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Abstract—Bayesian networks (BNs) are a common data-driven
approach for representing and reasoning in the presence of un-
certainty. Inference in a BN can quickly become intractable as the
complexity of the network increases, specifically in the number of
nodes and the number of states for each node. We demonstrate
the benefit of preprocessing cyclic time-series measurements using
principal component analysis (PCA), evaluating the technique
with the BN to perform diagnostics on a set of lithium-ion
batteries that have undergone repeated charging/discharging
cycles. The results show how PCA preprocessing can result in
simpler Bayesian network models than those from the raw data
while still achieving higher accuracy.

I. INTRODUCTION

Sensor networks and monitoring systems can generate large
amounts of measurement data very quickly. Turning these
measurements into usable information, on the other hand, can
be a difficult challenge [1]. For example, diagnostic models
may attempt to incorporate usage information and environmen-
tal conditions as they are measured to perform fault detection
and isolation. More frequent system measurements potentially
gives more information, but the models often become more
computationally expensive as they try to cope with the finer
resolution in the data. Data preprocessing becomes important
to convert the raw measurement values into more compact and
more abstract information that the models can more easily
handle. Dimensionality reduction techniques are applicable,
because they compact the data while attempting to preserve
the greatest amount of information. We examine the extent to
which PCA aids the diagnostic capabilities of the BN model
using the life-cycle measurements from sets of Li-ion batteries
that have been run to failure.

Section II gives the necessary background information and
related work. Section III describes the experimental design,
including a description of the dataset, the steps taken for data
preprocessing, and the design choices for network topology
and parameter estimation. Section IV compares the results of
the BN diagnostics with and without the PCA preprocessing.
Section V presents concluding remarks.

II. BACKGROUND AND RELATED WORK

In this section, we review principal component analysis
(PCA), Bayesian networks (BNs), and the supervised dis-
cretization technique based on average class entropy and

minimum description length (MDL). We end the section with
a survey of related work.

A. Principal Component Analysis

Principal component analysis (PCA) is a popular dimension-
ality reduction technique that linearly projects n-dimensional
data into a smaller d-dimensional coordinate system in which
each successive axis is aligned in the direction of the maxi-
mum remaining variance [2].

Suppose that we have a matrix of data D such that the
n columns correspond to the dimensions of the data and the
rows correspond to sets of measurements in each dimension.
We assume that the columns of D have been mean-centered
and normalized so that ¥ = DD is the covariance matrix.
W is the n x n matrix of eigenvectors of the covariance matrix
3.

Then the transformed data matrix D’ can be represented as
the projection of D onto W  as

D’ = DW.

To decrease dimensionality, we choose d < n of the top-
most eigenvectors (called principal components) of W for the
projection, resulting in an approximation of the data matrix
D’ using only d dimensions.

B. Bayesian Networks

Bayesian networks are probabilistic graphical models that
use nodes and arcs in a directed acyclic graph to represent
a joint probability distribution over a set of variables [3].
Formally, suppose that P(X) is a joint probability distribution
over m variables z1,...,z, € X, and that Parents(z;)
denotes the parents of the node x; in the network. Then the
graphical structure of the network factors the joint probability
distribution as,

P(X) = H P(x;|Parents(z;)).
i=1
The full joint probability distribution is exponential in
the number of nodes and number of states for these nodes.
By factoring the joint probability distribution into only the
relevant variable interactions, represented by the parent-child
relationships in the network, the complexity of the network can



be better managed. Nevertheless, exact and even approximate
inference in general Bayesian networks is NP-hard [4]. Thus,
the the number of nodes, states, and arcs in the model must
be balanced to make inference tractable while maintaining a
relatively accurate model. One of the ways to accomplish this
is by improving the quality of the data that the model is using.

The Tree Augmented Naive (TAN) Bayes model is a special
type of Bayesian network that selects one node as the parent
of all other nodes. This serves as the class node, that is, the
state to be predicted, given evidence assigned to its children.
Further dependencies are allowed between the children of the
class node, as long as the dependencies form a tree structure
from these child nodes.

C. Supervised, Entropy-Based Discretization

The Bayesian network definition presented here is a
discrete-state model, meaning the nodes in the network repre-
sent conditional probability tables that define the probabilities
for all the node’s states conditioned on the parents’ states. The
data used by the models in the following experiments are real-
valued voltage, current, and temperature measurements. Thus,
these real-valued measurements need to be discretized into a
discrete number of states capable of being represented by the
model.

If the class label is known, the discretization can be done
with respect to this class label, referred to as supervised dis-
cretization [5]. In particular, we use a supervised discretization
technique that recursively splits intervals based on average
class entropy and uses the minimum description length as the
stopping criterion [6].

Suppose that a set S of N = |S| instances has & classes,
labeled as C1, Cs, ... Cy. Let P(C;, S) be the proportional of
samples in S having class C;. The entropy H(S) of a set S
is

k
H(S) ==Y P(C;,8)log P(C;, ).
i=1
Suppose that an interval boundary 7' of continuous-valued
attribute A partitions S into S7 and Ss. The class information
entropy of the partition induced by 7T, is defined as

E(A,T;S) = @H(Sl) + @H(Sg).
5] 5]

The interval boundary is chosen that minimizes E(A,T'; S).
Each attribute is recursively partitioned into two subsets until
the information gain, H(S) — E(A,T;S), falls below a
threshold that is based on the number of samples, the number
of classes, and the class information entropy of the current
partition.

D. Related Work

PCA has been used with several different types of machine
learning models, such as neural networks [7], [8] and sup-
port vector machines [9]. Examples of PCA with Bayesian
networks include [10] and [11].

However, used as a preprocessing step, these papers are
less concerned with quantifying or analyzing the improvement
that PCA can offer over just using the raw values. By using
a discrete Bayesian network and supervised discretization on
data with and without PCA preprocessing, we can compare
the resulting number of states, one of the driving factors
of Bayesian network computational complexity. Thus, while
the PCA preprocessing step can be time-consuming up-front,
it makes model creation and inference much more efficient.
By comparing model performance with and without the PCA
preprocessing, we can show that PCA still preserves and even
improves model accuracy.

III. EXPERIMENTS

This section performs diagnostic comparisons between the
raw measurements and the values projected onto only the
first principal component after the PCA preprocessing. The
Structural Modeling, Inference, and Learning Engine [12] was
used to construct TAN models from the data and perform
model inference.

A. Dataset

The dataset used in the experiments, provided by the Prog-
nostics Center of Excellence at NASA Ames [13], consists of
a total of 34 lithium-ion batteries that underwent accelerated
aging. Each battery was run under a cycle of 3 opera-
tional profiles: charge, discharge, and impedance testing. The
charge/discharge cycles performed accelerated battery aging,
while the impedance testing provided the damage criterion,
or health estimate, of the battery. The batteries cycled through
these operational profiles (although impedance testing was not
performed in every cycle) until they reached their end-of-life
(EOL).

During the charge cycle, the features of the dataset were
battery terminal voltage, battery output current, battery tem-
perature, current measured at charger, and voltage measured
at charger. The charge cycles occurred under constant current
at 1.5A until the battery voltage reached 4.2V. The charging
continued under constant voltage until the charge current
dropped to 20mA. The Bayesian networks were learned from
these charging cycles both with and without the PCA pre-
processing. Given the characteristics of each charging the
cycle, the models were used to predict the capacity during
the subsequent discharge cycle.

During the discharge cycle, the features of the dataset
were battery terminal voltage, battery output current, battery
temperature (as above), current measured at load, and voltage
measured at load. The capacity value of each discharging cycle
was derived from these measurements and was used as the
health estimate to be predicted by the models. The sets of
batteries were discharged under different profiles that varied
the current loads and the voltage thresholds. Thus, different
Bayesian networks were learned for each battery set.

Because in our scenario, diagnosis occurs at the charger, the
discharging data is not used and so the discharging profiles are



TABLE I
NUMBER OF BINS FROM MDL DISCRETIZATION ON BATTERY SETS,
BEFORE AND AFTER PCA ON CHARGING CYCLES

Median Average
Variables Before  After | Before  After

o Cycle 8 2 28.6 2.2
'§ Input Current 33 3 36.2 29
§ Input Voltage 122 2 99.0 2.9
= Temperature 27 2 31.9 2.6
ff: Current at load 350 3 304.7 34

Voltage at load 134 2 142.3 2.6
o Cycle 15 2 34.7 2.8
'§ Input Current 39 3 45.0 33
5“ Input Voltage 206 3 181.0 33
= Temperature 30 3 42.6 2.9
8 | Current at load | 602 3| 6137 36

Voltage at load 192 3 191.1 3.0
o Cycle 17 3 43.6 32
'§ Input Current 44 3 49.6 33
5‘ Input Voltage 209 4 208.0 4.2
= Temperature 47 2 49.6 3.0
% | Current at load | 760 4 | 6877 44

Voltage at load 247 2 2354 3.7
o Cycle 21 2 444 3.1
'§ Input Current 50 3 54.1 3.6
Lﬁ; Input Voltage 228 4 233.0 3.9
k= Temperature 50 2 54.1 2.8
‘ﬁ Current at load 836 4 846.2 4.1

Voltage at load 254 3 264.1 33

not listed. The BN should be able to detect degradation during
charging regardless of the battery’s discharging profile.

During the impedance testing, the features of the dataset
included the current in sense branch, current in battery branch,
battery impedance, estimated electrolyte resistance, and esti-
mated charge transfer resistance. However, the data from the
impedance cycles were not used in the models.

B. Discretization

The health variable (capacity) was first discretized by equal-
width binning into 2, 3, 4, and 5 bins. For each of these number
of bins, the remaining variables then underwent supervised dis-
cretization using the entropy-based binning described above.

The resulting bins influenced both model accuracy and the
tractability of inference. In general, as discretization becomes
more granular, models may be able to achieve better accuracy.
However, the models run a risk of “memorizing” the data,
mapping a small set of unique real values to specific class la-
bels, and losing the ability to generalize across larger intervals.
Furthermore, the data also becomes more sparse, because there
are fewer examples for each discretization. Lastly, the number
of states in the models (corresponding to the number of bins)
also control the computational complexity of running inference
on the model. The more states, the higher the computational
burden becomes.

TABLE I
AVERAGE ACCURACY OF THE TWO BAYESIAN NETWORK CLASSIFIERS
WITH AND WITHOUT PCA PREPROCESSING

Battery Set IDs | Without PCA | With PCA
{5-7, 18} 88.6% 99.7%
{25-28} 99.2% 99.2%
z {29-32} 92.9% 90.4%
g | {333436} 89.6% 91.3%
S {38-40} 90.6% 98.6%
~§,§ {41-44} 97.2% 98.0%
& {45-48} 77.5% 95.8%
{49-52} 57.3% 64.6%
{53-56} 99.3% 99.3%
{5-7. 18} 73.1% 97.1%
{25-28} 98.3% 98.3%
z {29-32} 93.6% 84.6%
2 | {333436} 96.6% 82.8%
S {38-40} 98.6% 97.1%
f;; {41-44} 99.0% 98.7%
< {45-48} 71.8% 91.2%
{49-52} 92.9% 85.6%
{53-56} 92.7% 92.7%
{5-7, 18} 69.7% 95.9%
{25-28} 96.7% 96.7%
z {29-32} 87.8% 78.8%
2 | {333436} 88.9% 92.2%
3 {38-40} 100% 96.4%
fé {41-44} 96.3% 99.0%
< {45-48} 67.6% 88.4%
{49-52} 90.2% 55.8%
{53-56} 73.8% 73.8%
{5-7, 18} 70.3% 94.8%
{25-28} 90.8% 90.8%
z {29-32} 73.1% 80.1%
g {33,34,36} 85.9% 71.3%
3 {38-40} 97.1% 95.7%
5 {41-44} 96.3% 97.6%
m {45-48} 85.6% 82.7%
{49-52} 84.0% 76.7%
{53-56} 15.5% 102%
IV. RESULTS

Two Bayesian network classifiers were tested. The first used
the raw discharging measurements, without PCA preprocess-
ing. The second used the preprocessed data, in which PCA
was performed on the discharging cycles aggregated across all
battery datasets, and each cycle was projected onto the first
principal component. The two datasets then underwent their
own supervised discretization.

Table I shows the number of bins for each variable after
MDL discretization, averaged across the sets of batteries,
before and after PCA was performed on the raw measure-
ments. As can be seen from the table, the PCA preprocessing
significantly reduced the number of bins returned by the
supervised discretization for all variables. This is because PCA



extracted the most important features from the data, resulting
in fewer bins when discretizing the measurements with respect
to the capacity state.

However, the goal of the discretization is to create Bayesian
network classifiers to accurately predict a battery’s capacity.
Thus, the number of bins, while impacting the computational
complexity of the models, still need to be sufficient to allow
the models to achieve reasonable accuracy.

To keep the accuracy results comparable between the two
models, the number of bins of the raw data was constrained
to match that of the PCA data. This was to test whether the
PCA data was able to train more accurate models than the
raw data, given similar complexity of each dataset’s networks.
After the supervised discretization was performed on the raw
data, the bins went through a merging process. Adjacent bins
were merged when the merge resulted in the least increase
in class information entropy. This process was repeated for
each variable and for each battery set until the number of
bins matched that the corresponding number of bins of the
discretized PCA data.

After structure learning and parameter estimation, the mod-
els were tested on each charging cycle of each battery set.
Given the six observed variables of the charging cycles, the
models were to predict the state of the capacity during the
subsequent discharging cycle. For the model training from
raw data, the model performed inference on each set of
measurements in the discharging cycle and the most-predicted
state over the cycle was used as the prediction. Table II shows
the accuracy of the two classifiers across the sets of batteries.
The model with the PCA data tended to outperform the model
with the raw data on the majority of battery sets.

V. CONCLUSION

This paper shows how PCA preprocessing can increase the
tractability of Bayesian networks without degrading classifi-
cation accuracy by applying the PCA preprocessing technique
to estimate Li-ion battery capacity using measurements of the
battery discharge cycles.

Although preprocessing the data with PCA may entail extra
computation when training the networks, the resulting models
can have a better trade-off between complexity and accuracy
when performing inference.
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