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ABSTRACT
A neural network for estimating battery health predicts when a battery or system of
interconnected batteries may reach the end of its useful life, based on battery data obtained
from a battery monitor. An output device outputs a health indicator of the battery. In
embodiments, the system includes a first neural network and a second neural network. An
output of the first neural network may be an input to the second neural network, and vice

versa.
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NEURAL NETWORK FOR ESTIMATING BATTERY HEALTH

TECHNICAL FIELD
The present invention pertains generally to battery monitors, and more specifically to

predicting health or life span of a single battery or string of connected batteries.

BACKGROUND

Uninterruptible power supply (UPS) systems are costly investments that require
occasional maintenance over the lifetime of the system. A single faulty battery in a string of
batteries connected in series causes the entire string of batteries to be faulty. The decision a
buyer of UPS systems confronts is whether to replace an entire system of batteries all at
once, (e.g., for a lead acid battery system, replacement generally occurs within three to six
years from the start of service), or to replace individual batteries in order to prolong the
useful life of the entire string of batteries. It is desirable to minimize the cost of battery

replacement over time.

SUMMARY

Embodiments disclosed herein are directed to a neural network for estimating battery
health and predicting when a battery may reach the end of its useful life. Embodiments are
disclosed which may be used to evaluate either individual batteries, systems of one or more
interconnected batteries (e.g., a string of batteries), or both.

The capability to accurately predict when a battery will reach its useful life enables
forward looking management decisions regarding when to replace a battery or a system of
batteries; forward looking budgeting decisions regarding the cost of battery replacement;
minimization of costs over time associated with battery replacement; maximization of
battery system life span; and providing an informed estimate to supply missing measurement
data or replace anomalous measurement data in a battery monitoring system.

A problem to be solved is to accurately predict N time periods in advance (c.g.,
N=13, 26, 39, or 52 weeks) when a battery will reach a measured value (e.g., a measured
impedance) that is indicative of end of useful life (e.g., measured impedance may be 30% -

50% greater than an initial impedance measurement).
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Another problem to be solved is to optimize the cost function for a battery
management schedule where individual batteries of a system are replaced prior to replacing
the entire system, or a string within a system. To solve the cost function, and since costs are
known, the problem may be addressed by predicting the end of life of each battery in a

5  string. With a model of time, battery replacement costs may be calculated over the expected
length of time a string of batteries will last.

According to one or more embodiments of a system for estimating a state of health of
a battery, the system includes:

an input device;

10 a first neural network trained to estimate future battery data based on battery data
obtained from a battery monitor over a first time period;

an output device;

a digital processor; and

a permanent memory comprising computer readable instructions to physically cause

15  the digital processor to perform steps of:
receiving, from the input device, battery data obtained from the battery
monitor monitoring the battery;
formatting the battery data as a battery data point;
storing the battery data point as an element of a first battery data vector of N
20 elements wherein the first battery data vector additionally comprises N-1 sequential
battery data points, cach of the battery data points associated with a measurement
time;
mputting the first battery data vector into the first neural network;
formatting, by the first neural network, an first output vector of N elements,
25 wherein the first output vector includes the estimated future battery data for a second
time period subsequent to the first time period; and
outputting, by the output device, a health indicator of the battery based at

least in part upon the first output vector.
30 According to one or more embodiments, the system includes:

a second neural network trained to estimate the state of health of the battery based on

the battery data obtained from the battery monitor over the first time period; and
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the steps performed by the digital processor further include:

generating, based at least in part upon the battery data, a second battery data
vector of N elements;

inputting the second battery data vector into the second neural network;

formatting, by the second neural network, an second output vector of N
clements, wherein the second output vector includes state of health data for at least a
portion of the first time period; and

wherein, the health indicator of the battery is based upon at least one of the

first output vector and the second output vector.

According to one or more embodiments, the steps performed by the digital processor
further include generating, based upon the first battery data vector and the second battery
data vector, a third battery data vector; and wherein, the health indicator of the battery is
further based upon the third battery data vector.

According to one or more embodiments, the steps performed by the digital processor
further include inputting the second output vector into the first neural network.

According to one or more embodiments, the steps performed by the digital processor
further include inputting the first output vector into the second neural network.

According to one or more embodiments, each of the elements of the second battery
data vector includes at least one of an impedance rise and a voltage rise.

According to one or more embodiments, each of the elements of the second battery
data vector further includes time.

According to one or more embodiments, the second neural network is trained to
estimate the state of health of a plurality of interconnected batterics; and the battery data is
obtained from monitoring at least one of the plurality of interconnected batteries.

According to one or more embodiments, the battery data is obtained from monitoring
all of the plurality of interconnected batteries.

According to one or more embodiments, the difference between the measurement
time associated with a battery data point and the measurement time associated with an
immediately subsequent battery data point defines a measurement interval; and the

measurement interval is variable over the N elements of the first battery data vector.
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According to one or more embodiments, the first neural network is trained to
estimate future battery data for a plurality of interconnected batteries; and the battery data is
obtained from monitoring at least one of the plurality of interconnected batteries.

According to one or more embodiments, the battery data is obtained from monitoring

5  all of the plurality of interconnected batteries.

According to one or more embodiments, each of the battery data points includes
values of at least one of a voltage of the battery, a impedance of the battery, an internal
temperature of the battery, an ambient temperature of the battery, and a time.

According to one or more embodiments, the system includes the battery monitor.

10

These and other aspects of the embodiments will be better appreciated and
understood when considered in conjunction with the following description and the
accompanying drawings. The following description, while indicating various embodiments
and details thereof, is given by way of illustration and not of limitation. Many substitutions,

15  modifications, additions, or rearrangements may be made within the scope of the
embodiments, and the embodiments may include all such substitutions, modifications,

additions, or rearrangements.
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BRIEF DESCRIPTION OF THE DRAWINGS

Non-limiting and non-exhaustive embodiments of the neural network for estimating
battery health are described with reference to the following figures, wherein like reference
numerals refer to like parts throughout the various views unless otherwise specified.
FIG. 1 is schematic illustration of a system for estimating a state of health of a battery.
FIG. 2 illustrates a method of estimating a state of health of a battery.
FIG. 3 is a schematic of an embodiment of a first neural network of the system.
FIG. 4 is a schematic of another embodiment of a first neural network of the system.
FIG. 5 is an illustration of data structure formats for a neural network of the system.
FIG. 6 is a graphical representation of an output of a neural network of the system.
FIG. 7 is an illustration of additional embodiments of data structure formats for a neural
network of the system.
FIG. 8 is another graphical representation of an output of a neural network of the system.
FIG. 9 is an illustration of data structure formats for an input of a neural network of the
system.
FIG. 10 is an illustration of data structure formats for an output of a neural network of the
system.
FIG. 11 is an illustration of another embodiment of data structure formats for a neural
network of the system.
FIG. 12 is a graphical representation of another output of a neural network of the system.
FIG. 13 is an illustration of another embodiment of data structure formats for a neural
network of the system.
FIG. 14 is a graphical representation of another output of a neural network of the system.
FIG. 15 is a graphical representation of another output of a neural network of the system.

Skilled artisans will appreciate that elements in the figures are illustrated for
simplicity and clarity and have not necessarily been drawn to scale. For example, the
dimensions of some of the clements in the figures may be exaggerated relative to other
elements to help improve understanding of various embodiments. Also, common but well-
understood elements that are useful or necessary in a commercially feasible embodiment are

often not depicted in order to facilitate a less obstructed view of these various embodiments.
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DETAILED DESCRIPTION
The detailed description describes non-limiting exemplary embodiments. Any
individual features may be combined with other features as required by different applications
for at least the benefits described herein. As used herein, the term “about” means plus or
minus 10% of a given value unless specifically indicated otherwise.
As used herein, a “computer-based system” comprises an input device for receiving
data, an output device for outputting data in tangible form (e.g. printing or displaying on a
computer screen), a permanent memory for storing data as well as computer code, and a
microprocessor for executing computer code wherein said computer code resident in said
permanent memory will physically cause said microprocessor to read-in data via said input
device, process said data within said microprocessor and output said processed data via said
output device.
FIG. 1 is schematic illustration of a system 100 for estimating a state of health of a
battery. FIG. 2 illustrates a method 200 of estimating a state of health of a battery.
Referring collectively to figures 1 and 2, a system 100 for estimating a state of health
of a battery may comprise:
an input device 102;
a first neural network 105 trained to estimate future battery data based on
battery data obtained from a battery monitor 112 over a first time period;
an output device 106;
a digital processor 104; and
a permanent memory comprising computer readable instructions to physically
causec the digital processor to perform the steps 200 of:
1) receiving, from the input device, battery data obtained 202 from the
battery monitor monitoring the battery 118;
i1) formatting 208 the battery data as a battery data point;
ii1) storing 210 the battery data point as an element of a first battery
data vector of N elements wherein the first battery data vector additionally
comprises N-1 sequential battery data points, each of the battery data points
associated with a measurement time;
1v) inputting 212 the first battery data vector into the first neural
network;
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v) formatting 214, by the first neural network 105, an first output
vector of N elements, wherein the first output vector includes the estimated
future battery data for a second time period subsequent to the first time
period; and

vi) outputting 216, by the output device 106, a health indicator of the
battery based at least in part upon the first output vector.

The battery many be any type of battery located in any type of facility 160. A non-
limiting example would be a 12V valve regulated lead acid (VRLA) battery located in the
battery backup of an uninterruptable power supply for a server farm or a data center.
Another example would be a lithium battery located in the power supply of an electric car.
Another example would be a battery located in a portable electronic device. The battery may
be one of a string 162 of batteries connected in series. The data monitored from the battery
may be one or more of the battery voltage 116, complex or real impedance 114, battery
internal temperature, battery ambient temperature or any other physical property of the
battery that might be indicative of the battery health.

The system 100 may multiplex between different batteries in a string, different
strings in a facility and different facilities 170 in a set of customers.

The input device 102 in FIG. 1 is shown displaying a graph 103 of exemplary battery
impedance data 134 versus time (e.g., weeks). Data may be read at a time interval of about
once per week. Data may be read in at any suitable data period such as once per day, once
per month or longer or shorter data periods.

The neural net 105 illustrated in figure 1 is a generic representation of a neural net
and not necessarily a representation of the actual neural net used in the system. Neural nets
generally comprise an input layer 172 for receiving an input vector of data, one or more
hidden layers 174 for processing said input vector and an output layer 176 for providing an
output vector. The number of nodes 171 in each layer may be any suitable value. The
number of input nodes, therefore, does not necessarily have to be the same as the number of
output nodes. Thus, whereas the examples provided herein indicate that the number N of
input nodes and output nodes N are the same, they could alternatively be different. For
example, if the neural net is forecasting future values, then there may be more nodes in the

output layer than in the input layer.
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Referring to FIG. 3, a neural network structure 300 used for at least some of the
examples provided herein, includes an input layer 302, a long short-term memory (LSTM)
layer 304, and a time distributed dense layer 306. The structure is suitable for time series
mput data and a digital output data with binary values. Other structures may be used, such
as additional time distributed hidden layers. Other types of output may be provided.

The system 100 may be a component of an overall remote battery monitoring system.
Thus, the one or more battery monitors 112 in the overall remote battery monitoring system
may be considered part of the system 100. Similarly, the one or more batteries 118 being
monitored may be considered part of the system 100.

Communication between any elements of the system may be by any know means,
such as wired or wireless communication. The computational tasks of the system may be
performed by any suitable computation means, such as a CPU, vCPU, distributed, local, on-

site or cloud based computational system.

Neural Net Monitoring

Neural networks may overcome some of the problems of polynomial curve fitting
when applied to battery monitoring data. Often an input data set may include large, or
anomalous, spikes in the impedance measurement, or missing data altogether. Such spikes
may happen somewhere in the first half of a battery’s life. A model that accounts for
variance in the data over time would flag every instance of a data spike, and attempts to
ignore or limit the impact of these outliers may involve undesirable manipulation of, or
limitations on, the input data. Such manipulation may dull the model's ability to detect
significant changes. On the other hand, when there is adequate history for the neural net to
see, the neural net learns to ignore data spikes that occur too early in a battery's lifetime.
Neural networks can do this without any special instruction. Neural networks can work with
multivariate inputs better than polynomial fitting. In the case of battery monitoring, voltage
is difficult to model with a polynomial. Neural networks can improve accuracy in some tasks
when voltage is included as a feature.

The neural network programming code used in the below examples is called Keras. It
is a high-level software prototyping interface for the TensorFlow library for machine
learning. The code used to design the neural network architecture was adapted from the

website machinelearningmastery.com.

Date Recgue/Date Received 2022-04-27



10

15

20

25

30

P1237-1CA

9

There are several variables measured that are used in battery monitoring. These
include impedance, voltage, unit temperature, ambient temperature, and time. Not all
variables arc necessary to accurately classify battery change out. The most useful variable is
impedance, however it is possible to include the other variables and get good results.
Including certain variables and excluding others can change results. It is also possible to
change the architecture of the neural net by adding layers or subtracting layers. There are
many parameters used to tune neural networks and these parameters can affect results.

The periodic measurement of battery data may introduce the problem of data being
collected at irregular intervals. The output of the neural network cannot be represented on a
fixed time axis if data is not collected regularly. In real time, for a real use case, it cannot be
assumed that data has been collected at fixed intervals. The way data is collected creates
formatting issues that make fixed interval models more difficult to implement. A neural
network that does not rely on inputs that have fixed intervals is preferred.

Embodiments of the neural networks presented herein address the problem of data
being collected at irregular intervals. It is not necessary to assume that data is collected at
regular intervals for the neural network to work. In this way, the neural network has more
robust applications than an alternative model that relies on data being measured at regular
intervals. The present system includes the measurement’s time (e.g., in seconds) in both the
input and output to the neural network. The neural network learns the time axis in addition to
the other variables, and predicts both impedance, or other properties of interest, and the
expected time the measurement will take place.

Measured values can be manipulated to create derivative representations of the
measurements, for instance, impedance rise and voltage rise. These derivative values can
also be used as input to the neural network, however, the neural network may perform using
either one or both of the measured or derivative values; for example, either one or both of the
impedance value or impedance rise value may be used.

Neural net algorithms require all inputs have the same dimension. This necessitates
the input format be large enough to represent the largest possible data point in the data set.
The life span of a 12 volt battery used in industry can exceed 6 years. Having measurements
taken at weekly intervals, the number of measurements taken over the lifetime of a battery
may exceed 300. This introduces the problem of having to represent data with a dimension

in excess of 300 to capture the entire lifespan of any and all batteries.
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In general, LSTM neural networks perform best on shorter sequences due to the
vanishing gradient problem. While a sequence of length 300 is tolerable for LSTMs, it is not
preferred. Additionally, new data may exceed the finite limits imposed by a fixed data
representation.

Compounding the problem of a large time dimension is the multiplicative effect of
having several variables. Entire histories of multiple variables increase the size of the data by
an order of magnitude. Additionally, if the data were to include more than one battery, the
size of the data increases by another order of magnitude. For large scale battery operations
monitoring millions of batteries this becomes a problem of scale.

Because neural net algorithms require all inputs have the same dimension and most
data will be smaller than the largest data point, most data points in the data set will be sparse.
Large data formats may have the problem of being sparse because the input format must be
large enough to fit the largest possible data size even if only a portion of that data format is
used by most of the data. As a result only data points that occur near the end of the battery
life span will fill the entire dimension of the neural net input. Otherwise, for data points that
occur earlier in the battery life time, the input vector of the neural net will have many empty
values. The sparse nature of large dimensional inputs can be challenging for neural
networks.

For first neural network described herein, also referred to as the N-period model, the
number N of measurements used to represent a battery is significantly less than the number
of total measurements taken over the average battery lifetime. For example, N may be about
30 while the total number of measurements over a battery life may be about 300. This is
possible by the use of the impedance rise variable. Rather than inefficiently representing the
entire history of a battery, the impedance rise variable is the proportion of the most recent
impedance measurement for a battery to the measurement of impedance taken at the
beginning of its life (i.c., the initial impedance value). The impedance rise variable is an
historical indicator of a battery that dispenses with the need to explicitly represent the entire
life span of a battery. As a result the inputs are not sparse.

Further, predicting impedance rise is a valuable tool when determining when a
battery will fail. Since the proportional rise in impedance is used to determine battery failure,
not the hard value of impedance itself, impedance rise is the preferred metric that can be

applied across all impedance values and readily lends itself to interpretation.
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Rather than predicting a single value at some point N time periods in the future, the
first neural network predicts all N points between time 1 and time N. This gives the model
flexibility to produce actionable results over a desired time frame. In the case of battery
monitoring, data may be collected weekly, for example 26 data points may represent 26
weeks, or six months. The output produces a predicted value for all 26 weeks which enables
shorter term analysis as well. Suppose you have a budget meeting in 3 months, this model
may provide a prediction at 3 months to coincide with when you would make budgetary
decisions.

The impedance rise variable also improves the performance of the model, allowing
an input which does not include the raw impedance measurement, and attaining state of the
art results.

Using impedance rise as an input rather than the raw value of impedance makes the
model agnostic to the raw values of impedance. This feature is beneficial, as initial values of
impedance vary significantly across individual batteries. The training sample of batteries
will therefore include a range of initial values. The range of different initial values may or
may not be representative of the complete population of batteries. For example, the training
sample may include a random sample of batteries, or it may include only a curated sample of
batteries, as may be more beneficial to model performance. In this way, the selected
representation of the range of initial impedance measurements may have a beneficial or
deleterious effect on model performance. Using impedance rise as a model input rather than
the raw value of impedance improves performance and enables broad application with
systems having a wide range of initial impedance values.

A voltage rise variable may also be used as input in a manner similar to that

described for impedance rise.
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Example 1: Predicting Future Data Values of a Battery

A long short-term memory (LSTM) neural net was applied to a past periodic data
history of a set of single batteries. The input to the neural net was a vector, V, that contains a
sequence of N past data measurements. In the following example, for a single battery, a
single measurement includes impedance, voltage, temperature, and ambient temperature.
Additionally, the time in seconds from time N_0 to time N_tis calculated for each of the N
measurements in V. Also, for each of the N measurements in V, the rise in impedance from
time N_O to time N _t was calculated to represent the percentage rise in impedance for a
single battery since installation. This input vector of N measurements contains the
measurements for a single battery from left to right.

The output of the neural network was a sequence that had the same length as the
mput, N. It consists of the next N predicted measurements for impedance and time of
measurement for a given single battery, from N+1 to M, where M = 2N. In this way the
neural net predicts the next N impedance values and the date and time that the next N
measurements will take place. While the input and output had the same length in this
example, this does not need to be the case. The output M should be greater than N; in other
words, the output values occur at times later than the input values. In another example, the
Iength of the input may be 100 (N from 0-99) and length of the output may be 26 (from
(N+1)=100, to M=125).

FIG. 3 illustrates a first embodiment of the architecture for the N-period model of
this example. The input and output shapes for each layer are given in Table 1. LSTM layer
304 and time distributed layer 306 may be stacked to produce deeper models.

Table 1 illustrates the input and output shapes for the LSTM model. The input and
output shapes arc tuples read as (batch size, timesteps, features). A single instance of an
input sequence for the N-period model has the shape (1, N, F), where 1 is the number of
sequences (batch size), N is the number of timesteps, and F is the number of features:
impedance, voltage, unit temperature, ambient temperature, time, or percent rise in
impedance. The parameter D is the dimension of the LSTM, and Y is the dimension of the

output that corresponds to the number of values predicted at each timestep.
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Layer e N periods Output Shape
mput (batch, N, F)
Istm 1 (batch, N, D)
time _distributed 1 (batch, N, Y)
Table 1.

FIG. 4 illustrates a second embodiment of the architecture 400 for the N-period
model of this example. Multiple input layers 402 may be combined to provide input to
hidden layers of the model. In the shown embodiment input 1 and input 2 are each
processed by an LSTM layer 404 and combined by calculating their dot product 406. Input
layers 1 and 2 may be different (e.g., spanning different time periods) or may have identical
values. An additional LSTM layer 408 and a time distributed layer 410 are included in this
example architecture.FIG. 5 is an illustration of data structure formats for input battery data
vector 500 (x_i) and output vector 510 (y_i) for the N period model where M = 2N. Input
(x_i) is a series of N battery data points, including a battery data point 502 at time N, and N-
1 prior sequential training battery data points 506. Each battery data point includes values of
six features at time s, where i is impedance, v is voltage, m is temperature, a is ambient
temperature, r is percentage rise in impedance compared to the initial value for i (the initial
value of i is the first measurement of impedance at the time this unit was installed, or
alternatively a calculated average of the first several impedance measurements for a unit),
and s is the time in seconds. Output vector 522 (y_i) has a length N including the
predictions for impedance, i, and time, s, for the next N periods subsequent to the input time
period (i.c., from N+1 to M).

FIG. 6 is a graphical representation of the output of the neural network embodiment
of this example, compared with measured values. The measured impedance values 602 over
time (represented by triangles) and the predicted values 604 (represented as dots) for the N
period model of this example. Time is scaled between 0 and 1.

FIG. 7 is an illustration of additional embodiments of data structure formats for input
battery data vector 700 (x_i) and output vector 710 (y_i) for the N period model where M =
2N. Input (x_i) is a series of N battery data points, including a battery data point 702 at time
N, and N-1 prior sequential training battery data points 706. Each battery data point includes
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values of six features at time s, where i is impedance, v is voltage, m is temperature, a is
ambient temperature, r is percentage rise in impedance compared to the initial value for i
(the initial value of i is the first measurement of impedance at the time this unit was
mstalled, or alternatively a calculated average of impedance for more than one initial
period), and s is the time in seconds. Output vector 722 (y_i) has a length N including the
predictions for rise in impedance, r, and time, s, for the next N periods (from N+1 to M).
FIG. 8 is a representation of an embodiment of an output of the neural net compared with
values calculated from measured data. The calculated values of rise in impedance 802 over
time (represented by triangles) and the predicted values 804 (represented by dots) for the N
period model of this example. Time is scaled between 0 and 1.

While the above example presents six particular input features (impedance, voltage,
temperature, ambient temperature, rise in impedance, and time; see discussion of FIG. 2) it is
noted that other measured or calculated values may be used as input in addition to or in place
of those of this example. For example, a voltage risc may be calculated relative to an initial
voltage, or any earlier voltage (similarly to the impedance rise value discussed above). Other
historical data for the battery may be included, such as a historical high temperature, or a
time since battery changeout. In various embodiments, time may be included as an input, an

output, or both, as may be desired to improve model performance.

Example 2: Predicting Future Data Values of a String of Batteries

For commercial monitoring applications, multiple batteries are placed in serial and
parallel configurations to produce the voltage and current necessary to power backup
systems such as industrial sized genecrators. At the ’string’ level, batteries are aligned in
serial to produce the requisite voltage needed by UPS (uninterrupted power supply) systems.
Strings are then put in parallel to provide a power reservoir. The more power required the
more strings are used.

The data model described above takes input from a single battery and produces
predicted values of impedance and time for that battery. The single battery model does not
account for behavior that occurs at the string level. When a single battery in a string of
batteries fails, the entire string fails to produce power on demand resulting in an interruption
of power. Batteries in serial affect each other as their chemistry deteriorates over time. For

istance, when impedance increases due to battery failure in one battery, simultaneously a
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healthy battery may exhibit aberrant behavior that reverts to normal only after the failed
battery is replaced.

Applying the single battery model to the scale of commercial monitoring systems,
entire strings are represented in each data point rather than individual batteries. The
dimension of the string wise data point is the number of variables, excluding the time
variable, for each individual battery in x_i (see Figure 6) multiplied by the number of
batteries in the string. Since the time variable is the same across all batteries in a string, it
only needs to be represented once. The length of x_i is N, which is the number of time
intervals represented in the sequence.

FIG. 9 illustrates a data structure format for input battery data vector 900 (x_i) for an
N period model for a string of batteries. Input x_i is a vector of length N. The inputis a
series of N data points consisting of the five features for each battery at time s, where i is
impedance, v is voltage, m is temperature, a is ambient temperature, r is percentage rise in
impedance compared to the initial value for i, and s is the time in seconds. Each unit X has a
measurement at time s so that the dimension of a measurement at the string level is the
number of variables per unit (i, v, m, a, r) times the number of units X plus the time variable
.

FIG. 10 illustrates a data structure format for output battery data vector 1000 (y_i).
The output vector has a length N, where M = 2N, consisting of the predictions for

impedance, i, for each individual unit X and time, s, for the next N periods (from N+1 to M).

Example 3: Modeling State of Health of a Battery

FIG. 11 illustrates embodiments of an input vector 1100 (x_i) and output vector 1110
(y_i) for the second neural network, also referred to as the State of Health (SOH) model. The
mput is a series of N data points consisting of the features at time s, where, ir is impedance
rise, vr is voltage rise, and s is the time in seconds. The output is a vector of length N
consisting of the values for SOH at time s for the last N periods.

FIG. 12 is a graphical representation of the output of the SOH model compared with
the true values. The actual values 1202 (triangles) and the predicted values y_i 1204 (dots)
for the N period model discussed above. Time is scaled between 0 and 1. SOH is the
expected time until the battery should be replaced at time s for each of the last N periods.
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Since the time variable is scaled it is not readily interpreted without an inverse
function. For purposes of discussion, assume the maximum number of weeks is 300 or
approximately 6 years. A distance of 0.01 is about 3 weeks and the SOH model is counting
down to when a battery reaches 1.3 impedance rise, used here as an end of life indicator.

FIG. 13 illustrates embodiments of an input vector 1300 (x_i) and output vector 1310
(y_i) for the State of Health (SOH) model. The input is a series of N data points consisting of
the features at time s. ir is impedance rise, vr is voltage rise, and s is the time in seconds. The
output is a vector of Iength N consisting of N values for SOH at time s N.

FIG. 14 is a graphical representation of the output of the SOH model compared with
the true values. The actual values 1402 are shown as triangles and the predicted values y_i
1404 are shown as solid dots. The time is scaled between 0 and 1. The estimate for SOH
1406 at time s_N is the average of all N predictions (hollow dots).

It may be commercially beneficial to include a lifetime estimate as cither an input, an
output or both. An input lifetime estimate may be a manufacturer estimate, a modeled
estimate, or an experiential estimate. In a system having multiple interconnected batteries, a
single failing battery is known to impact the properties of other batteries in the system. In a
model which considers the effects between interconnected batteries, providing an input
lifetime estimate may improve the ability of the model to adapt to rapidly changing
conditions. For example, if the system experiences carly failure of a single battery, the model
may reduce the expected lifetime of other batteries in the system. However if, when the
failed battery is replaced, an upwardly trending lifetime estimate is provided for connected
batteries, the model may respond more rapidly to the change.

Another input value may be an indicator of battery changeout, which may be O for an
unchanged battery, and s (where s=time of changeout) for a battery which has been
individually replaced.

Providing lifetime estimate as output can inform battery replacement decisions and
allows the operator to optimize the cost of system maintenance. For example, an operator
may be able to model the effects of replacing single failing batteries on the overall system
lifetime, as compared to replacing all the batteries of a system at once. In an embodiment,
the input includes an indicator of battery changeout and the output includes a lifetime
estimate. By varying the battery changeout input to this model, one may study the effects on

lifetime estimate. Such a model may directly inform budgeting and maintenance decisions.
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Example 4: Cost Optimization for Battery Replacement

The cost of a system is a function of initial costs, replacement costs, and time.

As an example, suppose a string of batteries costs $10,400 to install. After 4 years,
some batteries need to be replaced. If it costs $260 per unit to replace, how many units can
be replaced before it is more cost efficient to replace the entire system. Assume the model
predicts the string has 1 more year before failure if the batteries are replaced.

Take the maximum of P_r such that:

Pr/l<Pil4
P_r <2600
Divide P_r by the price per unit to get the number of units:
2600/260 = 10
A maximum of 10 units can be replaced before it is more cost effective to replace the

entire string.

Replacing Missing or Corrupted Data

The N-period prediction model may be used to supplement the SOH model. For
example, in the case of premature battery failure and the effects across a string, a failed
battery can cause other batteries in the string to produce abnormally low or abnormally high
impedance. These batteries are still functional, however, and do not need to be replaced.
Because the data is anomalous from otherwise healthy batteries, the input to the SOH model
is anomalous as well and may cause the model to provide inaccurate output. The N-period
prediction model solves this problem by replacing irregular data with smooth data that is
closer to the expected measurement. It is then possible to apply the SOH model to the
predicted data rather than to data that is known to be corrupted.

In a similar manner, the N-period prediction model is applicable to replacing missing

data or other types of corrupted data and measurement errors common with battery systems.

FIG. 15 is a graphical representation of the output of the N period model versus the
true values. The predicted values 1504 (dots) may replace the actual values 1502 (triangles)

for certain applications. In this example the actual values are influenced by some system
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factor causing the impedance measurement to temporarily dip (between time 0.64-0.66) and

then return to the previous trajectory when the influencing factor is removed.

In terms of use, a method 200 of estimating a state of health of a battery includes the
steps of (refer to FIGS. 1 & 2):

obtaining 202 battery data from a battery monitor monitoring the battery, the battery
data corresponding to a first time period;

training 204 a first ncural network to estimate future battery data based on the battery
data;

transmitting 206, from an input device 102 to a digital processor 104, battery data
obtained from the battery monitor;

formatting 208, by the digital processor, the battery data as a battery data point;

storing 210 the battery data point as an element of a first battery data vector of N
clements wherein the first battery data vector additionally comprises N-1 sequential battery
data points, cach of the battery data points associated with a measurement time;

inputting 212 the first battery data vector into the first neural network;

formatting 214, by the first neural network, an first output vector of N elements,
wherein the first output vector includes the estimated future battery data for a second time
period subsequent to the first time period; and

outputting 216, by an output device 106, a health indicator of the battery based at
least in part upon the first output vector.

In some embodiments, the method further includes:

training a second neural network to estimate the state of health of the battery based
on the battery data obtained from the battery monitor over the first time period;

generating, by the digital processor, based at least in part upon the battery data, a
second battery data vector of N elements;

mputting the second battery data vector into the second neural network;

formatting, by the second neural network, an second output vector of N elements,
wherein the second output vector includes state of health data for at least a portion of the
first time period; and

wherein, the health indicator of the battery is based upon at least one of the first

output vector and the second output vector.
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In some embodiments, the method further includes:

generating, by the digital processor, based upon the first battery data vector and the
second battery data vector, a third battery data vector; and

wherein, the health indicator of the battery is further based upon the third battery data
vector.

In some embodiments, the method further includes inputting the second output vector
mto the first neural network.

In some embodiments, the method further includes inputting the first output vector
ito the second neural network.

In some embodiments, the method further includes:

obtaining the battery data from monitoring at least one of a plurality of
interconnected batteries; and

training the second neural network to estimate the state of health of the plurality of
interconnected batteries based on the battery data.

In some embodiments, the method further includes obtaining the battery data from
monitoring all of the plurality of interconnected batteries.

In some embodiments, the method further includes obtaining the battery data from
monitoring at least one of a plurality of interconnected batteries; and

training the first neural network to estimate future battery data for the plurality of
interconnected batteries based on the battery data.

In some embodiments, the method further includes obtaining the battery data from
monitoring all of the plurality of interconnected batteries.

In some embodiments, the method further includes cach of the elements of the
second battery data vector including at least one of an impedance rise and a voltage rise.

In some embodiments, the method further includes cach of the elements of the
second battery data vector including time.

In some embodiments, the method further includes:

the difference between the measurement time associated with a battery data point and
the measurement time associated with an immediately subsequent battery data point defines
a measurement interval; and

the measurement interval is variable over the N elements of the first battery data

vector.
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In some embodiments, the method further includes each of the battery data points
including values of at least one of a voltage of the battery, a impedance of the battery, an
internal temperature of the battery, an ambient temperature of the battery, and a time.

In some embodiments, the method further includes providing the battery monitor
112.

The embodiments of the neural network for estimating battery health methods of use
described herein are exemplary and numerous modifications, combinations, variations, and
rearrangements can be readily envisioned to achieve an equivalent result, all of which are
intended to be embraced within the scope of the appended claims. Further, nothing in the
above-provided discussions of the systems and methods should be construed as limiting the
invention to a particular embodiment or combination of embodiments. The scope of the

mvention is defined by the appended claims.
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CLAIMS

What is claimed is:

1. A system for estimating a state of health of a battery, the system comprising:
an input device;
a first neural network trained to estimate future battery data based on battery data
obtained from a battery monitor over a first time period;
an output device;
a digital processor; and
a permanent memory comprising computer readable instructions to physically cause
the digital processor to perform steps of:
receiving, from the input device, battery data obtained from the battery
monitor monitoring the battery;
formatting the battery data as a battery data point;
storing the battery data point as an element of a first battery data vector of N
elements wherein the first battery data vector additionally comprises N-1 sequential
battery data points, each of the battery data points comprising a measurement time;
inputting the first battery data vector into the first neural network;
formatting, by the first neural network, a first output vector of N elements,
wherein the first output vector includes the estimated future battery data for a second
time period subsequent to the first time period; and
outputting, by the output device, a health indicator of the battery based at

least in part upon the first output vector.
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2. The system of claim 1, comprising:
a second neural network trained to estimate the state of health of the battery based on
the battery data obtained from the battery monitor over the first time period; and
the steps performed by the digital processor comprise:
generating, based at least in part upon the battery data, a second battery data
vector of N elements;
inputting the second battery data vector into the second neural network; and
formatting, by the second neural network, a second output vector of N
elements, wherein the second output vector includes state of health data for at least a
portion of the first time period,
wherein the health indicator of the battery is based upon at least one of the

first output vector and the second output vector.

3. The system of claim 2 wherein the steps performed by the digital processor comprise:
generating, based upon the first battery data vector and the second battery data
vector, a third battery data vector,
wherein the health indicator of the battery is based upon the third battery data vector.

4. The system of claim 2 or claim 3 wherein the steps performed by the digital processor
comprise:

inputting the second output vector into the first neural network.

5. The system of any one of claims 2 to 4 wherein the steps performed by the digital
processor comprise:

inputting the first output vector into the second neural network.

6. The system of any one of claims 2 to 5 wherein each of the elements of the second battery

data vector comprises at least one of an impedance rise and a voltage rise.

7. The system of claim 6 wherein each of the elements of the second battery data vector

comprises time.
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8. The system of any one of claims 2 to 7 wherein:

the second neural network is trained to estimate the state of health of a plurality of
interconnected batteries; and

the battery data is obtained from monitoring at least one of the plurality of

interconnected batteries.

9. The system of any one of claims 1 to 8 wherein:

the difference between the measurement time associated with a battery data point and
the measurement time associated with an immediately subsequent battery data point defines
a measurement interval; and

the measurement interval is variable over the N elements of the first battery data

vector.

10. The system of any one of claims 1 to 9 wherein:

the first neural network is trained to estimate future battery data for a plurality of
interconnected batteries; and

the battery data is obtained from monitoring at least one of the plurality of

interconnected batteries.

11. The system of any one of claims 1 to 10 wherein each of the battery data points includes
values of at least one of a voltage of the battery, an impedance of the battery, an internal

temperature of the battery, an ambient temperature of the battery, and a time.

12. A method of estimating a state of health of a battery, the method comprising:

obtaining battery data from a battery monitor monitoring the battery, the battery data
corresponding to a first time period;

training a first neural network to estimate future battery data based on the battery
data;

transmitting, from an input device to a digital processor, battery data obtained from
the battery monitor;

formatting, by the digital processor, the battery data as a battery data point;
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storing the battery data point as an element of a first battery data vector of N
elements wherein the first battery data vector additionally comprises N-1 sequential battery
data points, each of the battery data points comprising a measurement time;

inputting the first battery data vector into the first neural network;

formatting, by the first neural network, a first output vector of N elements, wherein
the first output vector includes the estimated future battery data for a second time period
subsequent to the first time period; and

outputting, by an output device, a health indicator of the battery based at least in part

upon the first output vector.

13. The method of claim 12, comprising:

training a second neural network to estimate the state of health of the battery based
on the battery data obtained from the battery monitor over the first time period;

generating, by the digital processor, based at east in part upon the battery data, a
second battery data vector of N elements;

inputting the second battery data vector into the second neural network; and

formatting, by the second neural network, a second output vector of N elements,
wherein the second output vector includes state of health data for at least a portion of the
first time period,

wherein the health indicator of the battery is based upon at least one of the first

output vector and the second output vector.

14. The method of claim 13, comprising:

generating, by the digital processor, based upon the first battery data vector and the
second battery data vector, a third battery data vector,

wherein the health indicator of the battery is further based upon the third battery data

vector.

15. The method of claim 13 or claim 14, comprising;:

inputting the second output vector into the first neural network.
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16. The method of any one of claims 13 to 15, comprising:

inputting the first output vector into the second neural network.

17. The method of any one of claims 13 to 16, comprising:

obtaining the battery data from monitoring at least one of a plurality of
interconnected batteries; and

training the second neural network to estimate the state of health of the plurality of

interconnected batteries based on the battery data.

18. The method of any one of claims 12 to 17, comprising;:

obtaining the battery data from monitoring at least one of a plurality of
interconnected batteries; and

training the first neural network to estimate future battery data for the plurality of

interconnected batteries based on the battery data.
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