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Abstract

A practical and reliable battery life prediction tool will enable timely replacement of batteries while reducing
inspection and maintenance costs. However, data characterization of end-of-life phenomena can be extremely
complex and the underlying mechanisms are not completely understood. While a few phenomenological
models have been developed to estimate the remaining battery capacity, their results can be inaccurate due to
measurement uncertainty and changing environmental and operational factors. This work demonstrates the
capability of an evolutionary and adaptive artificial neural network modeling approach in estimating the
remaining battery life. A principal components-based methodology for predictive accuracy assessment is also
demonstrated.

1. Introduction

There is a need to improve the service reliability of rechargeable batteries, particularly the valve-regulated lead
acid (VRLA) battery used in stationary energy storage for backup power applications. Prediction of end-of-life
(EOL) of stationary battery systems in service is critical to establishing system reliability, dependability, and
warranty, but the task is difficult and costly. A practical and reliable life prediction tool will enable timely
replacement of batteries while reducing inspection and maintenance costs. However, data characterization of
EOL phenomena can be extremely complex and the underlying mechanisms are not completely understood or
described. While the discrete engineering characteristics of a battery, such as the physical dimensions of the
individual components, are relatively straightforward to define explicitly, their myriad chemical and physical
processes, including interactions, are much more difficult to accurately represent [1]. The problem is further
compounded by measurement uncertainty and changing environmental and operational factors. Critical factors
that influence VRLA battery life include (i) external factors and (ii) intrinsic cell characteristics. Examples of
external factors include environmental conditions, temperature, thermal management, RMS AC ripple,
discharge and charge regimes, discharge frequency, depth of discharge over time, float charge voltage, and float
current. Examples of intrinsic cell characteristics include cell design, battery responses, battery performance vs.
operating temperature, discharge capacity, cell impedance, conductivity and contact resistance, grid corrosion
rate, recombinant behavior, and water loss. Existing techniques of battery life assessment involve removing the
system from service to perform measurements. Techniques that can accurately determine remaining discharge
capacity are highly desired, especially those that do not require removal of the system from service.

Non-phenomenological models for battery systems have been developed based on stochastic framework [2] and
artificial neural networks (ANNs) [3] to simulate battery performance. Both recurrent and non-recurrent forms
of ANNs have been successfully used to develop accurate representations of battery behavior. It was found that
an ANN trained under constant temperature and discharge rate can generalize its predictions to pulsed loads and
variable temperature [1]. The ANN approach has also been used to model the discharge time of rechargeable
batteries [4]. This work demonstrates the capability of an ANN modeling approach in estimating the remaining
battery life based on battery behaviors that are related to electrochemical phenomenology. The approach taken
in the current work is based on evolutionary training and adaptation of a connectionist normalized local spline
(CNLS) recurrent ANN [2]. Typically, a CNLS network is developed with constant radial basis function (RBF)
width, while the centers of local models are computed via a clustering algorithm or self-organizing map. At
best, this would only result in a suboptimal solution. The proposed evolutionary methodology uses a genetic
algorithm (GA) to search for an optimal set of radial basis functions. A principal components-based
methodology for assessing the predictive accuracy of the recurrent ANN model is also demonstrated.

2. Neural Network Overview
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The ANN represents an information paradigm inspired by biological nervous systems. Its wide application is
mainly attributed to its ability to (i) perform nonparametric  inference  without  explicit  probabilistic
interpretation, (ii) model nonlinear physical systems with distributed nonlinearity, and (iii) conveniently adapt
to new operating environments. The CNLS is a fast and versatile neural network used in many engineering
applications such as nonlinear modeling, prediction, and adaptive control [5]. The training of CNLS typically
begins with clustering via a self-organization map (SOM). The clusters are defined by the center and their
member data points. Local models are developed from the member data points weighted by the distance to the
cluster center via Gaussian-type radial basis functions. The local models are usually implemented as
polynomials (linear or higher order), or other neural networks to form “subnets”. To evaluate the CNLS at a
new data point, the distances of the data point to all cluster centers are computed. The output from each nearby
local model is evaluated, and weighted by a Gaussian-type radial basis function of the distance between the data
point and the cluster center, such that more emphasis is given to local models that are closer to the data point.
The final output is obtained by “splining” or computing a weighted sum of the local model outputs.

The error of a local model fit depends on the training data and the type of local model used (e.g., linear or
quadratic polynomial). However, the SOM procedure only considers the input data, without taking into account
the output and the local model type. Previous experience has shown that SOM clustering is inadequate to
define an efficient set of clusters for CNLS when the data points are evenly distributed in the parameter space.
Conceivably, the training data used for neural network battery life prediction may also be evenly spaced in the
parameter space if the data are regenerated and enriched by a metamodel. An optimization approach to the
training could be used to perform clustering while minimizing the error of fit. The optimal CNLS algorithm
used in this work first performs a principal components (PC) analysis on the output data via singular value
decomposition (SVD) [6]. Only the most significant parameter-dependent components are modeled by the
algorithm. This dramatically reduces the amount of output data especially when dealing with time histories.
Instead of performing an SOM, an iterative process of cluster optimization is executed until convergence is
reached. A genetic algorithm (GA) was employed to optimize the CNLS neural network. Similar schemes
have been successfully used to search for optimal radial basis function parameters for time series prediction [7].
The GA could potentially be used to optimize the number of clusters, cluster location, number of cluster
members, and radial basis function width. In this study, only the width and center of radial basis function are
optimized. The final step in the evaluation process “recomposes” or reconstitutes the CNLS output from the PC
decomposition performed during training.

3. Battery Modeling
3.1 Equivalent Circuit Model

An equivalent circuit model (ECM) was previously developed to describe the battery behaviors and responses
in the electrochemical system [8]. The model was intended to provide some insightful phenomenological
understanding of the system performance. The simple phenomenological model may not be sufficient to
describe complicated duty and service cycles such as those in stationary applications, which might include EOL
mechanism changing over a long service period and wide range of conditions. For example, battery life can be
quite readily modeled under constant power and external temperature, but such assumption is often not true [1].
It was realized that battery discharge capacity cannot be measured directly without introducing some damage,
and that other measurable quantities will eventually be utilized in battery life prediction. In this study,
discharge cycle histories from the ECM, in lieu of experimental data, were used to demonstrate the neural
network methodology. Figure 1 shows the cycle histories, as obtained from the ECM, for temperatures at 10°C,
30°C, and 50°C at different discharge rates, C/N, where C represents the battery discharge capacity and
N =3,25,2,1.5 is the number of hours for full discharge.

(a) 10°C (b) 30°C (¢) 50°C
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Figure 1. Discharge Cycle Histories from ECM

3.2 Neural Network Metamodel

Experimental data are typically acquired at discrete operating parameters. To construct a neural network model
successfully, the training data may be supplemented by those generated from a phenomenological model.
However, experimental data are usually scarce, while evaluation of elaborate phenomenological models can be
computationally intensive. In such cases, a metamodel may be constructed to enrich the original data set. In
our case, the ECM-generated cycle histories of battery discharge capacity were interpolated by a principal

components-based CNLS neural network. The interpolation was performed over different parameter values
(temperatures 6, and discharge rates 6, ), i.e.,

0=[0" - 0"]eR™ where 0" =[0, 0,]", k=Lm (1)
for m number of parameter sets. The cycle histories were collected in a matrix
X=[x'(t) - x"(t)]eR™, )

where x* (t) is a discharge capacity history over cycles ¢ =1,n for a particular temperature 6 and discharge
rate @ . By performing SVD on matrix X , we obtain

X=Uzv", 3)

where matrices U € R"™" and V € R"™ represent the left and right singular vectors respectively, and 2 e R™
is the singular value matrix. Typically, r <min(n,m), since only the significant modes corresponding to
largest singular values are retained. By exploiting the fact that the terms in matrix V(O) are dependent on
parameter variation, the neural network metamodel can be trained using a reduced set of output exemplars
calculated from XV' e R™". The input training exemplars are the m sets of discrete temperature and
discharge rate values stored in #. The neural network was trained with GA optimization using the ECM-
generated data at temperatures 6, =10°C, 20°C, 30°C, 40°C, 50°C, and 60°C. Figure 2 compares the metamodel-
enriched and ECM-generated discharge capacity cycle histories at the interpolated temperatures 6, =15°C, 25°C,
35°C, 45°C, and 55°C, and discharge rates 8, =C/N with N =3,2.75,2.5,2.25, 2, 1.75, and 1.5. The ECM
data generated at these operating parameters were used for comparisons only and not for training. The plots
show that the interpolated metamodel closely matches the ECM-generated data. On the average, the root-mean-

squared (RMS) error of a metamodel generated discharge capacity history is 0.06 Ah. The results suggest that
metamodeling is a viable tool for enriching the original data.
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Figure 2. Discharge Cycle Histories from Metamodel and ECM

3.3 Recurrent Neural Network

To facilitate the prediction of battery discharge capacity over cycles, a recurrent CNLS neural network was
trained using temperature 6, , discharge cycles 6, , and discharge capacity x, as inputs, and diTscharge capacity
x,,, as output. Expressed in vector form, the training inputs and outputs are z, =[6, 6, x| and z,, =x,,,
respectively. A genetic algorithm was applied to search for an optimal set of cluster centers and radial basis
function widths. Figure 3 compares the recurrent neural network and neural network metamodel-generated
discharge capacity histories at different temperatures and discharge rates. The vertical line at ¢ = 280 separates
the training phase from the prediction phase, where recurrent prediction is performed when ¢ > 280. The plots
show that the accuracy of charge degradation predicted by the recurrent ANN generally decreases over cycles.
This is due to cumulative error over recurrent predictions. The plots show that the recurrent ANN tends to
underpredict the battery discharge capacity. However, reasonably accurate error predictions were made, where

the RMS error of prediction grows from an average of 0.04 Ah at =281 to 0.13 Ah at +=300, 0.28 Ah at
t=320,and 0.60 Ah at t =340.
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Figure 3. Discharge Cycle Histories from Recurrent ANN and Metamodel



3.4 Adaptive Scheme

Due to variations in battery intrinsic properties (as much as +15%) [4] and unanticipated environmental effects,
a recurrent neural network may not initially produce accurate battery life prediction. An adaptive scheme for
the recurrent neural network approach is therefore critical to produce increasingly accurate battery life
predictions as more and more data become available. The CNLS neural network consists of connectionist
normalized local models that are normalized using radial basis functions and integrated to constitute a global
model. The advantage of CNLS network over other global methodologies is that only a subset of local models
that are affected by the new data need to be updated. When the updated model is splined together with the other
unaffected local models, the generalization capability of the CNLS model will be largely preserved. In this
work, only genetic adaptation is demonstrated, while other adaptive schemes using constrained least squares
and Bayesian estimation may be explored in the future. Figure 4 shows the discharge cycle histories resulting
from one adaptation effort at cycle # =320. The adaptation was achieved using genetic algorithm search from
the previous optimal recurrent CNLS. In general, the updated ANN still tends to underestimate the discharge
capacity, but the adaptation resulted in about 60% improvement in predictive accuracy for ¢>320, as the
average error drops from 0.28 Ah to 0.08 Ah at 7 =321, and from 0.60 Ah to 0.27 Ah at t =340.
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Figure 4. Discharge Cycle Histories from Adaptive ANN and Metamodel
4. Predictive Accuracy Assessment
4.1 Generic Uncertainty Modeling

A PC-based uncertainty quantification technique [6][9] was applied to assess the predrctlve accuracy of the
recurrent ANN. Let matrix Xéxp (49’ 0] ) represents the ECM discharge cycle histories in lieu of experimental
data, and X, (9’ o) ) represents the recurrent ANN predicted battery discharge capacity, respectively at cycle
t. These matrices can be expressed in SVD as

Xéx :U[ Zl V[ T Xl —U’

t t
exp=exp” exp mod modEmodead . (4)

Matrices U,,,, %, .V, and U, ,Z. .V, , represent the left singular vectors, diagonal matrices of singular
values, and right singular vectors respectively. The PC error matrix is defined in [10] as

M= —I, W= PO Ve (5)

Vectorizing A¥", we define AY' = A¥' . Assuming zero mean, the covariance matrix of PC metrics is thus



1< Vi AV!
Sy :ZZAY Ay’ (6)
t=1

for n number of cycles. The covariance matrix of PC metrics, S, represents the generic uncertainty model.
4.2 Uncertainty Propagation and Quantification

Given a future recurrent ANN prediction X , it is possible to estimate the uncertainty of the prediction using the
generic covariance matrix S, [6][9][10]. By the first order Taylor’s series expansion, the perturbation of X
can be expressed as AX =T, AY , where matrix T, represents the transformation between the vectorized PC
and variable spaces obtained from the sensitivity of response matrix to the PC metrics. The covariance matrix
of vectorized variables X is then calculated via linear propagation as S, =T, S;; T, ‘iT . The lo and 20
uncertainty bands are obtained from the diagonal of S., where o =sqrt(diag(Sy;)). Using the PC-based
methodology, the predictive accuracy of the recurrent ANN was assessed for ¢#>280 cycles. The generic
uncertainty model was developed using the same recurrent training data at 1 <¢ <280 . Figure 5 shows the lo
and 20 uncertainty bands propagated through the adaptive recurrent ANN predictions at 35°C. The discharge
cycle histories from metamodel and adaptive recurrent ANN prediction are also superimposed on the plots. It
can be observed that the metamodel cycle histories generally lie within the uncertainty bands plotted over the
adaptive recurrent ANN predictions.
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Figure 5. Predictive Accuracy of Adaptive ANN
5. Conclusions

An evolutionary and adaptive artificial neural network (ANN) approach was proposed in this work to model and
predict the battery charge degradation. The results from numerical studies support the feasibility of the
approach. An equivalent circuit model (ECM) was used to generate surrogate data in lieu of the experimental
data. A particular type of neural network known as the connectionist normalized local spline was implemented
and used in the study. The modeling process involved constructing an ANN as a metamodel to enrich the
original data set generated by the ECM. The data could, in general, be acquired from measurements and/or
phenomenological model. Data generated from the metamodel were then used for recurrent ANN training. It
was demonstrated that the recurrent ANN can provide reasonable predictions of the battery discharge capacity
over cycles. It was also demonstrated that a recurrent ANN coupled with genetic algorithm adaptation could
improve the prediction. Finally, a principal components-based technique was used to assess the predictive
accuracy of the recurrent ANN. The uncertainty bands estimated by the uncertainty model successfully
captured the discrepancy between the ANN predicted and metamodel-generated discharge histories.
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