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ABSTRACT

This paper studies nonlinear black box modeling of a lead acid battery using SISO Hammerstein-Wiener
Model. System identification is a method of measuring the mathematical description of a system by
processing the observed inputs and outputs of the system. The developed model is based on Hammerstein-
Wiener model. In this paper, we estimate and validate nonlinear models from single-input/single-output
(SISO) data to find the one that best represents our system dynamics. Two different output nonlinearity
(wavelet network and sigmoid network) are presented to compare the developed models. A pulse discharge
test is performed on a commercial automotive lead acid battery in order to collect data to evaluate those
models, results are presented and compared.
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1. INTRODUCTION been developed according to specific applications

and in some cases for one type of battery.

The battery has revolutionized the way of storing Vs
electrical energy. Its use is widespread and — <
, s
. m_ R —
energy autonomous and mobile (cell phones, A
photovoltaic systems, space equipment, laptops and A
other devices to public or industrial use). Especially ¥ R,

0
replace the use of internal combustion systems used
in the new generation of hybrid electric cars and
this in order to reduce the emission of greenhouse

growing, it helps to have a reserve of electrical

§L
since the battery is a power source that can partially ] o ——C, T
gases is now the major concern of humanity.

. oo C
To use a battery effectively, it is necessary to {p.
understand the use of the battery, its dynamics and '
discover parameters which may affect its AAN

performance. The problem with these types of ‘ R ibat
batteries is to successfully maintain their useful life
as long as possible and to optimize the use of their
energy. To understand the functioning of batteries,
it is necessary to develop a model to simulate their
behavior. In most systems involving an energy
storage system, there is an energy management
system associated with the storage battery and this
to ensure the efficient use of the energy supplied by
the battery. To predict the behavior of storage
batteries, several models have been developed.
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Fig. 2: Equivalent circuit of Copetti model [2]

On the other hand, there are several indirect
methods that are used to estimate the model of the
lead acid battery. These methods can be very
accurate and reliable in general when linear models

These are not perfect because they do not account
for all parameters such as temperature and age of
the battery, as well as some physical and chemical
phenomena that occur inside the accumulator while
operation. In addition, some models [1] [2] [3] have

are not sufficient to capture the dynamics of a
system. Among these methods is based on black
box modeling [4] using Hammerstein-Wiener
model (HW) [5].black box modeling methods are
not based on any electrical, physical, chemical or
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thermal model and have superior characteristics
such as high robustness and accuracy. However,
black box modeling methods require huge
experimental data in order to determine the model.
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Fig. 3: Equivalent circuit of Randle’s model [3]

The paper presents and compares common
Hammerstein-Wiener SISO models for a lead acid
battery including two different nonlinearity
(wavelet network and sigmoid network). The
organization of this paper is as follows: Section 2
present a brief overview of the system identification
including two nonlinearity that we will compare in
our model. Section 3 presents some experimental
test results obtained from a commercial automotive
lead acid battery. In Section 4, 2.1 Hammerstein-
Wiener based models are presented and compared.
Finally, conclusion is drawn in Section 5.

2. SYSTEM IDENTIFICATION

System identification is a method of identifying
the mathematical model of a system from
simulation or experimental measurements of the
system inputs and outputs. The applications of
system identification include any system where the
inputs and outputs can be measured. A nonlinear
system is defined as any system that is not linear,
that is any system that does not satisfy the
superposition principle.

Any identification approach is based on a model
structure adapted to the particular system. This
structure can be determined by means of an
accurate modeling of the system. However, it is
common for the modeling approach leads to a too
complex model structure to be used as basis in the
identification process. In some situations, the
complexity of the system and its interaction with its
environment is very difficult or even impossible, to
achieve a model for this approach. In these cases, it
is normal to choose the identification approach of
determining a model which has a structure selected
in advance among a variety of structures
(Hammerstein-Wiener, NLARX...).

2.1 Hammerstein-Wiener Models

When the output of a system depends nonlinearly
on its inputs, sometimes it is possible to decompose
the input-output relationship into two or more
interconnected elements. In this case, you can
represent the dynamics by a linear transfer function
and capture the nonlinearities using nonlinear
functions of inputs and outputs of the linear system.
The Hammerstein-Wiener model achieves this
configuration as a series connection of static
nonlinear blocks with a dynamic linear block fig.5.

uft) nput | wt) Linear | x(t) Output 0
——— Nonlinearity »  Block » Nonlinearity =
f BIF h

Fig. 4: Hammerstein-Wiener model block diagram

e (2) is a NL function transforming input
data u(t). w(t) has the same dimension as u(t).

e (3) is a linear transfer function. (3) has the
same dimension as(4), where B and F are
similar to polynomials in a linear Output-Error
model. For ny outputs and nu inputs, the linear
block is a transfer function (1),
where j=1,2,..,nyand i=1,2,....nu.

e (4) is a nonlinear function that maps the output
of the linear block to the system output.

The Hammerstein-Wiener model computes the
output y in three stages:

1. Computes (2) from the input data.
Computes the output of the linear
block using (2) and initial conditions

3).

3. Compute the model output by
transforming the output of the linear
block (3) using the nonlinear
function % described in (4).

B P
jila) 0
F'M':q]

w(t) = f(u(t)) )
(0 = (£) = w(®) 3

F

y(t) = h(x(2)) (4)
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2.2 Nonlinearity Estimators for H-W Models

To evaluate the performance of the
Hammerstein-Wiener model, three common
nonlinear architectures outputs were selected, the
first is a wavelet network, and the second is sigmoid
network. For both networks, Levenberg-Marquardt
back-propagation algorithm was used in training. A
saturation is chosen as input nonlinearity.

2.2.1 Wavelet network

Wavelet Networks attempt to combine the
properties of the Wavelet decomposition [8], along
with the characteristics of neural networks [6].
Their structure relies on the aforementioned
principles [9] —underlying non-linear function
approximation— and is given by the equation (5)

flx) =Z, wi,, (x))

In which the weights Wi represent the
coelJcients of the network Fig.6 . These are to be
tuned as the network learns, in order to give
preference to relevant components among the set of
N wavelet functions ¥ = (ynl,yn2...ynN), whereas
non-relevant ones are to be penalized.

Fig. 5: Wavelet Network structure. Example with MIMO
9]

2.2.2  Sigmoid network

In general, a sigmoid function is real-valued and
differentiable, having a non-negative or non-
positive first derivative, one local minimum, and
one local maximum. The logistic sigmoid function
is related to the hyperbolic tangent (6). Sigmoid
functions are often used in artificial neural networks
to introduce nonlinearity in the model.

1 2siglx)=1 2 oo tanh (6)

1+~ %

3. EXPERIMENTAL SETUP

Data gathering is considered as the first and
essential part in identification terminology. In order
to compare the presented methods, some battery
data were gathered from a commercial automotive
62Ah, 12V, 540A (TUDOR TB620) lead acid
battery. As input, a pulse-discharge test was
performed. In this test, the battery was fully charged
using constant current/constant voltage profile, then
it was discharged using a 4A pulse current. A
“Metrix mtx3283 Graphic TRMS DMM” was used
as data acquisition system (DAQ) .The input and
output are shown in Fig.4.

Experimental data
T

] 20 40 60 80 100 120
Time

Fig. 6: Experimental data

4. PROPOSED H-W MODEL AND RESULTS

The number of units in the wavelet network and
the sigmoid network was set to 20. The value of the
delay parameter and the number of units in the
networks were purposefully varied in order to find
the best configuration for our nonlinear model.

The results in Fig.7 are obtained by processing
experimental data obtained from the battery. “NL
Modell” is the Hammerstein-Wiener model based
on wavelet network as output nonlinearity. “NL
Model2” is the Hammerstein-Wiener model based
on wavelet network as output nonlinearity.

Obviously in Fig.7 and Fig.8, “NL Modell” with
a fit of 92.05 % obviously outperformed “NL
Model2” with a fit of 82.89 % due to their
difference in terms of output nonlinearity network
structure Fig.9 Fig.10. However, although the
calculated weight functions for both the wavelet
and sigmoid networks are optimal in the sense that
they gave the best possible performance. These
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models must be able to adapt to changes in the 123
ambient conditions or battery parameters.
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Fig. 7: Measured and simulated models output 5. CONCLUSION
In this paper, two nonlinear black-box model
& Measured minus simulated model output based on Hammerstein-Wiener structure were
' estimated and compared. The results Fig.7 show
L NL Maodelt .
i K that the two models can perform well if there output
1 . . . . .
posE oy [" | » 5o 1 nonlinearity network is trained with an

experimental data. To practically implement the
presented models in hardware, for example in a
battery management system (BMS) we need to have
a lot of data, these data must be measured in
working condition for the best result.

It is true that these models requires a lot of
computation, lot of data as well as the training of
networks, but they have a high accuracy and

015 I ! I I I !

0 20 a0 60 80 100 120 robustness. For the application does not request
Time " . .
these two qualities, a linear model is the best
Fig. 8: Measured minus simulated models output ¢ two qu ’
choice.
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