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ABSTRACT: The online estimation of battery state-of-health
(SOH) is an ever significant issue for the battery management
system. Recently, due to its advantages such as model-free and
flexibility, data-driven based methods are promising for online
SOH estimation. Aiming at the problems of heavy computing
burden and difficulty in implementing for microcontroller of
the existing battery SOH estimating methods, a novel
estimation approach based on the partial charging voltage
segment and kernel ridge regression (KRR) for the SOH of
lithium-ion batteries was proposed. KRR combines ridge
regression with the kernel trick, which thus learns a non-linear
function between the partial charging voltage segment and
lithium-ion batteries SOH by the respective kernel and the data.
The experimental results on two lithium-ion battery
degradation datasets show that the proposed method can
achieve fast and accurate SOH estimation, which can be further
applied to existing BMS only by adopting partial charging
voltage curve segments that could be easily obtained in actual
working condition.

KEY WORDS: lithium-ion battery; state of health (SOH);
partial charging voltage segment; kernel ridge regression
(KRR); date-driven method
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Fig. 1 Charge voltage vs. time and dQ/dV vs.
voltage curve under different SOH
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Fig. 5 The influence of the intial voltage and length of
segment on the SOH estimation error.
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date-driven method

Lithium-ion batteries are being extensively used as
the energy storage element to store and transform the
electric energy. Nevertheless, the online estimation of
battery state-of-health is an ever significant issue for the
battery management system. Recently, due to its
advantages such as model-free and flexibility,
data-driven based methods are promising for online
state-of-health estimation. The entire estimation process
includes four steps: data collection, extract the features,
train a machine learning model, online testing. Among
them, feature extraction and model selection are the two
key steps.

Aiming at the problems of heavy computing burden
and difficulty in implementing for microcontroller of the
existing battery SOH estimating methods, a novel
estimation approach based on the partial charging
voltage segment and kernel ridge regression for the
state-of-health (SOH) of lithium-ion batteries is
proposed. Compared with the other features, partial
charging voltage segment is much more impractical for
the reason that it need not the fixed initial SOC and the
fully charged. Kernel Ridge Regression (KRR) combines
Ridge regression with the kernel trick, which thus learns
a non-linear function between the partial charging
voltage segment and lithium-ion batteries SOH by the
respective kernel and the data.

Let x={x;} and y={y;} be the input and output of
the data, respectively. y; can be the SOH,
xi=[xt,x2,-,x"] can be the measured partial charging
voltage from experimental data, then the KRR model can
be represented as below:

L1
arg mln{HZII fi—vilp+2 0 f IR} o))

i=1

f, ZZ(ZJ—K(XJ-,Xi) 2
j=1
A is a positive parameter that controls o; x(x;, X;) is
the kernel function; « is the unknown solution vector;
|- |l is a Hilbert space norm. Then solve linear equation

for a as below:

S20

(K+AnDa =y ?3)

And obtain SOH with the partial charging voltage
as below:

y:;aik(xivi) (4)

In the experiment, NASA-Randomized Battery
Usage Data Set and Oxford Battery Degradation Dataset
are utilized to validate the proposed method. Mean
Absolute Error (MAE) and Max Error (MAX) are chose
to quantitatively evaluate the performance of the
proposed method.

The experimental results in Table 1 and 2 show that
the proposed method can achieve high SOH estimation
performances with average value of MAE separately
below 2.29% and 0.23% in NASA dataset and Oxford
dataset. In detail, it is clear that the performance of KRR
is superior to CNN in Oxford dataset, and worse than
CNN in NASA dataset. That is due to the reason that the
KRR method ignore the influence of temperature on
SOH. However, the computational complexity of KRR
method is very small, and it is more suitable for
implementation in existing BMS microcontrollers such
as TI128335 and STM32F103. To extend this work, the
future research will concentrate on designing the
proposed method in the prototype hardware
implementation for the BMS.

Table 1 Results of SOH estimation in NASA dataset %

Method  Criteria 16# 20# 24# 284 Total
MAE 1.38 1.07 1.32 1.44 1.26

CNN
MAX 4.87 2.83 2.56 4.64 4.87
MAE 2.61 2.05 2.28 2.22 2.29

KRR
MAX 7.73 6.94 2.71 7.49 7.73

Table 2 Results of SOH estimation in Oxford dataset %

Method Criteria Cell 4 Cell 8 Total
MAE 1.18 0.74 0.99
CNN
MAX 231 2.97 2.97
MAE 0.21 0.25 0.23
KRR
MAX 0.51 0.76 0.76




