short design time (within days), can have a rela 
tively fast algorithm convergence, and can have an accuracy 
of approximately 1% SOC and battery capacity reporting 
accuracy in “Real World' use conditions. In some implemen 
tations, no (or few) custom battery models or data may be 
required, and can include an adaptive learning algorithm with 
relatively quick SOC tracking convergence. Some implemen 
tations can include automatic temperature, age, and load 
compensation. 
0487. Some implementations can be based on, for 
example, a reduced order extended Kalman filter, a correlated 
measurement noise decoupling, an online electrical model 
parameter estimation, and a real-time capacity estimation. 
0488. The reduced order Kalman filter can include an 
accurate SOC estimation (tracking) that involves jointly esti 
mating four different parameters: SOC, currents through two 
different resistors in the dynamic equivalent model and hys 
teresis, all of which change when the battery is under load/ 
charge. This involves complex matrix operations generally 
known as recursive filtering. The reduced filtering approach 
simplifies this in away that only the SOC is estimated through 
the recursive filtering procedure. The three other parameters 
are marginalized through mathematical operation. The result 
ing SOC tracking algorithm(s) is now computationally fea 
sible in a fuel gauge SOC. 
0489. The correlated measurement noise decoupling can 
include Kalman filters that operate on the assumption that 
process noise and measurement noise are uncorrelated. In the 
fuel gauge application, the measurement noise inherent in the 
current measurement can be coupled into both the measure 
ment noise and the process noise of the SOC and Voltage 
variables in the reduced EKF. A unique approach has been 
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employed which decouples the current sense noise from the 
process noise of the Kalman filter. 
0490 The online electrical model parameter estimation 
can include dynamic estimation of the model parameters 
(coefficients). The dynamic estimation of the model param 
eters (coefficients) can include estimation as they change with 
SOC, time-varying current load profiles, temperature, 
charge-discharge cycles, and/or so forth. The EKF filter is 
applicable provided that the model parameters of the dynamic 
equivalent circuit of the battery is known, however, the 
equivalent circuit represents the internal components of the 
battery; these model parameters can be estimated as well 
using the measurements available from the battery: Voltage 
and current. The solutions described herein estimate the 
model parameters in real time which enables use of a Kalman 
filter approach. 
0491. The real-time or on-line capacity estimation can 
include one or more algorithms updating (e.g., constantly 
updating) usable capacity based on actual use conditions, 
load, temp, age. Some implementations can include a cou 
lomb counting method which compares FG reported to SOC 
to calculated SOC based on coulomb counting (bookkeeping 
method). Some implementations can include a TTE (Time to 
Empty) Method, which can use FG to predict TTE and com 
pared to actual. Some implementations can include a SOC/ 
OCV Curve Look-up Method, which can compare FG 
reported SOC to SOC/OCV curve. 
0492. In some implementations, a variation of batteries 
can be supported that have a variety of specific battery models 
and chemistries, battery manufacturer aging data for each 
battery, and/or so forth. In some implementations, the fuel 
gauge evaluation procedure can vary. For example, a state of 
charge accuracy evaluation method and test procedure, a 
dynamic load detailed test requirements, and/or so forth can 
vary. In some implementations, feedback on requirement 
specification Such as key system parameter and accuracy 
requirements, system integration requirements, and/or so 
forth can be varied. In some implementations, operating sys 
tem driver requirements can be varied. 
0493 FIG. 17 is a diagram that illustrates an example 
system implementation. The system 1700 includes a fuel 
gauge evaluation module 1705, a battery 1710, a battery fuel 
gauge 1715 and a computing device 1715. The fuel gauge 
evaluation module 1705 may be implemented as a software 
module oran ASIC within the BMS 110. In other words, fuel 
gauge evaluation module 1705 could be code stored in 
memory 230 and executed by processor 235 and/or another 
module associated with BMS 110. The computing device 
1715 may receive information from the fuel gauge evaluation 
module 1705 and display the information on a graphical user 
interface (e.g., as shown in FIG. 18). 
0494 FIG. 18 is a diagram that illustrates a user interface 
that can be used in conjunction with a system implementa 
tion. FIGS. 19A and 19B include graphs that illustrate an 
example discharge Voltage/current profile to illustrate an 
SOC Lookup Validation and a TTS test. FIGS. 20A and 20B 
are graphs that illustrate an example CC evaluation method to 
illustrate the closeness of the Fuel Gage Algorithm to Cou 
lomb Counting. FIGS. 21A and 21B are diagrams that illus 
trate a TTS evaluation method which illustrates a significant 
overlap of the Fuel Gauge and actual SOC as well as a TTS 
eO. 

0495. Some of the above example embodiments are 
described as processes or methods depicted as flowcharts. 
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Although the flowcharts describe the operations as sequential 
processes, many of the operations may be performed in par 
allel, concurrently or simultaneously. In addition, the order of 
operations may be re-arranged. The processes may be termi 
nated when their operations are completed, but may also have 
additional steps not included in the figure. The processes may 
correspond to methods, functions, procedures, Subroutines, 
Subprograms, etc. 
0496 Methods described above, some of which are illus 
trated by the flow charts, may be implemented by hardware, 
Software, firmware, middleware, microcode, hardware 
description languages, or any combination thereof. When 
implemented in Software, firmware, middleware or micro 
code, the program code or code segments to perform the 
necessary tasks may be stored in a machine or computer 
readable medium Such as a storage medium. A processor(s) 
may perform the necessary tasks. 
0497 Specific structural and functional details disclosed 
herein are merely representative for purposes of describing 
example embodiments. Example embodiments, however, be 
embodied in many alternate forms and should not be con 
strued as limited to only the embodiments set forth herein. 
0498. It will be understood that, although the terms first, 
second, etc. may be used herein to describe various elements, 
these elements should not be limited by these terms. These 
terms are only used to distinguish one element from another. 
For example, a first element could be termed a second ele 
ment, and, similarly, a second element could be termed a first 
element, without departing from the scope of example 
embodiments. As used herein, the term “and/or” includes any 
and all combinations of one or more of the associated listed 
items. 

0499. It will be understood that when an element is 
referred to as being “connected' or “coupled to another 
element, it can be directly connected or coupled to the other 
element or intervening elements may be present. In contrast, 
when an element is referred to as being “directly connected 
or “directly coupled to another element, there are no inter 
vening elements present. Other words used to describe the 
relationship between elements should be interpreted in a like 
fashion (e.g., “between versus “directly between.” “adja 
cent versus “directly adjacent, etc.). 
0500. It should also be noted that in some alternative 
implementations, the functions/acts noted may occur out of 
the order noted in the figures. For example, two figures shown 
in Succession may in fact be executed concurrently or may 
Sometimes be executed in the reverse order, depending upon 
the functionality/acts involved. 
0501 Implementations of the various techniques 
described herein may be implemented in digital electronic 
circuitry, or in computer hardware, firmware, Software, or in 
combinations of them. Implementations may implemented as 
a computer program product, i.e., a computer program tangi 
bly embodied in an information carrier, e.g., in a machine 
readable storage device (computer-readable medium, a non 
transitory computer-readable storage medium, a tangible 
computer-readable storage medium) or in a propagated sig 
nal, for processing by, or to control the operation of data 
processing apparatus, e.g., a programmable processor, a com 
puter, or multiple computers. A computer program, Such as 
the computer program(s) described above, can be written in 
any form of programming language, including compiled or 
interpreted languages, and can be deployed in any form, 
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including as a stand-alone program or as a module, compo 
nent, Subroutine, or other unit Suitable for use in a computing 
environment. 
0502 Portions of the above example embodiments and 
corresponding detailed description are presented in terms of 
Software, or algorithms and symbolic representations of 
operation on data bits within a computer memory. An algo 
rithm, as the term is used here, and as it is used generally, is 
conceived to be a self-consistent sequence of steps leading to 
a desired result. The steps are those requiring physical 
manipulations of physical quantities. Usually, though not 
necessarily, these quantities take the form of optical, electri 
cal, or magnetic signals capable of being stored, transferred, 
combined, compared, and otherwise manipulated. It has 
proven convenient at times, principally for reasons of com 
mon usage, to refer to these signals as bits, values, elements, 
symbols, characters, terms, numbers, or the like. 
0503. In the above illustrative embodiments, reference to 
acts and symbolic representations of operations (e.g., in the 
form of flowcharts) that may be implemented as program 
modules or functional processes include routines, programs, 
objects, components, data structures, etc., that perform par 
ticular tasks or implement particular abstract data types and 
may be described and/or implemented using existing hard 
ware at existing structural elements. Such existing hardware 
may include one or more Central Processing Units (CPUs), 
digital signal processors (DSPs), application-specific-inte 
grated-circuits, field programmable gate arrays (FPGAS) 
computers or the like. 
0504. It should be borne in mind, however, that all of these 
and similar terms are to be associated with the appropriate 
physical quantities and are merely convenient labels applied 
to these quantities. Unless specifically stated otherwise, or as 
is apparent from the discussion, terms such as “processing or 
“computing or “calculating or “determining of “display 
ing’ or the like, refer to the action and processes of a computer 
system, or similar electronic computing device, that manipu 
lates and transforms data represented as physical, electronic 
quantities within the computer system's registers and memo 
ries into other data similarly represented as physical quanti 
ties within the computer system memories or registers or 
other Such information storage, transmission or display 
devices. 

0505 Note also that the software implemented aspects of 
the example embodiments are typically encoded on some 
form of non-transitory program storage medium or imple 
mented over some type of transmission medium. The pro 
gram storage medium may be magnetic (e.g., a floppy disk or 
a hard drive) or optical (e.g., a compact disk read only 
memory, or "CD ROM'), and may be read only or random 
access. Similarly, the transmission medium may be twisted 
wire pairs, coaxial cable, optical fiber, or some other Suitable 
transmission medium. The example embodiments not limited 
by these aspects of any given implementation. 
0506 While certain features of the described implemen 
tations have been illustrated as described herein, many modi 
fications, Substitutions, changes and equivalents will now 
occur to those skilled in the art. It is, therefore, to be under 
stood that the appended claims are intended to cover all Such 
modifications and changes as fall within the scope of the 
implementations. It should be understood that they have been 
presented by way of example only, not limitation, and various 
changes inform and details may be made. Any portion of the 
apparatus and/or methods described herein may be combined 
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in any combination, except mutually exclusive combinations. 
The implementations described herein can include various 
combinations and/or sub-combinations of the functions, 
components and/or features of the different implementations 
described. 
What is claimed is: 
1. A method comprising: 
calculating a first estimated state of charge (SOC) of a 

battery at a first time; 
receiving a Voltage value representing a measured Voltage 

across the battery at a second time; 
calculating a filter gain at the second time; and 
calculating a second estimated SOC of the battery at the 

second time based on the first estimated SOC, the volt 
age value, and the filter gain. 

2. The method of claim 1, further comprising: 
storing the second estimated SOC in a buffer; and 
reading, before the calculating of the second estimated 
SOC of the battery, the first estimated SOC from the 
buffer. 

3. The method of claim 1, further comprising: 
storing the first estimated SOC in a buffer, reading, before 

the calculating of the second estimated SOC of the bat 
tery, the first estimated SOC from the buffer as one of: 
a vector of at least two SOC's, 
an array of at least two SOC's, 
an average of at least two SOCs, and 
a mean of at least two SOC's. 

4. The method of claim 1, further comprising reading an 
estimated SOC variance from a buffer, wherein the filter gain 
is based on the estimated SOC variance. 

5. The method of claim 1, wherein the calculating of the 
filter gain includes calculating at least one capacity value 
using at least one of a weighted recursive least squared (RLS) 
algorithm and a total least squared (TLS) algorithm. 

6. The method of claim 1, wherein the calculating of the 
filter gain includes calculating a capacity value using a 
weighted RLS algorithm based on a SOC tracking error cova 
riance and a current measurement error standard deviation. 

7. The method of claim 1, wherein the calculating of the 
filter gain includes calculating a capacity value using a TLS 
algorithm based on a recursive updating of a covariance 
matrix. 

8. The method of claim 1, wherein the calculating of the 
filter gain includes calculating a capacity value using an open 
circuit voltage (OCV) look-up. 

9. The method of claim 1, wherein 
the second estimated SOC is equal to the filter gain times 

the voltage value plus the first estimated SOC. 
10. The method of claim 1, further comprising: 
benchmarking the second estimated SOC based on at least 

one of a coulomb counting error metric, an OCV-SOC 
error metric and a predicted time-to-voltage (TTV) error 
metric. 

11. A system comprising: 
a battery; and 
a battery fuel gauge module configured to calculate an 

estimated state of charge (SOC) of the battery using a 
reduced order filter, the reduced order filter being a 
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single state filter configured to recursively calculate the 
estimated SOC based on a previously calculated SOC 
estimate. 

12. The system of claim 11, wherein the battery fuel gauge 
includes: 

a Voltage drop prediction module configured to calculate a 
voltage drop based the estimated SOC: 

a model estimation module configured to calculate at least 
one Voltage drop model parameter based on an equiva 
lent model representing the battery; and 

a tracking module configured vary the at least one Voltage 
drop model parameter to remove an instantaneous hys 
teresis. 

13. The system of claim 11, wherein the battery fuel gauge 
includes a capacity module configured to calculate a capacity 
value of the battery using a total least squared (TLS) algo 
rithm based on a recursive updating of a covariance matrix. 

14. The system of claim 11, wherein the battery fuel gauge 
includes a capacity module configured to calculate a capacity 
value of the battery using an open circuit voltage (OCV) 
look-up. 

15. The system of claim 11, wherein 
the battery fuel gauge includes a buffer configured to store 

at least one estimated SOC value, and 
the previously calculated SOC estimate is read from the 

buffer. 
16. The system of claim 11, further comprising a data store 

configured to store OCV parameters, Voltage measurement 
error standard deviations and current measurementerror stan 
dard deviations, wherein at least one voltage drop model 
parameter associated with the reduced order filter is defined 
by one of the OCV parameters, voltage measurement error 
standard deviations and current measurement error standard 
deviations. 

17. The system of claim 11, further comprising a display 
configured to display the estimated SOC. 

18. A computer readable medium including code segments 
that, when executed by a processor, cause the processor to: 

calculate an estimated state of charge (SOC) of a battery; 
store the estimated SOC in a buffer; and 
calculate an updated estimated SOC of the battery using a 

reduced order filter, the reduced order filter being a 
single state filter configured to recursively calculate the 
updated estimated SOC based on the estimated SOC. 

19. The computer readable medium of claim 18, further 
including code segments that cause the processor to: 

calculate a voltage drop based the estimated SOC: 
calculate at least one Voltage drop model parameter based 

on an equivalent model representing the battery; and 
vary the at least one Voltage drop model parameter to 

reduce an open circuit Voltage (OCV) error indicating 
hysteresis. 

20. The computer readable medium of claim 18, further 
including code segments that cause the processor to: 

calculate a filter gain based on a capacity of the battery and 
at least one Voltage drop model parameter, wherein the 
reduced order filter calculates the updated estimated 
SOC based on the filter gain and the estimated SOC. 
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