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Abstract: Storing energy efficiently is one of the main factors of a more sustainable world. The battey
management system in energy storage plays an extremely important role in ensuring these systems’
efficiency, safety, and performance. This battery management system is capable of estimating the
battery states, which are used to give better efficiency, a long life cycle, and safety. However, these
states cannot be measured directly and must be estimated indirectly using battery models. Therefore,
accurate battery models are essential for battery management systems implementation. One of
these models is the nonlinear grey box model, which is easy to implement in embedded systems
and has good accuracy when used with a good parameter identification method. Regarding the
parameter identification methods, the nonlinear least square optimization is the most used method.
However, to have accurate results, it is necessary to define the system’s initial states, which is not
an easy task. This paper presents a two-outputs nonlinear grey box battery model. The first output
is the battery voltage, and the second output is the battery state of charge. The second output was
added to improve the system’s initial states identification and consequently improve the identified
parameter accuracy. The model was estimated with the best experiment design, which was defined
considering a comparison between seven different experiment designs regarding the fit to validation
data, the parameter standard deviation, and the output variance. This paper also presents a method
for defining a weight between the outputs, considering a greater weight in the output with greater

model confidence. With this approach, it was possible to reach a value 1000 times smaller in the
check for

updates parameter standard deviation with a non-biased and little model prediction error when compared to
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L ) . 1. Introduction
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The battery’s development advance is a historically slow process. However, it has
been remarkably driven by demands from the electric mobility sector as never before.
So, since battery invention, the search for rechargeable batteries with greater capacity
and smaller size and weight has become the purpose of many researchers from different
areas [1]. In [2], they presented a new approach for a lithium metal battery electrolyte.

This approach results in better energy density and safety when compared to lithium-ion
batteries. Another example is the work in [3], in which a new battery design allows high-
Copyright: © 2023 by the authors. speed charging. Regardless of the battery type, to ensure safe and efficient battery operation,
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Based on some batteries’ internal physical and chemical understanding mechanisms, a
mathematical model allows for simulating and observing battery behavior under controlled
and specific operating conditions. Several physical phenomena (electrical, electrochemical,
thermal, and mechanical) occur in different perspectives in the battery system, from an
atomistic context of its constitution to a macroscopic one in the application system [5]. The
mathematical model must also be chosen to describe the battery dynamic, and this dynamic
can be totally different regarding the application [4].

As a basic feature, all models have the ability to transform information into certain
patterns. The system identification theory deals with building mathematical models of
dynamic systems based on observed system data [6]. In system identification, models can
be separated into three groups: white box models, black box models, and grey box models.
Electrochemical models are considered white box models, empirical models are considered
black box models, and equivalent circuit models (ECMs) are considered grey box models.
The difference is based on the amount of prior physical system knowledge required to
generate their algebraic-differential-transcendental mathematical equations [7].

In this paper, we will focus on nonlinear grey box models. The grey box modeling
technique emerged as a “middle ground” between white box and black box models. This
model assumes that some information in the dynamics of certain physical parameters
is known, and the parameters may have certain restrictions or operational limits. In
other words, it uses known information to infer unknown information, which would be
difficult or impossible to measure. This technique combines prior physical knowledge with
experimental data to perform a physical interpretation to assign numerical values to model
parameters [8-10]. Here, we explore a new approach: we combine the battery’s physical
knowledge with knowledge about the battery application. This way, we define the most
suitable experiment data that can perform a better physical interpretation focusing on the
battery application.

When a complex system is modeled, the model contains some unknown parameters.
For example, considering a lithium battery, its internal impedance is greatly affected by
temperature and state of charge (SOC), but its exact relationship is not well defined. These
parametric values are estimated using statistical correlations (system identification) from
experimental data [8]. Such battery designs fail to reflect the effects of current, SOC, SOH,
temperature, or self-discharge on the internal characteristics of the battery. These models
are less accurate than white-box models, due to the lack of a more faithful and accurate
representation of internal electrochemical processes and nonlinearities [11]. Therefore,
models that should be able to achieve optimal performance are difficult to obtain only with
algorithms based on grey box and black box models [12].

In this context, while equivalent circuit models (grey box models) are not as accurate
as electrochemical models (white box models), the ECMs are generally much simpler in
their structure, making them feasible to be used and processed in the embedded computing
environment (with restrictions processing speed, type of arithmetic, and memory capacity).
Equivalent circuit models are called grey boxes due to a physical analogy between the
components used in the modeling and the real battery components and phenomena. In
other words, they are not white boxes because they do not use partial differential equations
related to physical-chemical fundamentals, and they are not black boxes either, because
they are not based only on experimental data. When the ECM is operated under specific
conditions (for example, within a certain range of temperature and SOC), the accuracy of
these models can be more than 90% and, when treated appropriately, can produce useful
results for the energy storage management, in any application [4,13].

There are several papers that perform the battery mathematical modeling through
an ECM, each paper with a different approach to parameter identification [14-21]. In [14],
they add a moving average noise to the ECM and use the recursive extended least squares
algorithm to identify the battery parameters. In [15], they propose an adaptive forgetting
factor recursive least square for online parameters identification of an ECM. The authors
of [16] make an observability analysis in an extended equivalent circuit model; this work



Energies 2023, 16, 2218

30f15

decomposes the traditional ECM into two sub-models mathematically and the output of
one sub-model is the battery voltage and the output of the second sub-model is the state of
charge. They used two sub-models to avoid applying the nonlinear observability method
directly to the extended battery model. In [17], they made experimental procedures for
model parameter identification of an ECM optimized by orthogonal analysis. Most recently,
in [18], they developed a combined fixed memory recursive least square and a fading
extended Kalman filter to obtain the parameters of an ECM.

This shows that the parameter identification approach becomes as important as the
battery modeling itself. Developing an approach that is easy to apply and allows accurate
results is not an easy task. In this context, this work presents a different strategy that has
not yet been found in the literature as far as our research has led us to conclude. We add a
second output to the battery equivalent circuit model equations and perform parameter
identification through a nonlinear grey box model with a different weighting strategy
between the outputs. This strategy allows the model’s initial states to be correctly identified
by the nonlinear least squares optimization method and places a greater weight on the
output that the model has greater confidence in. This makes the identified parameters more
accurate and less biased when compared to the traditional one-output model.

1.1. Objectives and Contributions

The purpose of this paper is to present a new approach to develop a grey box model
based on a battery ECM that will be used for a state of charge estimation, in a battery
applied in an electric forklift. To achieve this purpose, the previous work in [4] will be
used as a basis and result comparison. In [4], a nonlinear grey box model was developed.
However, there was an inconsistency in the model’s initial state estimations; thus, in
this work, a new nonlinear grey box model was developed to correct this inconsistency
and to achieve better parameter estimation accuracy. This new model uses two outputs,
considering the state of charge as one of its outputs instead of only using the battery voltage
as an output.

In addition, this paper also compares the new model with seven different experiment
designs, presented in [4]. Focusing on an electric forklift application, the experiment type
and the resulting data sets were tested against this new model, to select the best-suited
method that provides information for BMS algorithm evaluation and certification.

1.2. Paper Organization

Section 2 presents the battery modeling with the ECM and the state-space equations.
This section also presents the system identification methodology and the studied battery
cell characteristics. Section 3 compares seven different experiment designs and analyzes
the best experiment designs for the two-outputs nonlinear grey box model applied in the
state of charge estimation in electric forklift applications. Section 4 presents the two-output
nonlinear grey box model result, estimated with the best experiment design defined in
Section 3. Section 5 presents the conclusions.

2. System Statement

The battery model representation by an equivalent electrical circuit is one of the most
popular, since it has a good compromise between accuracy and usability. Circuit-based
models are also simple and practical because they allow complex electrochemical processes
to be replaced by a simple electrical circuit, with similar dynamics [22]. Equivalent circuits,
such as the Theévenin type or a variable impedance model, are often used. In this model,
the correlation with the dynamics of the real battery can be preserved (or emulated),
without greatly compromising its accuracy. However, the accuracy of these models is
highly dependent on the structure and topology of the circuit [13,23,24].
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2.1. Lithium-Ion Battery Model

Based on the work made in [4], in this paper, we will use an ECM model with 1 RC
branch considering the relationship between the OCV (Open Circuit Voltage) and the SOC.
and also the hysteresis effect. The model is represented in Figure 1.

Vre (t)
/-—-———-—-‘
= @
R1 -+

RO
I(t) ¥> Cn __) soc (t) <_> Voc = f(S00) _IC!_ Vi (t)

Figure 1. Equivalent circuit model for a lithium-ion battery pack.

Considering Figure 1, the equations and states that represent this circuit are as fol-
lows [4]: u(t) = I(t); x1(t) = Vre(t); x2(t) = SOC(t). Where x1(t) and x;(t) are:

. 1
x1(f) = TR G *xl(t)—c—l*u(t) 1)
xXo(t) = m *u(t) 2

where Cn represents the battery nominal capacity.

Regarding the model output, in this paper a new approach is presented. The model
that commonly has only one output [4], now has two outputs. The first output remains the
battery voltage and is presented by Equation (3).

yl(t) = VOCV — X1 (i’) — RO * u(t) (3)

where the Vpcy are the nonlinear relationship between the OCV and the SOC. This relation-
ship is described by the piecewise linear function that was detailed in [4] and represented
by Equation (4), with different by and b; values according to the soc:

Vocv = b + by * SOC 4)
Replacing Equation (4) in Equation (3) results in:
y1(t) = —x1(t) — Ro * u(t) + by + by x SOC ®)
Now, the second output is the state of charge itself, presented by Equation (6).
ya(t) = x2(t) ©6)

Considering Equations (5) and (6), the state-space equations that represent the battery’s
dynamics can be written as follows:

x = Ax + Bu ?)

y=Cx+Du (8)
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C, is the battery nominal capacity, which can be found in the datasheet. The pa-
rameters by and b; depend on the SOC, as shown in [4]. And the Ry, R; and C; battery
parameters should be identified.

2.2. Two-Stage Algorithm for System Identification

In this paper, all the experiments were made with the same battery cell type, presented
in [4], which is a LiFePO, battery with 6 Ah of capacity.

Using a model with two outputs, it is necessary to define which one of the two outputs
should have greater weight when identifying the parameters; in other words, which output
will have more information for the algorithm to calculate the parameters with the greatest
possible accuracy. By default, models are identified considering that all outputs have the
same weight. However, the strategy adopted in this work consists of carrying out a first
system identification, considering the same weight for the two outputs, to calculate each
output variance. Next, a second system identification is carried out, considering as weights
the inverse of each output variance. This method is shown in Figure 2.

y1(t) = V() v2(t) = soc(t)

» First identification |«

Variance l l Variance
Ve(t) soc(t)

1
ight =— | 1 '
Weight = Var — Weight L

Weight l l Weight
Ve(t) soc(t)

Second
identification

Identified system

Figure 2. System identification strategy for battery modeling based on different output weights.

Basically, the main idea was to adjust the lowest weight to the output with the highest
variance. In other words, the parameters will be identified considering a greater weight on
the output in which the system has greater confidence (lower variance). Figure 3 presents a
flowchart with the main steps of the algorithm implemented in MATLAB to identify the
model parameters considering the output weight.
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( Dataset )

Pre-Processing of Data

Calculating Outpurs
Varance

Figure 3. Flowchart of implemented algorithm.

In this way, it is possible to obtain an accurate model, without bias, of low complexity
and easy implementation. The model parameters, identified through this strategy, will be
used in the battery state of charge estimation algorithm.

3. Experiment Design

The experimental work was carried out on a test bench, with the following components:
lithium cells within a thermally isolated environment, a BMS developed by the authors, an
electric vehicle relay, high precision multimeter, DC power supply, and DC electronic load.
A photograph of the test bench is shown in Figure 4.

DC Electronic Load DC Power Supply Lithium cells

’ Electric
Thermally isolated # Vehicle
environment for N - Relay
the lithium cells '

Figure 4. Test bench with BMS.

The fit to validation data was performed on all experiments described and presented
in [4]; these experiments were designed with a focus on electric forklift application. The
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results related to the battery voltage output V;; (y1) is shown in Table 1 where the best
ones are shown in blue, and the worst ones are shown in orange.

Table 1. Comparison between all experiment’s designs, related to estimation and validation data,
considering the output V.

Fit to Validation Data in 40% of SOC

Estimation

Data in 40% 30s of 18 s of 5s of Battery 1 m HIGH 30 s HIGH 30 s HIGH OCV with
2? ;I(l) C ®  Battery Rest  Battery Rest Rest 30s LOW 30s LOW 1m LOW 1h of Rest
Vbat Vbut Vbat Vbut Vbat tht Vbat
30s of 93.03% 76.45% 58.27% 73.45% 84.00% 37.32%
battery rest
18 s of
91.99% 79.39% 65.05% 78.18% 83.12% 35.52%
battery rest
>s Oigsittery 69.26% 79.89% 87.60% 74.02% 82.06% 72.92% 30.84%
1 m HIGH 0, 0, 0, 0, 0, 0, 0,
30 s LOW 61.84% 64.40% 62.91% 90.57% 82.83% 75.30% 38.09%
30 s HIGH o o o
30 s LOW 70.24% 73.56% 75.56%
30 s HIGH o .
1 m LOW 82.36% 83.04%
OCV with1h

of rest 72.97%

The result related to the output that represents the state of charge, SOC (i), is shown
in Table 2.

Table 2. Comparison between all experiment’s designs, related to estimation and validation data,
considering the output SOC.

Fit to Validation Data in 40% of SOC

;s:‘“.‘at;‘(’]‘; 30's of 18sof  5sofBattery 1mHIGH  30sHIGH  30sHIGH  OCV with
:fa ;Ié C ®  Battery Rest  Battery Rest Rest 30s LOW 30s LOW 1mLOW 1h of Rest
soc soc soc soc soc soc soc
30s of 99.53% 99.41% 99.71% 99.49% 99.93%
battery rest
185 of 99.50% 99.43% 99.29% 99.64% 99.47% 99.49% 99.92%
battery rest
38 Ofr :;ﬁery 99.48% 99.40% 99.32% 99.73% 99.91%
1 m HIGH 0, 0, 0, 0, 0, 0, 0,
205 LOW 99.43% 99.36% 99.27% 99.74% 99.50% 99.50% 99.93%
30's HIGH ) ) )
208 LOW 99.51% 99.41% 99.51%
30's HIGH 99.50% 99.36% 99.30% 99.70% 99.48% 90.56% 99.79%
1mLOW
OCV with Th 99.51% 99.97%
of rest

Analyzing Table 1, the best experiment related to the output battery voltage V;,; is the
“30 s high 1 m low”. One important point to mention is about the worst results. According
to Table 1, the OCV test presents the worst results within all fit-to-validation data. As
mentioned in [4], this happens because the OCV test dynamic is hugely different from the
other experiments. This emphasizes that the battery models that were estimated with the
OCYV test will not work properly on a battery applied to electric forklifts. However, the best
experiment design should be defined considering other important information.
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Analyzing Table 2, the best experiment related to the battery state of charge is the
“OCV with 1 h of rest” experiment, while the worst ones are “18 s of battery rest” and “1 m
high 30 s low”. However, all results presented in Table 2 are greater than 99%; that is, all
experiments can estimate the state of charge with good accuracy. The OCV experiment best
represents the battery state of charge; however, it is not able to accurately represent the
battery voltage. An important point to stress is that the values in Table 2 are very similar,
which indicates that the modeling established and data collected from the application can
estimate very well the model proprieties. In other words, these results show that a good
mix of the model structure and the data was achieved, allowing a correct description of the
battery model, which is instrumental for SOC prediction and model parameters. To sum
up, the results presented in Table 2 show that we obtain a good fit to data with a model
with few parameters.

In this case, the experiment capable of describing the battery dynamics with better
accuracy was the “30 s high 1 m low” experiment, which obtained excellent results, both
in terms of battery voltage and state of charge. However, as presented in [4], the best
experiment must also be evaluated in relation to the parameter’s standard deviation and
the output variance. In this case, the parameter’s standard deviation and the output
variance are shown in Table 3, where the best result is shown in blue and the worst in
orange. The best of the best results, either in Tables 1 and 2, are highlighted in green.

Table 3. Estimated initial states, standard deviation, and output variance of all experiment designs.

Standard Deviation Output Variance
Estimation Data in 40% of SOC
RO (mQ) R1 (mQ) Cl (F) Vbut (mV) SOC (o/o)

30 s of battery rest 2.15% 102 237 %102 7.63

18 s of battery rest 2.61%10°2 246 %1072 9.16 3.01 299%107°

5 s of battery rest 4111072 5.46 * 102 18.59 4.00 2.85%10°
1 m HIGH 30 s LOW 4.19 2.60 %1075
30 s HIGH 30 s LOW 3.49 x 102 294%102 9.82 4.97 287%10°°
30 s HIGH 1 m LOW 2.15 %102 2.60 %102 7.56 431 2.54%107°
OCV with 1 h of rest 342 %1072 3.17 « 102 18.31 23.99 2.70x107°

Analyzing Table 3, it is possible to notice that the parameters’ standard deviation
is 1000 times smaller than those obtained in [4]. The battery voltage output variance is
very similar compared to [4] in all experiments; however, the estimated parameters are
1000 times more accurate using the two outputs nonlinear grey box model.

In summary, considering the best results in Tables 1-3, it is possible to conclude that
the best experiment to identify the LiFe POy batteries’ mathematical model parameters with
the two outputs nonlinear grey box model is “30 s high 1 m low”. In other words, with the
experiment “30 s high 1 m low” and with the two outputs nonlinear grey box model, it was
possible to achieve a 1000 times better accuracy in the battery model parameters estimation
applied on electric forklifts.

4. Two-Outputs Nonlinear Grey Box Model Estimated with the Best Experiment Design

In this section, the two-output nonlinear grey box models will be presented in detail.
The following estimations will be carried out with the best experiment, defined in Section 3,
with 40% of SOC. The initial parameters were calculated according [2] and the initial states
were estimated using the nonlinear least squares method. The fit to estimation data was
69.61% related to the battery voltage (1) and 94.86% related to the state of charge (12). The
initial state results are:

o Vrpc=0.0633V
SOC = 0.3997 ou 39.97 %

It is important to mention that the initial state of charge estimated by the nonlinear least
squares method was very close to the state of charge calculated using the coulomb counting
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algorithm. This new approach with two outputs aims to solve a problem presented in [4],
where the nonlinear least squares optimization method used to estimate the initial states
resulted in 29.17% of SOC, while the experiments were made with 40% of SOC, measured
by the coulomb counting algorithm.

As described in Section 2.2, it is possible to define the weight given to each output
when identifying the battery parameters. In this case, it is necessary to initially identify the
model parameters with equal weights in the two outputs, calculate their variances, and
then identify the model parameters again with the inverse of the variance in each output,
as shown in Figure 2. Table 4 presents a model result comparison without the outputs’
weight and with the outputs’ weight.

Table 4. Comparison between the first estimation without weight and the second estimation with
weight in the outputs.

First Estimation (Without Outputs” Weight)

Fit to estimation
Viat S50C
90.47% 99.56%

Fit to estimation
Viat S50C
90.47% 99.56%

Standard deviation Output variance
Ro(mQ) R1(mQ) C1(F) Vgt (mV) SOC(%)
2.32949 % 102 2.60569 « 102 7.56323 4.31780389 25477742 % 10
Second Estimation (Weight = 1/Var)
Standard deviation Output variance
Ry (mQ) Ry (mQY) Cy (F) Vit (mV) SOC (%)
2.32958 % 102 2.60496 * 102 7.56253 4.31780368 25477737 100

Analyzing Table 4, the adjustment with the estimation data obtained the same result,
regardless of the fit to estimation without weight or with weight. Regarding the parameters’
standard deviation, only Ry parameter did not obtain a decrease in its deviation when
estimated with output weight. On the other hand, the output variance also obtained a
better result in the second estimation, with output weight. In other words, in general, the
estimation performed with output weight obtained better results, increasing the model
accuracy. It is possible to perform a result visual inspection with the estimation data
through Figure 5. It is important to mention that the SOC value in the parameter estimation
algorithms is used on a scale of 0 to 1, that is, the SOC presented by the next figures will be
represented by values from 0 to 1, where 0 means 0% and 1 means 100%.

Compare with Estimation Data
T T

3.3 T T T

325 — | i

Voltage (V)
w
le
=

3.1 1 1 1 1 1

Estimation Data
0.395 No Weight
Weight = 1/Var

O] L ]
UO) 0.39
0.385 .
0.38 =
0.375 | | | | |
50 100 150 200 250
Time (s)

Figure 5. Comparison of the two outputs of the nonlinear grey box model estimation data with the
best experiment.
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It is possible to observe that the model result estimated without weight and with
weight have very similar values. To facilitate the comparison between the magnitudes,
Figure 6 shows the signal part details, enlarged.

Compare with Estimation Data

T T T T T T T T T T
3.2096 - =
Z 32096 |- =
(]
[o))
S
S 32096 .
3.2006 | L l I L | ]
' I ' I I Estimation Data
No Weight
0.3937 - Weight = 1/Var
®)
O
@ 03037
0.3937 & I I I I I I | i
28.1186 28.1186 28.1186 28.1186 28.1186 28.1186 28.1186 28.1186
Time (s)
Figure 6. Comparison with the two-outputs nonlinear grey box model estimation data with the best
experiment—amplified signal.
However, it is necessary to validate the model with different data used for estimation.
In this case, the validation data chosen was the experiment “1 m high 30 s low”, because
according to Table 1, this experiment presents the worst fit result for the model estimated
with the experiment “30 s high 1 m low”, so we will validate the model in its worst case.
Figure 7 presents the comparison with the validation data; the fit result related to the
battery voltage was 78.9% (without weight) and 78.6% (with weight). The fit result related
to the state of charge (the main objective of this work) was 89% (without weight) and 99.7%
(with weight).
Compare with Validation Data
3.25 —— , - ' T
_ P ] A
S 32p 7 l | / N
S 7z w 1| ft r 1 ft 0|
8 ‘ ‘ ‘ f \
o } e £ { ’ . 1
> 3.151 } ‘ B N ) ‘ \ LJ ‘ | U
I N ‘ ‘ \
3.1 ] 1 1 = 1 I ~ 1
04 = T T T T . .
= Validation Data
I S ) No Weight
e Weight = 1/Var
Q T
O
® 0.38 N . _
\7;
\\\\
———————
\\'
0.36 | 1 1 1 1
50 100 150 200 250

Time (s)

Figure 7. Comparison of the two-outputs nonlinear grey box model validation data with the
best experiment.
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Analyzing Figure 7, it is possible to visualize the difference between the estimated
model state of charge result without output weight and with output weight, with approxi-
mately 10% difference. Regarding the battery voltage, the difference between the estimated
model result with weight and without weight is only 0.3%. The prediction error between
the measured battery voltage and the estimated battery voltage is shown in Figure 8.

Prediction Error with Validation Data

0.06 T T T
— No Weight
—Weight = 1/Var
0.04 1
0.02 .
23
O .
)
= T~ N~
L2 -0.02 -
-0.04 | .
-0.06 y
-0‘08 1 1 1 1 1
50 100 150 200 250 300
Time (s)

Figure 8. Prediction error regarding battery voltage.

Analyzing Figure 8, it is possible to notice that the general error is 60 mV maximum,
which confirms a good model accuracy, even with the worst data set as input for validation.
It is possible to observe that the model-estimated prediction error without weight and
with weight have very similar values. To facilitate the comparison of the magnitudes,
Figure 9 shows the signal part details, enlarged, and Table 5 presents the mean and the
RMS (root mean square) values in order to facilitate the comparison of the magnitudes
with/without weights.

Table 5. Mean and RMS values of the prediction error (battery voltage).

Prediction Error Regarding the Battery Voltage

Mean Value RMS

Without Weight With Weight Without Weight With Weight
—0.0078 —0.0079 0.0093 0.0095

It is possible to notice that although there is an improvement, the difference between
the results with weight and without weight regarding the battery voltage is not very
significant. Nevertheless, when we analyze the prediction error regarding the state of
charge we arrive at interesting results. The prediction error between the state of charge
calculated by coulomb counting and the state of charge estimated by the model is shown in
Figure 10 and Table 6 presents the mean and RMS values.
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Prediction Error with Validation Data

6 — No Weight
—Weight = 1/Var

4 | -
2 -

>

Q |

= 0

©

=

o

=>=2 5

=4
-5 =
-3 I | | l N
10 15 20 25 30
Time (s)

Figure 9. Prediction error regarding battery voltage—amplified signal.

Prediction Error with Validation Data

~d
14 x10 : ; . .
—No Weight
Weight = 1/Var
12 - - =
101 7
8 = =
@)
O
W 6r =
4 — -
2 - -
0 -__ -_. =
_2 | I | | I
50 100 150 200 250 300
Time (s)

Figure 10. Prediction error regarding state of charge.
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Table 6. Mean and RMS values of the prediction error (state of charge).

Prediction Error Regarding the State of Charge
Mean Value RMS
Without Weight With Weight Without Weight With Weight
0.001115 0.000006 0.00111 0.00003

Analyzing Figure 10 and Table 6, it is possible to notice some differences between
the error result with the model estimated without weight and with weight. The larger
prediction error, in the case without weight, shows that the state of charge calculated by
the model has some bias, or some influence on other parameters or phenomena. Although
the differences are relatively small, the presence of a certain DC level in the estimation
may induce larger errors given the SOC integrative nature. Therefore, the proposed
adjustment in the output weight improves the SOC estimate, with a lower prediction error,
strengthening the idea of defining specific weights between the two outputs of the model.

Thus, it can be stated that the nonlinear grey box model with two outputs, and with
specific output weights, estimated with the best experiment, was properly validated.

It was possible to perform the parameter identification procedure at all SOC points,
resulting in the parameters shown in Table 7.

Table 7. Battery parameters at all SOC points, estimated with the two-outputs nonlinear grey

box model.
S0C (%) bo by Rp(mQ) R1(mQY) C1(F)
10 2.87 3.35 15.27 19.20 712.97
20 3.16 0.39 14.46 12.38 1102.95
30 3.18 0.32 14.23 1091 1296.85
40 3.25 0.08 14.00 991 1443.59
50 3.28 0.01 13.84 9.16 1578.57
60 3.26 0.04 13.66 8.42 1645.65
70 3.15 0.23 13.59 8.36 1679.73
80 3.25 0.09 13.83 9.95 1628.80
90 3.31 0.01 13.99 9.60 1575.89
100 212 1.33 13.92 8.43 1512.54

In the worst case, the model reached 78.6% of accuracy related to the battery voltage
and 99.7% related to the state of charge. Additionally, in the worst case, the model presents a
60 mV maximum error related to the battery voltage, as shown in Figure 8, and a maximum
of 0.01% related to the state of charge, as shown in Figure 10.

The parameters presented in Table 7 have 1000 times greater precision than the param-
eters presented in [4] and are important to describe the battery dynamics; this information
is necessary for a good state of charge estimation algorithm applied in a BMS in the desired
application scenario.

5. Conclusions

In this paper, a new approach for a nonlinear grey box battery model was presented.
The model presented here has two outputs, with the battery voltage as the first output and
the state of charge as the second output. The second output was added to solve a previous
problem regarding the initial state’s accurate estimation for the nonlinear grey box model in
any experimental design. The best experiment design was defined by comparing the results
of seven different experiments, each one designed based on the electric forklift scenario. The
experiments have different input current amplitudes and periods, representing different
types of electric forklift usage. The best experiment design was the experiment with 30 s of
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current pulses and 1 min of battery rest. With this experiment, it was possible to represent
different levels of the battery dynamics, and the model estimated with this experiment was
capable of fitting, with good accuracy, in different validation data sets.

For the identified model parameters to be of the greatest precision and non-biased, a
strategy was developed for defining model output weights. In other words, the parameters
were identified considering a greater weight in the output in which the system has greater
confidence. The strategy of adding a second output to the model resulted in 1000 times
better accuracy in the model parameter’s standard deviation and the strategy of different
weights in the outputs resulted in a non-biased model.

As future work, it is intended to implement a battery SOC estimation (with the model
approach developed in this paper) to be used on an actual electric forklift BMS.
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Nomenclature

Symbol:

BMS Battery Management System

by y-intercept parameter

by parameter slope of the linear approximation
Cq Battery Equivalent Circuit Capacitor
Cn Battery nominal capacity

ECM Equivalent Circuit Models

NLGR Nonlinear Grey Box model

ocv Open Circuit Voltage

Ro,Rq Battery Equivalent Circuit Resistors
RC Resistor /Capacitor circuit

sOC State of Charge

Vocv Open circuit voltage

Vpat Battery total voltage (V)

A State matrix

B Input matrix

C Output matrix

D Feedforward matrix

I(t) Applied current vector (A)

soc(t) State of charge vector

u(t) Input vector

Vre(t) Voltage drop in Resistor/Capacitor circuit
Vi(t) Battery total voltage (V)

),x2(t) State vectors
x1(t),x2(t) State vector derivative

y(t), g(t) Observed and model output vector
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