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METHOD TO ESTIMATE BATTERY HEALTH FOR MOBILE
DEVICES BASED ON RELAXING VOLTAGES

GOVERNMENT CLAUSE
[0001] This invention was made with government support under Grant No.
CNS1446117 awarded by the National Science Foundation. The Government has

certain rights in this invention.

CROSS-REFERENCE TO RELATED APPLICATIONS
[0002] This application claims the benefit of U.S. Provisional Application No.
62/486,144 filed on April 17, 2017. The entire disclosure of the above application is

incorporated herein by reference.

FIELD
[0003] The present disclosure relates to a method to estimate battery health for

mobile devices based on relaxing voltages.

BACKGROUND

[0004] Batteries, the hearts of mobile devices, have recently exhibited serious
safety and fiscal risks (e.g., the recent Samsung's Note 7 crisis) due mainly to the
continuous push for small-size, fast-charging, and high- energy/power density
batteries to meet ever-increasing p/service demands, making their holographic
monitoring and diagnosis crucial.

[0005] Sadly, we can't even answer confidently a simple question "how long will
my phone battery last?”, which means the remaining battery life (e.g., relative to the
battery warranty period) or remaining device operation time until the battery runs out
(i.e., the operation time with a single charge), thus impeding the diagnosis of
shortened device operation time and causing unexpected device shut-offs. This is
because the answer is grounded on the quantification of battery's capacity fading,
which is traditionally captured by its state-of-health (SoH) and defined as the ratio of
the battery's full charge capacity to the designed capacity. Unfortunately, mobile
devices are not equipped with the capability needed for quantifying its battery's SoH.
For example, Android only specifies battery health as good or dead, without any

quantified information. Figure 1 plots measurements for the battery SoH of four
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Android phones with a battery tester: all of these batteries are tagged as good
although their capacities are observed to have faded down by as much as 52%. i0OS
apps, such as CoconutBattery and iBackupBot, estimate battery SoH for iPhones and
MacBooks, but their estimations are known to be unreliable and fluctuating.

[0006] The non-existence of quantified battery SoH prevents the comparison of
a device's battery life against its warranty period, as users won't know whether the
shortened device operation is due to system updates and app installations, or
because of battery fading. It also introduces errors when estimating devices'
remaining power and thus shutting them off prematurely or unexpectedly, as batteries'
state-of-charge (SoC) is grounded on their SoH by definition. For example, mobile
devices have been shut off even while showing 10-30% remaining power. Apple has
recently announced a free-replacement program of iPhone 6S batteries because of
this problem, and concluded faster-than-normal SoH degradation to have caused the
problem. Last but not least, this inaccurate SoC easily leads to battery over-
charging/deep-discharging, accelerating SoH degradation and thus increasing SoC
error, thus forming a positive feedback loop between the two.

[0007] The deficiency of health information on mobile devices' batteries stems
from the non-existence of compatible methods to estimate their SoH. Most existing
SoH estimation methods require either battery parameters, determination of which is
beyond mobile devices' capability due to hardware limitation (e.g., impedance and
ultrasonic echo), or specific applicable conditions that do not always hold due to
devices' dynamic usage patterns (e.g., small current to fully charge and discharge).
Moreover, even Coulomb counting — the most widely-deployed SoH estimation
method via current integration — is not supported well on mobile devices because (i)
not all power management ICs (PMICs) of mobile devices support electric current
sensing, making Coulomb counting infeasible; and (ii) the PMIC-provided current
information is coarse and lacks real-time capability, even when available. Such
unreliable current information on mobile devices is also reported by Ampere, a current
sensing app with millions of downloads.

[0008] This section provides background information related to the present

disclosure which is not necessarily prior art.
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SUMMARY

[0009] This section provides a general summary of the disclosure, and is not a
comprehensive disclosure of its full scope or all of its features.

[0010] A method is presented for estimating state-of-health (SofH) of a
rechargeable battery powering an apparatus, such as a phone or mobile device. A set
of fingerprints is provided for a battery of a given type used by the apparatus, where
each fingerprint links a quantified SofH for the battery to a given predetermined model
for the relaxing voltage of the battery and the given predetermined model describes
relaxing voltage of the battery at two or more points over a fixed period of time while
the battery is resting. The method incudes: measuring voltage of a given battery of
the given type over the fixed period of time while the given battery is resting;
constructing a present model for the given battery from the voltage measurements;
and determining a SofH for the given battery by comparing the present model to the
set of fingerprints. The battery is preferably until the battery is fully charged and the
voltage across the given battery is measured after the given battery is fully charged.

[0011] In an example embodiment, the present model is constructed using
regression analysis. For example, the present model is constructed by fitting the
voltage measurements to an exponential function; filtering out the voltage
measurements using the exponential function; and smoothing filtered voltage
measurements with a moving average, thereby yielding the present model for the
given battery. The exponential function can be further defined as a power function.
Dimensionality of the voltage measurements can also be reduced by apply principle
component analysis.

[0012] In the example embodiment, the present model is compared to the set of
fingerprints using a regression tree.

[0013] In some instances, uninterrupted voltage measurements are difficult to
obtain due to background tasks. To address this situation, segments of time are
identified when the battery is resting, voltage measurements are extracted from the
identified segments of time, and the present model is constructed from the extracted
voltage measurements. Different battery services can be provided based on the
determined Sofh of the battery. For example, the usable capacity of the battery can
be converted to a remaining usage time using the determined SofH of the battery

which can in turn be displayed to a user of the apparatus.
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[0014] Further areas of applicability will become apparent from the description
provided herein. The description and specific examples in this summary are intended
for purposes of illustration only and are not intended to limit the scope of the present

disclosure.

DRAWINGS

[0015] The drawings described herein are for illustrative purposes only of
selected embodiments and not all possible implementations, and are not intended to
limit the scope of the present disclosure.

[0016] Figure 1 is a graph showing deficient SoH information for different
mobile devices;

[0017] Figure 2 is a diagram showing SoH for a battery;

[0018] Figures 3A-3F are graphs depicting how an insufficient sampling rate
amplifies the error in Coulomb counting;

[0019] Figure 4A is a graph showing a voltage curve during one
charging/resting/discharging cycle;

[0020] Figure 4B is a graph showing how battery SofH degrades over multiple
cycles;

[0021] Figure 4C is a graph showing how the relaxing voltage decreases during
a relaxing period,;

[0022] Figure 4D is a graph showing that the after-discharging relaxing voltages
also fingerprint battery SoH;

[0023] Figure 5 is a flowchart depicting an example method for estimating state-
of-health (SofH) of a rechargeable battery shows;

[0024] Figure 6 is a diagram depicting an example embodiment of the
estimation method:;

[0025] Figure 7 is a graph illustrating linear fitting of SoH degradation;

[0026] Figure 8 is a graph illustrating collected relaxing voltages;

[0027] Figure 9 is a graph illustrating the goodness of power fitting;

[0028] Figure 10 is a graph illustrating that different dimensions in relaxing
voltage are highly correlated;

[0029] Figures 11A-11D are confusion matrices of the regression model for

different battery types;
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[0030] Figures 12A-12F are graphs showing similarity between degradation
processes via dynamic time warping;

[0031] Figure 13 is a graph illustrating the linearity between voltage drop and
SofH;

[0032] Figures14A-14B are graphs showing how the relaxing time is affected
by starting voltage level of the battery;

[0033] Figure 15 is a graph showing how long users often charge devices
overnight;

[0034] Figure 16 is a graph showing resting voltages after overnight charging;

[0035] Figure 17 is a graph showing that temperature is stable during resting;

[0036] Figures 18A-18C are graphs showing that relaxing voltages after
charging are insensitive to discharging;

[0037] Figures 19A-19D are graphs showing that trickle charging pollutes the
collected relaxing voltages and how to extract sub-traces from the polluted traces;

[0038] Figures 20A-20F are graphs showing lab experiment results for the
proposed estimation method;

[0039] Figures 21A-21E are graphs showing field-test results for the proposed
estimation method:;

[0040] Figures 22A-22C are graphs showing state-of-charge and remaining
operation time estimation compensated by SofH estimates;

[0041] Figure 23 is a graph showing abnormal battery behavior detection;

[0042] Figure 24 is a graph showing cross-user battery comparison;

[0043] Figure 25 is a graph showing battery resistance monitoring; and

[0044] Figure 26 is a diagram of system for delivering battery services in a
mobile device.

[0045] Corresponding reference numerals indicate corresponding parts

throughout the several views of the drawings.

DETAILED DESCRIPTION
[0046] State of Health (SoH) is one of the most critical battery parameters,
quantifies battery's capacity fading, and is defined as the ratio of battery's full charge

capacity Cricharge t0 its designed levels Ciesign

Y Crulicharge . Y
SoH = —redl % 100%.

‘design
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[0047] State of Health (SoH) is one of the most critical battery parameters,
quantifies battery's capacity fading, and is defined as the ratio of battery's full charge
capacity Cricharge t0 its designed levels Caesign

~ [ 1
—

SoH = LA 100%,

Ldesign
[0048]  Crucnargs IS the foundation of SoH estimation, which is usually estimated
via Coulomb counting, i.e., integrating the current when discharging/charging the

battery between two SoC levels to calculate the discharged/charged capacity as

t(SOCZ)
AC = i(t)dt,

t(SOCI)

where ¢ is the current al time 7 This way, wa know

C . 4C
fulicharge 00, ~50C, ]

[0049] Commodily mobile devices do not support Coulomb counting well in
terms of availability, accuracy, and timeliness, thus making it difficult {o estimate
their batiery SoH.

[0050] First, not all the PMICs, or more specifically, their fuel gauge
components of mobile devices support current sensing.

[00561] Morsover, the PMIC-provided current information, even when available,
i very coarse. Commodity mobile devices estimate their current with a series-
connected resistor », measure the voltage v across the resistor, and astimate the
current as ;7 = v/r. The resistor causes the side effect of heating {L.e., i), which
must be low, thus requiring a smali r. For example, Maxim requires <0.5m i heating
overhead, indicating r < 80m{ for devices operating with 100mA current. Such a
small value, howsver, reduces the voltage across the resistor and thus degrades
current-sensing accuracy. Also, resistance is dependent on temperature which
varies, sasily causing 5-10% resistance varigtions.

[0052] Lastly, the current information may lack timeliness, which is crucial for
Coulomb counting because devices’ currents are known to be highly dynamic, i.e.,
varying from tens to thousands of milliamps in a few milliseconds. For example,
Android’s BatteryManager supports only two sampling rates: a sample every 1 minute
and every 10 minutes. Even directly accessing the PMIC-provided current information
may not achieve fine-grained current sensing, because of its low update frequency.
To illustrate the degraded Coulomb counting due to the insufficient sampling rate, a

12-minute current trace was collected from a Galaxy S5 phone with the Monsoon
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power monitor running at 5,000Hz, during which 174mAh capacity is discharged.
Then, based on this trace, Coulomb counting was implemented by emulating different
sampling rates of 1Hz, 1/30Hz, 1/60Hz, and 1/120Hz, achieving the discharged
capacity of 1715mAh, 109mAh, 98mAh, and 60mAh, respectively — insufficient
sampling rates cause up to 47% counting error (Fig. 3). Note that the error of
Coulomb counting accumulates over time.

[0063] Mobile devices’ deficiency in supporting Coulomb counting and their
limited SoH information motivated us to explore current-free SoH estimation which is
also referred to herein as V-Health estimation method.

[0054] V-Health estimation method is built on a key finding that batteries’
relaxing voltages fingerprint their SoH. This finding is demonstrated with a 2,200mAh
Galaxy S3 battery. Specifically, the battery was tested by (i) fully charging it with a
constant-current constant-voltage (CCCV) profile of <0.5C, 4.2V, 0.05C>¢.y as
commonly specified in Li-ion battery datasheet, (ii) resting it for 30 minutes, (iii) fully
discharging it at 0.5C-rate until reaching a cutoff voltage of 3.3V, at which mobile
devices normally shut off, and (iv) repeating the process for 300 cycles. This
measurement is made with the NEWARE BTS4000 battery tester, and the cycling
process (i.e., current, voltage, timestamp) is logged at 1Hz. Figure 4A plots the battery
voltage during one such charging/testing/discharging cycle, and highlights the relaxing
voltages during resting. The relaxing voltage drops instantly upon resting and then
decreases gradually until it converges.

[0065] The battery’s full charge capacity is collected (and its SoH according to
Eq. (1)) via Coulomb counting during discharging, thus recording its degradation
process during the cycling measurement, as shown in Figure 4B. Also, 300 time
series of relaxing voltages are collected, each during one of the 30-minute resting
period as seen in Figure 4C. Comparison of Figs. 4B and 4C shows that the battery
SoH degrades over the cycling measurement due to its capacity fading, while during
the same measurement, its relaxing voltage decreases, exhibiting the possibility to
fingerprint battery SoH with the relaxing voltages.

[0066] Correlation between SoH degradation and the relaxing voltages after
battery discharging is also observed, as shown in Figure 4D over a 120-cycle
measurement. Note that not all the relaxing traces are plotted for clarity. The battery is
charged with <0.5C, 4.2V, 0.05C> .\, discharged at 0.5C-rate until reaching a cutoff
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voltage of 3.5V, and rested for 30 minutes in each cycle. The battery SoH degrades
over the measurement, while at the same time the relaxing voltages increase.

[00567] V-Health estimation method exploits this voltage-SoH relationship to
estimate the SoH of device batteries by checking their relaxing voltages with an
offline-constructed fingerprint map. Figure 5 provides an overview of an example
method for estimating state-of-health (SofH) of a rechargeable battery. First, a set of
fingerprints are constructed at 51 for a battery of a given type. Each fingerprint links a
quantified SofH (e.g., 70% or 85% of the initial capacity) for the battery to a
predetermined model for the relaxing voltage of the battery. The model describes
relaxing voltage of the battery at two or more points over a fixed period of time after
the battery has been fully charged. A technique for constructing fingerprints is further
described below. In the context of a mobile device, the set of fingerprints are
determined in advance and stored in a computer memory of the mobile device for
subsequent use.

[0068] To estimate SofH, the voltage of a battery (of the same type as those
used to construct the fingerprints) is measured at 52 over the same fixed period of
time (e.g., 30 minutes) while the battery is resting. In an example embodiment, the
battery is charged to full capacity and then allowed to rest. Voltage measurements
are then taken during a resting period immediately following the charging of the
battery. It is envisioned that battery voltage may be measured during other resting
periods but preferably under that same conditions in which the fingerprints were
constructed.

[0059] From the voltage measurements, a present model for the relaxing
voltage is constructed in the same manner as was used to construct the fingerprints.
In the example embodiment, the model is constructed using regression analysis as
will be further described below. The present model is then compared at 54 to each of
the models in the set of fingerprints. In the example embodiment, the present model
is compared to the models in the set of fingerprints based on the set of decision rules
defined by a regression tree. The SofH of the battery is deemed to be the quantified
value associated with the model that most closely correlates to the present model as
indicated at 55. For example, if the present model closely correlates to the model
linked with 75% SofH, then the SofH of the battery is estimated to be 75%.

[0060] Figure 6 further describes an example embodiment for estimating

battery health based on relaxing voltages. The top portion depicts how the
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fingerprints are constructed; whereas the bottom portion depicts how an estimation is
made by a mobile device using the fingerprints.
[0061]

necessary to characterize their relationship with extensive battery cycling tests. Such

Knowledge of batteries’ SoH degradation and relaxing voltages is

tests are readily available for smartphone OEMs, such as Samsung and
[0062]

researchers/engineers. Therefore, extensive battery cycling measurements were

Apple when testing their products, but are not available for non-OEM

conducted with 13 batteries used for various mobile devices as summarized in Table 3
(including the one shown in Fig. 4); the measurements consist of 7,462 cycles in total

and last over 44 months cumulatively.

Table 3
Battery Rated Total # Total # Per-Cycle
Capacity | of Tests | of Cycles Profile
Nexus 6P x 1 3,450mAh 4 700 <0.5C, 4.35V, 0.05C>.,; 30min rest; 0.5C DChg to 3.3V
Nexus 5X x 2 2,700mAh 2 519 <0.5C, 4.35V, 0.05C>.,; 30min rest; 0.5C DChg to 3.3V
Nexus S x 1 1,500mAh 3 150 <0.5C, 4.20V, 0.05C>.,; 30min rest; 0.5C DChg to 3.2V
Xperia Z5 x 1 2,900mAh 4 400 <0.5C, 4.20V, 0.05C>.,; 30min rest; 0.5C DChg to 3.2V
iPhone 6 Plus x 1 2,900mAh 2 100 <0.5C, 4.35V, 0.05C>.,; 30min rest; 0.5C DChg to 3.3V
Galaxy Note 2 x1 | 3,1800mAh 5 350 <0.5C, 4.20V, 0.05C>.,; 30min rest; 0.5C DChg to 3.2V
Galaxy S5 x 1 2,800mAh 3 417 <0.5C, 4.35V, 0.05C>.,; 30min rest; 0.5C DChg to 3.3V
Galaxy S4 x 1 2,600mAh 6 634 <0.5C, 4.20V, 0.05C>,; 30min rest; 0.5C DChg to 3.0 V
Galaxy S3 x 4 2,200mAh 12 3,612 <0.5C, 4.20V, 0.05C>,; 30min rest; 0.5C DChg to 3.3V
- 4 580 <0.25C, 4.20V, 0.05C>.,; 30min rest; 0.5C DChg to
3.3V

In these measurements, the settings of <0.5C, 4.2V, 0.05C> ..y and Veyorr = 3.0V are
commonly used to specify battery properties in industry during battery testing, and
Vinax = 4.35V and Viyeopy Of 3.2-2.2V specify more device characteristics: mobile
devices are normally charged to a maximum voltage of 4.3-4.4) and shut off when
their battery voltage reduces to 3.2-3.3V.

[0063]
capture the complete battery degradation (from 100% to 0% SoH), they are good

Even though these measurements over 44 months may not suffice to

enough to identify the voltage-SoH relationship within the SoH range users experience
most (e.g., users rarely switch to new batteries until the old ones degrade to 0% SoH).
Moreover, the thus-identified voltage-SoH relationship can be extended to the SoH

ranges not covered by these measurements.
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[0064] For the construction of fingerprints, twelve such measurements based
on 4 Galaxy S3 batteries are used to elaborate on the construction of a voltage-based
SoH fingerprint map. Each of these 12 measurements consists of =300
charging/resting/discharging cycles, logged at 1Hz. In this way, 12 SoH-degradation
traces were collected, each from one measurement, and also recorded 3,612 time
series of relaxing voltages, each from the resting period within a cycle. The same
approach of fingerprint map construction is applied to all the batteries in Table 3 and
evaluated as will be explain later in this disclosure.

[0065] Variance/noise exists in both the SoH degradation and relaxing voltages
{as cbserved in Fig. 4), which is likely due (o battery dynamics, especiaily when
considering the stable laboratory environment {L.e., with an UPS connected and room
temperature control) and the battery tester's high accuracy {L.e., less than 0.5% error
in controlling the cycling processes). Such a variance in battery measurements has
aiso been reported, necassitating pre-processing {i.e., filtering and smoothing) of data
before constructing the fingerprint map. in the example embodiment, the coliecied
data was filtered and smoothad using two empirically established models for the SoH
degradation and relaxing voltages.

[0066] The battery health is shown (o degrade approximately linearly (as
observed in Fig. 48) until i really becomes bad. To further validate this linear
degradation, a linear fit was applied o the 12 collected SoH degradation processes,
and all of them have an excellent goodness-of-fit in terms of root-mean-square error
(RMSE) and R-Squared, as shown in Fig. 8 where sach point represents the
goodness-of-fit for a particular SoH degradation process. Qutlier SoH samples can be
removed based on this linear model — those SoH samples devialing too much from
the linear fitting {e.g., »0.5% SoH) are tagged as outliers and removed. Remaining
samples are then smoothad with a moving average

[0067] Against this backdrop, an example approach for constructing s present
model from a set of voltage measuremeants is describad. In an example embodiment,
the V-Health estimation method first fits the voltage measures (o an exponential
function. Specifically, this approach filters and smooths the relaxing voltages based
on another empirical observation that the relaxing voltages conform to a power
function. Referring to Figure 8, the power function is defined as v(t) = a-t? +c (t >
0), where t is the time since resting and a, b, and c are coefficient whose values are

derived from the fitting. To illustrate, the power function is applied to the 3,612

10
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collected relaxing voltage traces to statistically verify this observation. Figure 9
summarizes the goodness-of-fit — the fitting RMSE is bounded below 0.0009 and the
R-Squared above 0.965, showing excellent fitting accuracy. Note that this power
model differs from existing models with exponential-shape relaxing voltages. Figure 9
also plots the goodness-of-fit when fitting the same set of relaxing voltages as 1-term
and 2-term exponential functions, i.e., v(t) = a-e'? (t > 0)and v(t) = a e’ +c-
et (t > 0), showing reasonably good accuracy, but not as good as the power fitting.
Thus, other types of functions may be used to fit the voltage measures.

[0068] V-Health estimation method filters the relaxing voltages with this power
maodei, ©.¢., tagging the relaxing voltage traces with the bottom 5% goodness-of-fit as
outliers and discarding thess measuras. A moving average smogther is then used
again io smooth the remaining vahd relaxing voltage traces although other smoothing
techniques are contemplated by this disclosure. In some embodiments, ths ramaining
voltage measures serve as the present model for the battery.

[0069] Note that if an SoH sample is tagged as an outlier, so is the relaxing
voltage in the same cycle, and vice versa. Also, V-Health estimation method only
filters out the outliers based on these empirical models, instead of using the mode!
fitting results to construct the fingerprint map, thus alleviating its dependency on
madel accuracy. As an example, 268 SoH samples and relaxing voltage traces are
salacted after the data pre-processing from the 300-cycie measurement shown in
Figure 4. Other technigues for filtering and smoothing the voltage measures also fall
within the broader aspects of this disclosure.

[0070] Each of the collected relaxing voltages covers a 30-minute resting period
logged at 1Hz, vielding 30 x 60 = 1,800 dimensions ¢f data. Also, the voltage values in
gach of these dimensions are corrglated. Figure 10 plots the correlations betwesn
gach pair of the 1,800 dimensions of the 268 relaxing voltages selected from Fig. 4,
where strong correlations (with correlation coefficients =0.8 or higher) are observed in
most cases. in the example embodiment, dimensions are reduced by applving
principal component analysis (PCA). Such highly-correlated, high-dimension relaxing
voltages justify V-Health estimation method's use of PCA for reduction of dimensions,
lowering the computational effort in constructing the fingerprint map. Again, taking the
measuremants in Fig. 4 as an example, appiving PCA reduces the relaxing voltage
dimensions from 1,800 to 35 with a variance of 98%. These resulting voltage

measurements in turn serve as the present mode or the fingerprint. In some

11
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embodiments, it is understood that other reduction methods may be applied or that
dimension reduction may be omitted.

[0071] In the example embodiment, the V-Health estimation method uses a
regression free to construct the fingerprint map, with the above-obtained principal
components as predictors and the corresponding SoH as response. Figure 11 plots
the confusion matrices when validating the constructed regression model for each
battery, showing over 95% classification accuracy when forming 5 SoH categories
with 4% step-size. Noie that this 4% step-size s only for visual clarity, and a more
fine-grained stap-size of 0.1% SoH s used for the evaluation of V-Health estimation
method laler in this disclosure. While the regression tree is used for its simplicity and
high interpretability, other comparison methods, such as SVM, KNN, and their
varigtions, also are contemplated by this disclosure. Moreover, other modeling
tachniques also fall within the scope of this disclosure as well,

[0072] The constructed fingerprint map has {0 be applicable for all same-modsl
batteries, which can be verified with the following two statistical observations. First,
the SoH degradation of the four balteries used in the measurements are highly

correlated, as shown in Table 4 below.

Table 4
Battery #1 #2 #3 #4
#1 i 0,989 0.981 {.980
#2 0.988 1 0.088 0.080
#3 0.981 0.088 1 0.984
#4 {1.930 0.880 0.684 i

Second, one can evaluate the similarity betweean the SoH degradation procsesses of
the four batterias via dynamic time warping, and the rasultant warping paths are close
{0 the diagonal of the degradation matrix for sach battery pair, exhibiting strong
similarity. These mnsights support V-Health estimation method's generality of training
the fingerprint map with one {or more) battery and its application (o other same-model
batteries. The cross-battery estimation accuracy is evaluated later in this disclosurs,
[0073] Ideally, V-Health estimation method is {0 be provided by OEMs because
of their accessibility (o baltery cycling datassts, e.g., covering a complets battery SoH
range. In case a limited dataset is available, it can be extrapolated based on the
linearity between voltage drop during resting and battery SoH. Again, the cycling

measuremeants in Fig. 4 are used {0 show this observation. Figure 15 plots the voitage
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drop after the batiery is resied for 10, 20 and 30 minuies during the resting period of
gach cycle, together with the corresponding battery SoH during that cycle. One can
see clear linearity in all three iraces of dropped voltages, with RMSE in the order of 10
atter linear fitling. This observation enables one 1o identify the linear coefficients
based on the available cycling datasst, generate relaxing voltages that correspond {0
uncoversed SoH, and eventually construct the complete voltage fingerprint map.

[0074] Collecting relaxing voltages on mobile devices is described further. The
relaxing voltages are not always collectable on mobile devices for the following
reasons. First, the relaxing voltage requires batteries to be idle (i.e., during the 30-
minute resting period in the cycling measurements). Mobile devices, however,
discharge their batteries with continuous and dynamic currents even in idle mode, due
to device monitoring and background activities. Also, battery voltage is temperature-
dependent, so a stable thermal environment is required to collect the relaxing
voltages. This is challenging due to the well-publicized device overheating problem.
Last but not the least, the relaxing voltage is affected by its starting voltage. Figure 14
compares the relaxing voltage when resting the battery at different voltages within
[3.6, 4.2] V, showing a clear dependency between the relaxing voltage and its starting
voltage level. Such dependency requires a unified starting voltage for the collection of
relaxing voltages.

[0075] V-Health estimation method mitigates these challenges based on the
fact that users often charge their devices over-night — the charging duration is so long
that the charger is kept connected even after the device is fully charged. Figure 15
plots the charging time (i.e., the time from the charger's connection to disconnection)
distribution of 976 charging cases collected from 7 users over 1-3 months, showing
34% of them lasted over 6 hours and are long enough to keep the charger connected
after the device was fully charged, due to the common over-night charging. In the
example embodiment, V-Health estimation method starts to collect the relaxing
voltage once the battery reaches 100% SoC during over-night charging, and stops it
when the charger is disconnected. This collection of relaxing voltages mitigates all the
above-mentioned challenges.

[0076] First, overnight device charging rests its battery. Commodity chargers
use separate power paths to charge the battery and power the device, resting the
battery if the charger is kept connected even after the battery reaches 100% SoC, as

in overnight charging. Figure 16 shows such rested batteries, where the chargers are
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kept connected after fully charging a Nexus 6P and a Nexus 5X phone, and their
battery voltage and current are recorded — the current reduces to, and stays at OmA
after fully charging the battery and thus resting the battery; the battery voltage first
instantly and then gradually drops, agreeing with Fig. 4. Second, overnight charging
provides the battery a relatively stable thermal environment. Most mobile devices
charge their batteries with CCCV, during which the CV-Chg phase takes long at a low
charging rate, thus not heating the battery much and allowing for its equilibration. This
way, the battery operates in a stable thermal environment during the resting period
after the CV-Chg phase completes (and thus, the battery is fully charged). To verify
this, one can monitor the battery temperature of Galaxy S6 Edge and Nexus 5X
phones during an 8-day real-life usage. Figure 17 compares the temperature dis-
tribution during the resting periods after fully charging them with that under normal
usage, showing reduced thermal variations, e.g., the temperature range of the Nexus
5X battery is narrowed from 25-50°C in normal case to 29-39°C when resting. Finally,
collecting relaxing voltages after the battery is fully charged unifies the starting voltage
at the fully charged level, e.g., 4.37V for Galaxy S6 Edge.

[0077] One must alse consider if a device's usage pattern {i.e., how its baitery
is discharged) affects its after-charging relaxing voliages. To this end, one dischargs,
charge, and then rest a Galaxy 84 baltery for (i) © cyclas with different discharging
currents within mA {Fig. 184), and (i) another 5 cycles with a different cutoff voliage
within V {Fig. 188B). The thus-coliscted 6 + 5 = 11 relaxing voltage traces during each
resting pericd are plotted in Fig. 18C. These relaxing voltages are very close to sach
other (2.¢., In comparison with Fig. 12}, exhibiting theilr nsensitivity to previous
discharging and thus reliability. Again, this is because the charging, especially CV-
Chg, of the battery masks the disturbance caused by their previous discharging from
the resting period after being fully charged.

[0078] Certain mobile devices {(e.g., Galaxy 86 Edge, Galaxy &4, efc ) use
trickle charging — charging a fully charged battery under no-ioad at a rate equal to
its sslf-discharge rate — 10 keep their battery at 100% SoC, which invalidates the
battery resiing and thus pollutes the collecied relaxing voltages. Specifically, these
devices trigger trickle charge once the voltage of a fuily-charged batlery has dropped
for a pre-defined value, &.g., 20mV for Galaxky 56 Edgs and 40mV for Galaxy $4,
and stop the trickle charging after the batiery is fully charged again. Figure 18A

plots the voltage of a Galaxy 54 phone during an over-night charging, during which
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trickle charging is triggered 7 times afler the phone is fully charged, as shown in
Figure 19B. The duration between two consecutive trickle chargings increases
because the battery OCV approaches the fully-charged level

[0079] Trickle charging prevents battery from resting and thus pollutes the
relaxing voltages. V-Health estimation method exiracts relaxing sub-traces from the
poliuted trace with a simple observation that a sudden increase/drop of battery
voltage indicates the triggering/stopping of trickle charging. Specifically, V-Health
gstimation method calculates the IHag delta voilage after the device is fully charged
(Fig. 19C), and passeas it through a low-pass filter (Fig. 18D). This way, V-Heaith
astimation method extracts the relaxing sub-traces by locating the peaks and valleys
in the trace. Power fitting is then applied o thus-extracted sub-traces, which are
concluded o be valid i the goodness-of-fit is acceptable.

[0080] The sub-traces, however, may not be long enough 1o form a fingerprint.
To remedy this problem, V-Health estimation method uses the sub-traces to
determine the constants of the power function. The power function can then be used
{0 predict the entire voltage trace without interruptions. The predicied traces can
then be used to determine SofH in the manner set forth above.

[0081] RNultiple relaxing sub-traces are likely 1o be collected and recoveared
during a single over-night charging (as in Fig. 19), and thus multiple SoH estimations
may be made. V-Health sstimation method uses the average of such estimations as
the raw battery SoH. Also, there may be fluctuations among the raw SoH obtained
from different over-night chargings. V-Health estimation method further uses afirst-
order smoaothar {i.e., estimating the currant SoH by linear fitling current and previous
raw SoH estimations) to mitigate such fluctuations, and reports the smoothed result
as the final battery SoH to users. Such miigation of fluctuations is also used in the
SoC estimation of mobile devices.

[0082] First, ¥-Heaith estimation method is evaluated based on the
measurements summarized in Table 3. Relaxing voltages covering a 30-minuies
resting period are usad as the fingerprint unless speacified otherwise. For
comparison, a base-line method, V-Drop, was implementad which is grounded on
the assumption that the voliage drop afler S-minute relaxation is linear in battery
SoH. This is an improved version of method described by L. Casals, et al in "Phav
battery aging study using voltage recovery and internal resistance from onboard

data” IEEE Transactions on Vehicular Technology {(June 2016) by tuning it {o the
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after-charging relaxation scenario instead of the original after-discharging case, thus
ramoving is additional assumption that the relaxing voltage is collected at the same
SoC after discharging the battery in similar patterns.

[0083] First V-Health estimation method is evaluated based on the dataset
collected with each of the balteries, whose resulls are summarized in Fig. 20A, in
terms of the 5th and 85th percentiles of estimation errors {in absolute value} and
thelr mean. V-Health astimation method estimates battery SoH with <1% mean error,
and most of them are bounded by 0.5%, cuiperforming V-Drop in all the explored
cases. More importantly, V-Health estimation method significantly reduces the
variance in estimation error and thus is much more reliable when compared to V-
Drop; actually, the worst-case estimation error with V-Dirop reaches over 70% of
absolute SoH value. Such reliability is achisved by V-Health estimation method's
exploitation of a time series of relaxing volt-ages as the fingerprint, which 18 much
more robust against the variance/noise in the measurements, than V-Dirop that relies
on a single voltage reading for SoH estimation.

[0084] V-Heaith estimation method is also evaluated by training the fingarprint
map with a battery and validate its accuracy with the traces collected with other
same-model batleries, L.e., cross-battery validation. This is the reallife analogy of
estimating batlery SoH of local devices based on an offline-trained fingerprint map.
Figure 208 plots the validation results with four Galaxy 53 and two Nexus 5X
batteries, the symbol x/y denotes training with battery-x and validating with battery-y.
The estimation error, albeit larger than the same-battery evaluation, is still bounded by
2% in most cases.

[0085] Users may charge their devices with different chargers from day o day,
e.g., using USBE or DC chargers. Next, cross-profile evaluations are used to verify if V-
Health estimation method is {olerable in such helerogensous charger cases, with the
four Galaxy 83 batteries as shown in Fig. 20C. Specifically, V-Health estimation
method is trained with the dataset collected when charging with <050, 420V,
0.05C>000, and validating its accuracy with the dataset collected when charging with
<0.25C, 4.20V, 0.050C> sy, L8, with a constant charging current of 2200 x 0.25 =
550mA, approximately same as when charging with standard downstream USE 2.0
ports. Comparison of Figs. 208 and 200 shows no clear evidence of degraded SoH
gstimation due to different charging profiles — although a few cases resulling in =3%

gstimation error, the arrors in most cases are comparable to Fig. 20B and some are
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aven smailer, verifying V-Health estimation method's robustness against charger
heterogensity.

[0086] V-Health estimation method's reliability can be improved further by train-
ing It with multiple batteries. Figure 20D plots the SoH estimation error when training
V-Heaalth estimation method with three of four Galaxy $3 batieries and using the fourth
one for validation, and compares it with cases of single-baltery training. The results
show that training with multiple batteries reduces the variance in SoH estimation and
thus improves V-Health estimation method's reliability, at the cost of slightly increased
error as compared 1o the best casa achieved with single-battery training. Note that
such best cases, however, are rather random in terms of the battery used for training,
as shown in Fig. 20D,

[0087] The impact of relaxing time duration and the voliage sampling rates on
V-Haalth estimation method's accuracy in SoH estimation was explored as shown in
Figures 20k and 20F, respectively. The rasults show the relaxing time need not be
very tong, e.¢., the estimation error converges with ~10-minute relaxation, but the 5-
minule reiaxation in is not enough. Also, V-Health estimation method prefers higher
sampling rates for fine-grained relaxing voliages.

[0088] V-Health estimalion method was also implemented on multiple Android
phones, including Galaxy S5, Galaxy 54, Galaxy Note 2, Nexus 6P, and Nexus 35X,
and evaluated over 20-77 days. Thase devices are discharged with various
combinations of Youtube, flashiight, and an Android App called BatteryDrainer, at an
adaptive screen brightnass, o a random 50C in the range of 0-70%. The devices are
then charged for 6-10 hours during which the relaxing voltages are collected by
sampling the system file /sys/class/power_supply/ battery/vollage now. Additional
batteries are used for each device moduie to train their respeclive fingerprint maps,
covering SoH range of 65-87%. The dropped voitages upon resting are used as the
fingerprint to remove its dependency on the specific values of fully-charged voltage.
The ground truth of the battery SoH of Galaxy 85, Galaxy 34, and Galaxy Note 2 ars
coliected by removing the ballery from the phones and fully charging/discharging them
with the battery tester, with the same profile as the case of training their respective
fingerprint maps. The SoH ground fruth of Nexus 6P and Nexus 5X, whose batleries
are not removable, is collected vis Coulomb counting based on their current log during

discharging, locatad at /sys/class/power_supply/battery/ current_now. Although the
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thus-estimated ground truth may not be perfectly accurate due to the limitation of
current sensing, this is the best estimation one can get as non-0EM researchers.

[0089] Figure 21A summarizes the estimated battery SoH with Galaxy §5 from
22/09/2016 to 04/12/2016, {ogether with the three ground truth SoHs measured on
19/09/2016, 191172018 and 28/11/2018, showing ~4 errors in SoH estimation.
Also, as siated above, users may chargse their devices with different chargers. To
cover such cases, we charged the phone with different chargers during the eval-
uation, namely, 1A USE (22/089/2016 - 11/11/2018), 2A USB (11/11/2016 -
17/11/2018), and its associated DO charger (18/11/2016 - 04/12/2018). No clear
dependency on SoH estimation accuracy and the charger selection is observed,
demonstrating V-Health estimation method's robustness against helerogeneous
chargers. Finally, the first-order smoother reduces the variance and thus the
fluctuations of SoH reported to users, as comparead {0 the raw sstimations.

[0090] The evaluation results with Galaxy 84 and Note 2 phones are plotted in
Figs. 218 and 210, showing 2-3.5% estimation error. Note that the batiery SoH for
Note 2 degrades by =1 5% during a 21-day experiment, which is quicker than others,
One potential explanation is that the phone has been in storage for about © months
before these experiments, and thus requires the batlery 10 be cycled a few times
before reaching its equilibration, during which its performance changes much faster.

[0091] Figures 210 and 21k plot the svaluation resulls with Nexus 6P and
Nexus 58X, showing =~5% error in SoH estimation. This relgtively large error couid be
due partially, besides the inaccurate PMIC-provided current information, (o battery's
rate-capacity effect — batteries deliver more capacity when discharged with less
currents. The two phones have an average discharge current of =300mA when
collecting their SoH ground fruth, much lass than the 0.5C discharge rate (i.e.,
1,725mA for Nexus 6F and 1,350mA for Nexus 5X) used in training the fingerprint
maps, thus leading {0 the over-astimation of the batteries’ full charge capacity and
their SoH. Note that the first-order smoocther needs at lsast 3 samples, causing the

initial fluctuation in the smouathed SoH in Fig. 21D,

Table &
Device S5 S4 Note 2 5X 6P
Results (ave.) 52.5% >400% 47.3% <-1,000% >900%
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Phones’ battery SoH were also estimated with V-Drop based on the same set of
coliected relaxing voltageas, as summarized in Table &, Note that the required vollage
drop with S-minute relaxation may not be available due to trickle charging, i which
case we use power fitting to predict such S-minutewelaxation voltage and then use i
to estimate SoH. The SoH estimated by V-Drop has much larger error than V-Health
astimation method, and even exceed 100% or below 0% in many cases, indicating is
unraeliability on phones.

[0092] Figure 26 ilustrates a system for delivering battery services in a mobile
davice, such as a phone. The mobile device includes a rechargeable battery 281, a
measurament circuit 262 and one or more controllers 263, The measurament circuit
262 is configured to measurg the voltage of the battery 261 and/or cells which
comprise the battery. In an exemplary embodiment, the controller 263 is implemented
as a microcontroller. It should be understood that the logic for the control of the
controller can be implemented in hardware logic, software logic, or a combination of
hardware and software logic. In this regard, controller can be or can include any of a
digital signal processor (DSP), microprocessor, microcontroller, or other
programmable device which are programmed with software implementing the above
described methods. It should be understood that alternatively the controller is or
includes other logic devices, such as a Field Programmable Gate Array (FPGA), a
complex programmable logic device (CPLD), or application specific integrated circuit
(ASIC). When it is stated that controller performs a function or is configured to
perform a function, it should be understood that controller is configured to do so with
appropriate logic (such as in software, logic devices, or a combination thereof). it is
aiso understood that only the relevant components of the system are discussed in
relation to Figure 26, but that other components are neaded to controf and manage
the overall operation of the mobile device.

[0093] A hesalth estimator is implementad by the controller 263, The healih
astimator 264 is configurad {o receive voltage measurements for the battery and
astimata the state-of-haalth (SofH) of the battary in the manner described above. A
set of fingerprinis for a battery of the same type are derived and stored in a memory
davice 265 of the maobile device. A SofH estimate for the battery is output by the
health estimator 264 and made available to other battery services 267 supported by
the mobile device. In one example, the SofH is used (o determine remaining usage

time of the battery. To iliusirate, 8 Nexus 5X phone is equipped with a battery having
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a fully charged usable capacilty of 2770mah. The usable capacity can be adjusted
using the SofH. For a SofH of 80%, the fully charged usable capacity is 2216mAh
(e, 2770 * 80%), whereas, for a SofH of 80%, the fully charged usable capacity is
1862mAh (e, 2770 * 60%). Assuming discharge rate of 1 amp, the adiusted
capacity of the battery can be converted {0 a remaining usags time. For the fully
charged battery with 80% SofH, the remaining usage tims is 2.2 hours. The
ramaining usage times can also be computed if the battery 18 less than fully charged.
For battery with 80% SofH and 50% state of charge, the remaining usage time i8 1.1
hours {Le., 2216 mARh *50% / 1000mA = 1.1 hours). The remaining usage time for the
battery can then be displayed on a display of the mobile device.

[0094] in ancther example, a function being executed on the mobile device can
be modified basad on the SofH of the battery. Once the SofH of the batiery drops
below a predefined threshold, select background processes running on the mobile
device can be disabled and/or terminated. The SofH can also be used to more
accurately compute remaining usage time. Similarly, once the remaining usage time
of the battery drops below a predefined threshold, select background processes
running on the mobile device can be disabled and/or terminated. Other examples of
other battery services which can utilize the SofH of the baltery are described below.

[0095] V-Health estimation method also enables four novel use-cases that
improve user experience from different perspectives. Besides answering the
guestion “how iong will my phone battery last?” with the interpretation of battery
Hfetime, V-Health estimation method also addresses this question in the remaining
device operation time, by facilitating the SoH-compensated SoC estimation and thus
the accurate estimation on phones’ remaining power supply. Fig. 224 plots the vollage
and current when running a fully-charged Xperia £ phone with the BatteryDrainer until
shutting off, delivering 2,117mAh capacity in fotal and thus indicating an SoH of 2,
11712, 330 = 90.9%. Fig. 228 plots the baltery SoC shown to the user during the same
discharge process — tha phone shuts off with =10% remaining SoC. Alse plotied in
Fig. 22B is the battery SoC compensated with the captured SoH degradation, e.g., by
V-Health estimation method, which provides users more accurate SoC estimation and
thus alleviating shutting the phone off unexpectedly. Fig. 22C plots the thus-estimated
remaining operation time basead on the same approach used in TI's impeadance Track
— the phone shuts off when thinking it can operate 20 minutes longer due to batiery

degradation, which can be reliably mitigated with the SoH-compensated SoC
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astimation, enabled by V-Health estimation method. The battery SoH monitoring,
anabled by V-Haalth estimation method, also allows to detect battery's abnormal
behavior. This is shown with the example of detecting the loose connection betweaen
battery and the device, an issue found on devices such as Lumia 820, iPhone 5, and
Note 4. Such loose connection increases the connecling resistance and thus device
heating, pronouncing the risks of thermal runaway and even battery explosion i not
detectad in time. The increassed connecting resistance reduces ballery's usable ca-
pacity; in V-Health estimation method, this is observed as an unusual SoH drop and
thus detectable.

[0096] Chargefrestidischarge a Galaxy 55 battery for 10 cycles {o validate this:
the battery is firmly connected to the tester in the first 5 cycles; inthe last 5 cycles, a
100m 2 resistor is inserted between the batiery and the tester o emulate their loose
connection. Figure 23 plots the batlery SoH reported by V-Health estimation method
during these 10 cycles. A clear SoH drop is observed when switching from the firm-to
loose-connection setlings, validating its detectability of V-Heaalth estimation method.
Lipon detecting an unusual SofH drop, protective measures can be taken by the
maobile device, including but not limitad to notifying the operator, disconnecting the
baitery and/or disabling the device.

[0097] Ancther use-case enabled by V-Health astimation method & the cross-
user comparison among batieries of same-mode! devices, as illustrated in Fig. 24
based on 82 Li-ion batteries used in our laboratory. Such comparison not only allows
users to locate their batteries' strength among others, but also faciiitates
characterization ¢f battery-friendiy/harmful usage patterns, when coupled with energy
diagnosis services that monitor devices' daily usage, e.g., Carat.

[0098] Batteries' internal resisiance increases as they age, reducing their
usable capacity and pronouncing device heating. Baltery resistance s traditionally
estimated based on the voltage change when the current swilches between two stable
levels, Le, v = dV /dl. The requirements on stable current is to eliminate the influence
of dynamic current on voltage response, which, however, does not hold on mobile
davices in most cases. V-Heaalth estimation method, by coliecting the relaxing voltage
— the current before the relaxation changes gradually and is small {i.e., during CV-
Chg) and no current is applied to the battery after entering relaxation, allows for
gstimation of battery resistance as a by-product. Figure 25 piots the estimated

resistance of a Galaxy 53 battery based on dV/dl after 1s relaxation, according to the
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relaxing voltages collected in Fig. 4. The batltery resistance increasss from 58mad to
83m2 during the measurements, agresing with the 88mQ2 ground truth measured
with a BVIR battery resistance tester after these measurements. This resistance
information halps users/OEMs diagnose their davice batleries from another angla.

[0099] in this disclosure, low-cost user-level battery SoH estimation service is
presented for maobile devices based solely on their voltage, and thus is deployable on
ail commodity mobile devices. V-Health estimation method is inspired by our empirical
finding that the relaxing battery voltage fingerprints its SoH, and is steered by 45
battery measurements, consisting of 7,482 charging/resting/discharging cyclas in total
and lasting over 44 months cumulatively. Four novel use-cases are also enabled by V-
Haalth estimation method, improving mobile users’ experiance in Sol estimation,
abnormal behavior detection, cross-user comparison, and resistance monitoring.

[00100] Unless specifically stated otherwise as apparent from the above
discussion, it is appreciated that throughout the description, discussions utilizing terms
such as "processing" or "computing" or "calculating" or "determining" or "displaying" or
the like, refer to the action and processes of a computer system, or similar electronic
computing device, that manipulates and transforms data represented as physical
(electronic) quantities within the computer system memories or registers or other such
information storage, transmission or display devices.

[00101] Certain aspects of the described techniques include process steps and
instructions described herein in the form of an algorithm. It should be noted that the
described process steps and instructions could be embodied in software, firmware or
hardware, and when embodied in software, could be downloaded to reside on and be
operated from different platforms used by real time network operating systems.

[00102] The present disclosure also relates to an apparatus for performing the
operations herein. This apparatus may be specially constructed for the required
purposes, or it may comprise a general-purpose computer selectively activated or
reconfigured by a computer program stored on a computer readable medium that can
be accessed by the computer. Such a computer program may be stored in a tangible
computer readable storage medium, such as, but is not limited to, any type of disk
including floppy disks, optical disks, CD-ROMs, magnetic-optical disks, read-only
memories (ROMs), random access memories (RAMs), EPROMs, EEPROMs,
magnetic or optical cards, application specific integrated circuits (ASICs), or any type

of media suitable for storing electronic instructions, and each coupled to a computer
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system bus. Furthermore, the computers referred to in the specification may include a
single processor or may be architectures employing multiple processor designs for
increased computing capability.

[00103] The algorithms and operations presented herein are not inherently
related to any particular computer or other apparatus. Various general-purpose
systems may also be used with programs in accordance with the teachings herein, or
it may prove convenient to construct more specialized apparatuses to perform the
required method steps. The required structure for a variety of these systems will be
apparent to those of skill in the art, along with equivalent variations. In addition, the
present disclosure is not described with reference to any particular programming
language. It is appreciated that a variety of programming languages may be used to
implement the teachings of the present disclosure as described herein.

[00104] The foregoing description of the embodiments has been provided for
purposes of illustration and description. It is not intended to be exhaustive or to limit
the disclosure. Individual elements or features of a particular embodiment are
generally not limited to that particular embodiment, but, where applicable, are
interchangeable and can be used in a selected embodiment, even if not specifically
shown or described. The same may also be varied in many ways. Such variations are
not to be regarded as a departure from the disclosure, and all such modifications are

intended to be included within the scope of the disclosure.
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CLAIMS
What is claimed is:
1. A method for estimating state-of-health (SofH) of a rechargeable battery
powering an apparatus, comprising:
providing a set of fingerprints for a battery of a given type, where each
fingerprint links a quantified SofH for the battery to a given predetermined model
for the relaxing voltage of the battery and the given predetermined model
describes relaxing voltage of the battery at two or more points over a fixed period
of time while the battery is resting;
measuring, by a circuit in the apparatus, voltage of a given battery of the
given type over the fixed period of time while the given battery is resting, where the
given battery is configured to power the apparatus;
constructing, by a processor in the apparatus, a present model for the given
battery from the voltage measurements; and
determining a SofH for the given battery by comparing the present model to

the set of fingerprints.

2. The method of claim 1 further comprises charging the given battery until the
given battery is fully charged and measuring voltage across the given battery after the

given battery is fully charged.

3. The method of claim 1 further comprises constructing the present model

using regression analysis.

4. The method of claim 1 wherein constructing the present model further
comprises
fitting the voltage measurements to an exponential function;
filtering out the voltage measurements using the exponential function; and
smoothing filtered voltage measurements with a moving average, thereby

yielding the present model for the given battery.

. The method of claim 4 wherein the exponential function is further defined as

a power function as follows
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vi)=a*t+c

where t is time since start of resting.

6. The method of claim 4 further comprises reducing dimensionality of the voltage

measurements by apply principle component analysis.

7. The method of claim 1 further comprises comparing the present model to the

set of fingerprints using a regression tree.

8. The method of claim 1 further comprises identifying segments of time when the
battery is resting, extracting voltage measurements from the identified segments of

time, and constructing the present model from the extracted voltage measurements.

9. The method of claim 1 further comprises adjusting usable capacity of the
given battery using the determined SofH of the given battery; converting the adjusted
capacity of the given battery to a remaining usage time for the given battery; and

displaying the remaining usage time of the given battery on a display of the apparatus.

10. A method for estimating state-of-health (SofH) of a rechargeable battery in a
mobile device, comprising:

storing a set of fingerprints for a battery of a given type in a memory of the
mobile device, where each fingerprint links a quantified SofH for the battery to a
given predetermined model for the relaxing voltage of the battery and the given
predetermined model describes relaxing voltage of the battery at two or more
points over a fixed period of time while the battery is resting;

measuring voltage of a given battery of the given type using a measuring
circuit in the mobile device, thereby yield a set of voltage measurements are made
over the fixed period of time while the given battery is resting;

constructing, by a processor in the mobile, a present model for the given
battery from the set of voltage measurements using a power function;

determining, by the processor, a SofH for the given battery by comparing
the present model to the set of fingerprints; and

modifying, by the processor, a function being executed on the mobile device

based on the SofH of the given battery.
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11. The method of claim 10 further comprises charging the given battery until the
given battery is fully charged and measuring voltage across the given battery after the

given battery is fully charged.

12. The method of claim 10 further comprises constructing the present model

using regression analysis.

13. The method of claim 10 wherein constructing the present model further
comprises
fitting the set of voltage measurements to the power function;
filtering out measurements from the set of voltage measurements using the
power function; and
smoothing filtered measurements in the set of voltage measurements with a

moving average, thereby yielding the present model for the given battery.

14. The method of claim 13 wherein the power function is further defined as
vi)=a*t+c

where t is time since start of resting.

15. The method of claim 13 further comprises reducing dimensionality of the
filtered measurements in the set of voltage measurements by apply principle

component analysis.

16. The method of claim 10 further comprises comparing the present model to the

set of fingerprints using a regression tree.

17. The method of claim 10 further comprises identifying segments of time when
the battery is resting, extracting voltage measurements from the identified segments

of time, and constructing the present model from the extracted voltage measurements.

18. The method of claim 10 further comprises adjusting usable capacity of the
given battery using the determined SofH of the given battery; converting the adjusted
capacity of the given battery to a remaining usage time for the given battery; and

displaying the remaining usage time of the given battery on a display of the apparatus.
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