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ABSTRACT

The determination of the state of health of batteries is a necessary parameter for planning the
acquisition of new units in storage systems for energy support. Currently, there are many
investigations focused on determining the of the state of health of batteries of different types of
batteries, as well as their useful life. However, none have analysed the of the state of health of
batteries by changes in the transmittance of the electrolyte for a specific frequency, as proposed
in this article. The project from which this article derives considered different health states of
lead-acid batteries. The percentage of optical transmittance of the four central cells of the battery
was analyzed, generating a classification pattern that allowed the approximate value of battery
health to be obtained from the transmittance. The variation of the battery electrode is verified
according to the changes in the state of health measured in the electrolyte. This method can be
applied to batteries online. The proposed method for determining battery health is a
non-destructive and cost-effective way to assess the remaining capacity of batteries. It could be
used to extend the lifetime of batteries in storage systems and to help to ensure that systems have
the capacity to meet energy demands.
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INTRODUCTION

In many remote areas that are not electrified, the efficient use of renewable energy supply
(RES), isolated systems have been developed that combine photovoltaic energy and wind
energy and combining these in turn with diesel systems and storage systems such as
batteries[1].

Some institutions are often characterized by peculiar energy requirements. In fact, they
must be in operation continuously during the day, every day of the year [2]. Hence the need for
systems that are permanently monitoring the state of the energy systems. In the case of
renewable systems, it is the battery that must deliver the state of health in which it is found to
project the acquisition of new ones.
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Lead acid batteries are widely used as a primary source of energy in some stationary
systems and electric vehicle due to their lower cost, and recycling efficiency and will remain in
the near future. Despite this advantage, these batteries are prone to acute and chronic defects
due to continuous use and may develop various faults during use, such as electrolyte depletion,
sulfonation, etc. Therefore, it is expected to continuously monitor the state of health (SOH) and
state of charge (SOC) of the battery [3]. Among the techniques used to determine the SOH are,
among others, those indicated in Table 1.

Table 1. State of the art of state of health measurement techniques

Method to Method details
determine the
state of health
Two pulse load This experimentation was carried out by Colleman et al. 2008
test [4] with 7 lead acid batteries. The battery is subjected to short
pulses of 10 A during the discharge process for 17 Ah batteries
and the voltage drop in V is measured, which increases as the
battery is more discharged.

Electrochemical Electrochemical Impedance Spectroscopy (using the

impedance cross-correlation technique to previously trained data) was
applying the developed by Giicin and Ovacik [5] and it is a powerful test
cross-correlation  technique that is widely applied to electrochemical cells to
technique determine the frequency response of the cell impedance.

The electrochemical impedance meter is very expensive,
although it has the advantage of being done online.

Amp hour count It is the most widespread technique to measure the battery charge
and from this deduce the SOH, by counting amps, the amp count
is reduced as the battery delivers charge-discharge cycles [6]. It
was also experienced by Wetz et al. [7].

SMO- Slide mode In [8], an estimation scheme is presented for the combined
observers estimation of SOC and SOH of lithium-ion battery cells by
applying the sliding mode theory in electrochemical models.

X-Ray Analysis It allows visualizing the changes suffered by the electrodes due
Scanning Electron to the use of the battery [9].
Microscopy

Several parameters contribute to battery degradation, such as temperature,
charge/discharge profiles, and inherent battery characteristics [10]. In general, the SOH is
related to the physical quantities that control the electrochemical process within the battery.
Therefore, any parameter that varies with the use of the battery could be considered as an
indication of the SOH of the battery. So battery models are generally electrochemical,
circuit-based equivalent, performance-based, and analytical models [11]. The parameters that
generally determine the quality of a battery are subject to its application, but in general terms,
the most important and what researchers focus their studies on are: the relationship of life
cycles to a depth of discharge, battery lifespan, The state of health [12], the state of charge
(SOC) [13] and current density [14].

To measure or project these parameters, techniques such as spectroscopy used in
biomedical and chemical analysis are used, such as the case of Chen ef al. [15], who propose a



10-bit digital impedance converter with which it is possible to directly measure the magnitude
and phase of the impedance to digital codes for a range between 0.1 mHZ and 100 kHz, a
technique also used in Shabbir ef al. [16] using frequencies between 50 mHz and 10 kHz, range
in which it is possible to obtain answers related to the dielectric and electrochemical properties
of the system, although the frequency range between 10 mHz and 100 kHz has been
experimented with for synodal signals with an amplitude of 5 mV in Li-ion batteries [17].

Rada et al. [18] analyze the behavior of lead-acid batteries using the appropriate
Kramers-Kronig relationships to verify whether the experimental impedance data using
electrochemical impedance spectroscopy belong to a linear and real electrical equivalent
circuit or not, they also verify components in the electrodes using diffraction X-rays and give
an estimate of the final percentages of a worn battery in which almost 60% of the composition
is lead sulfate.

Most of the research is focused on lithium batteries and uses techniques that could be
explored in other types of batteries, some techniques are expensive, others require the
disassembly of the material to analyze the composition of the electrodes, and their techniques
are not as accurate, but more economical as is the case with direct terminal measurement of
current voltage and temperature measurement.

The relation of the variation of the optical transmittance of the batteries as they lose
capacity, which is verified from the ampere counting technique, has not been worked on in the
consulted literature.

In a previous work, the experimental setup was developed and published in [19]. In this
new project, it was sought to predict the state of health of batteries from experimental data by
adjusting a portion to generate a classification.

A method of classifying the SOH is proposed from the transmittance values obtained from
the electrolyte of each of the four central cells of the battery. A widely developed classifier in
the literature is the Bayesian classifier that is a naturally probabilistic method that performs
classification tasks based on the class membership probabilities [20] that uses a Gaussian
distribution as an a priori distribution function of the training data [21].

The proposed classification is framed in the grouping of four different classes, which
manage four SOH intervals from the transmittance measured for the electrolyte with different
states of use. Therefore, four input features are presented in the training to generate the prior
probability constituted by Gaussian distributions.

MATERIALS AND METHODS

The optical method used and the forced electrical wear used are defined below, as well as
the forms of prediction of the state of health of the batteries.

The electrical variables measurement system

The embedded system performs permanent monitoring of the current to count the amps
consumed until the voltage drops to a certain value where the electronic load cannot supply the
programmed current or the active battery voltage reaches approximately 10.5 V as a deep
discharge. And the charging process starts again to complete a complete cycle. The implemented
scheme is shown in Figure 1 (previously developed and published in [19]). In this the electronic
load control measures the voltage in a 100 W and 1-ohm resistor connected to the emitter output
of the IGBT, the battery current is in proportion to the measured voltage, and when the battery is
discharging the voltage between collector and emitter is reduced to keep the voltage in the resistor
RL constant and therefore the current through it, also constant, the comparator AO serves as a
control element on the voltage of the IGBT gate which at the same time increases or decreases, in
the case of discharge, the voltage VCE. The embedded system captures the current and adjusts the
op-amp voltages according to the desired current.
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Figure 1. General scheme of the experimental setup [19]

The electronic maintains an almost constant current of around 6 Ah (previously developed and
published in [19]) and drops a little at the end of the charge when the measured voltage is
approximately 10.5 V. The data is obtained from a data acquisition that consists of an embedded
system based on Arduino Nano, with a micro SD storage system and by serial communication on
the PC using Matlab®, in addition to a system of voltage divider isolated by operational
amplifiers that allow measuring voltages higher than 5 volts and lower than 22 V.

The work that was developed, finally considered the analysis for 6 batteries and 1 additional
destroyed new to analyze the initial structure of the electrodes using scanning electron
microscopy (SEM), whose maximum initial capacity, when they were new, was 42 Ah, the data
acquired through an embedded system and the electronic load designed from an IGBT as a power
control element.

100% depth of discharge (DOD) cycles were performed based on 100% discharge when the
battery drops to a voltage of 10.5 volts, discharge current was performed at rates of 14.2% of
maximum rated capacity, and intercalated discharges of 5% of the nominal capacity to adjust the
C20 standard, which is indicated as the maximum charge divided by 20 and which allows the
value of the charge to be recorded in the previous charge and discharge cycle at a higher current.

As mentioned before, discharge tests are performed at C3 or 14.2% of the maximum battery
capacity. In the case of 42 Ah batteries, the discharge was carried out at 6 A, it should be noted
that this relationship is maintained regardless of the state of health (SOH) due to the discharges
made in each cycle, the amp count is performed by ensuring of the current in the electronic load
through the data acquisition system and using egs. (1), (2) and (3), the SOC during the load,
SOC during the discharge and the SOH are obtained, respectively:

1 t
SOC = SOC +—f 1] dt
0 Qmax(k) 0

()
1 t
SOC=S0Cy — ———— Ild
o~ G 1 ©)
Qmax
SOH = ———
Qmax(k) 3)

Where SOC, corresponds to the charge that the battery initially had whether it was in the process
of charging or discharging, Q,,.x 1s the maximum charge of the new battery, and Q. (k) is the
maximum charge after the kth charge-discharge cycle.
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Figure 2 (previously developed and published in [19]) shows the internal system of the
camera implemented for measuring the transmittance that allows the electrolyte to pass through.
This consists of an SHT10 sensor, which is a two-wire interface digital sensor that allows
measuring temperature values in the range of 10 °C to 80 °C with a precision of +£0.5 °C, a UVC
lamp with a narrow spectral range maximized at 254 nm, a quartz cuvette containing the
electrolyte to be measured and a 254 nm UVC sensor. The chamber is closed during
measurements. The distance between the lamp and the electrolyte is 0.5 cm and between the
electrolyte and the sensor is 1 cm. The transmittance ratio is made by taking as reference the UVC
reception of the sensor when it passes through the electrolyte, about the incident signal of the
cuvette without the electrolyte.

uvce 254nm
sensor =t

)
Temperature
sensor

Figure 2. Camera for the measurement of UVC 254 nm transmittance [19]

The values of % transmittance and %SOH for all the samples acquired for each of the four
cells of the analysed battery (cells 2 to 5) can be seen in Figure 3a and the average of all the
measurements of each cell for a SOH, in particular, can be seen in Figure 3b.
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Figure 3. Transmittance % data for each SOH value: Acquired data (a); Averaged data of each cell

(b)

The independent variable during data acquisition is %SOH and the dependent variable is %
transmittance. Since what is sought is to determine the %SOH from the % of transmittance
acquired, a classification method must be sought for the forecast of the SOH that has been
given transmittance data. So, grouping the points, without considering that they come from
different cells, they are marked on the plane with the independent variable on the x-axis for the
% transmittance as shown in Figure 4.
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Figure 4. Experimental data with the change of axes for classification

Bayesian classifier

One of the pattern recognition methods is statistical classification in which the posterior
probability (eq. (4) of a sample belonging to a certain class is estimated by evaluating the prior

probability of this sample in the process of class segmentation and evaluated according to
Bayes's theorem [22] which determines that:

P(x|w;)P(w;) 4)

P(wilx) = ()

The probability of each class defined by P(w;|x) where X ( feature vector), P(x|w;) is the
prior probability for the data used in training. For example, if there are 2 classes, the total
probability is obtained, which depends on the contribution of each class (eq. (5)).

P =) Palw)P@) ©)

The Bayesian classifier can be set for the two classes as:
if P(w1]|x)> P(w,|x), x is classified by w;
if P(w,]|x)> P(w4]|x), x is classified by w,.

The method used for pattern recognition performs better if the appropriate features are
chosen, so it is important to represent the data to be analyzed on a feature plane [23]. It
implements a univariate and symmetric Gaussian distribution around zero (eq. (6)):

|x=x;] (6)

e 202

2102

p(x, xi) =

Where p(x, x;) is the probability density and compares it with a Laplacian distribution
Figure 5, in which the dotted line is the Gaussian and the upper continuous is the Laplacian

signal and between both, the real signal for different levels of the signal analyzed in this case
the superficial EMG signals.

The approximation of the signals to a Gaussian distribution rather than a Laplacian one is
observed, this phenomenon is repeated for many real phenomena.
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Figure 5. Gaussian and Laplacian distribution

Using a Gaussian distribution for two characteristic axes, the mean, variance, and
covariance must be found to determine the line or trend of the data.

Generalization of Gaussian distributions [23] can be rewritten as follows:
e1/2G-wTE (x-p) (7
(2m)25? /2

p(x) =

where u = E[x] is the mean expected value:

Y = E[(x — w)(x — u)T] is the covariance matrix

ot 021] (8)
2
012 03

|

Case 1: If 0y, = 0 and 6f = 0 grouped data forming a circumference centered on u;
Case 2: If 01, = 0 and 6f > % the data form an ellipse with major axis x;;
Case 3: If 0y, = 0 and 67 < g2 the data form an ellipse with major axis xy;

Case 4: If 0, # 0 and 6 > o7 the data form an ellipse with major axis forming an angle
between x; y x5.

RESULTS AND ANALYSIS

This work takes into account part of the work developed in [19] but improves the quality of
the samples, increases the number of samples and provides a Bayesian classification method to
determine the state of health from the measured UVC transmittance and taking into account 5
classes or SOH ranges, the SEM analysis of the electrode of one of the batteries experienced is
also carried out as useful life is lost.

On the other hand, although there is no experimental result that demonstrates the relationship
of the possible presence of lead sulfate species in the electrodes with respect to the electrolyte, it
could be observed that while the energy capacity of the battery is lost due to the obstruction of
lead oxide lead and lead by sulfate species, there is also a variation in the optical transmittance
ewn the electrolyte.
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Scanning electron microscopy

The process of charging and discharging in the battery causes its electrodes to undergo
structural changes due to the accumulation of lead sulfate that cannot be released, exhausting
the effective area of the plates that act as anode and cathode. Especially an accumulation of
lead sulfate is observed in the spongy lead plates that serve as the anode and that when they are
not in use, they present a micrometric structure (scale of 10 pm) like the one seen in Figure 6a
and the structural change with use when the battery has depleted 70% of its initial capacity
Figure 6b, recorded by an Scanning electron microscopy (SEM).
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Figure 6. Battery electrode structural changes recorded by SEM: New battery (a); Battery with 70%
of use (b)

Although the electrolyte presents a visual change due to the detachment of the electrode
particles, these remain at the bottom of the battery due to their density, leaving the electrolyte
on the surface in a translucent manner. Figure 7a shows a surface electrolyte sample taken
from a new battery. Contrasting with Figure 7b in which the surface sample is taken but from
a used battery, in a visual approximation no differences between both electrolytes are
appreciated, including the battery electrolyte. The new battery Figure 7c, also becomes
translucent like the previous ones, the opposite happens with electrolyte taken from the bottom
(Figure 7d) of the used battery which is quite cloudy just after it is extracted and it becomes
more transparent as solid particles of higher density are precipitated (Figure 7e). For this
reason, a non-visual sample analysis method was used and manage a spectral range in which
you could appreciate the differences in the surface electrolyte that you have access to without
destroying the battery.

Using a UVC sensor outlined in the previous section, it is possible to experiment with
samples subjected to a wavelength of 254 nm, passing the light beam through quartz cuvettes
such as those in Figure 7, but taking the surface electrolyte and with different levels of SOH.

o A
(a) (b)

(d) (e)

Figure 7. Electrolyte tone at the bottom and surface of the battery: New battery surface electrolyte
(a); Used battery surface electrolyte (b); New battery bottom electrolyte (c); Used battery bottom
electrolyte (d); Same electrolyte of image d, after 5 minutes (e)
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Gaussian classification

Each battery cell delivers a transmittance value that represents a characteristic from the %
transmittance to predict the %SOH. This is achieved by segmenting the transmittance for each
of the cells analyzed (cells 2 to 5) and being able to generate four transmittance characteristics,
which allow the separation between the classes of each interval of the SOH as shown in
Figure 8, where for dimensional reasons only cells 2, 3 and 4 are graphed.
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Figure 8. Transmittance in three battery cells grouping different health state ranges

In the end, the Bayesian classifier presents a good classification handling four intervals of
transmittance % with only 2, which indicates a correct classification of 98.5%, erroneous
samples in the classifier test, as indicated by the confusion matrix in Figure 9, the training time
it was 135 seconds. The indices of the confusion matrix (see Table 2) indicate the selected

intervals for the %SOH.

True class

Model 2

45

45

7 < & v
Predicted class

Figure 9. Bayesian classifier confusion matrix

Table 2. Representation of the indices of the confusion matrix for 4 output intervals each indicating

a class or range of %SOH.

Index % Variable representing the index
1 SOH between [30% and 40%)
2 SOH between [40% and 60%)
3 SOH between [60% and 80%)
4 SOH between [80% and 100%]




CONCLUSION

According to the results of the SEM microscopy, it can be interpreted that the presence of
sulfate species that adhere to the electrode and that account for the reduction in the health status
of the battery, can influence the variation of the optical transmittance of the electrode.
Electrolyte due to species that remain suspended in the latter.

The literature consulted does not address this type of characterization of battery
electrolytes, which makes it a novel method applied to these compounds. The classification of
the state of health through the measurement of UVC transmittance is still exploratory method
that can be used in the analysis of the state of health of other types of liquid electrolyte batteries
different from those reported in this paper.
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