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Adaptive estimation of battery state of charge
PEIXT GONG

Department of Electrical Engineering
Chalmers University of Technology

Abstract

Batteries are one of the main energy sources for Hybrid Electric Vehicles (HEV).
Battery control unit (BCU) has been applied broadly to monitor and control the
performance of batteries for modern cars. One main functionality of BCU is to pro-
vide information of state of charge (SOC) for the driver. The conventional method
to estimate SOC' is coulomb counting, which has several drawbacks. This thesis
presents an adaptive SOC' estimation method that is based on real time parameter
identification and close loop estimation. The main theories behind this algorithm
are recursive least squares (RLS) and Kalam filter. The validation concludes a re-
sult of maximum SOC estimation residual of 1.6%. With this estimation method
be implemented in the future, drivers can have better understanding of the perfor-
mance of the vehicle battery, and the engineers can design more trustable battery
control strategies. The programming of the algorithm was in Matlab/Simulink, the
tests were done in Simulink and CA Noe.

Keywords: Hybrid electric vehicle, battery, battery ageing, adaptive, state of
charge, system identification, recursive least squares, Kalman filter.
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1

Introduction

1.1 Background

More than 1.5 million hybrid electric vehicles (HEV') have been sold worldwide in
2012. The main markets of HE'V are US, Japan and Europe. Over 400 000 HEV's
have been sold in the US alone, 800 000 in Japan and 150 000 in Europe. From
2008 to 2010 in Japan, HEV sales had increased from 3% to 10% of the total car
market. The 2011 earthquake and tsunami drastically impacted the car and bat-
tery production in Japan, but the sales bounced back in 2012 [1]. After that, the
global sale for electric vehicles (F'V) has more than doubled since 2014, following
a 72% increase in 2015. 2016 saw an increase of 41% to reach nearly 8000 000 E'V [2].

For HEV and EV that consume electricity as power resources, the availability for
drivers to view the remaining energy of the battery has the same importance as the
gasoline gauge. State of charge (SOC) is such an index that indicates this prop-
erty. In addition, SOC is important data for analyzing the performance of battery.
The knowledge of SOC' can be analyzed in order to design rational battery control
strategies to protect the battery, prevent overcharge/discharge, prolong the battery
life as well as save energy [3]. However, the battery is a complicated electrochemical
plant where no existing method is available to directly measure its chemical energy;,
which makes the estimation of SOC difficult [4].

There are various types of methods to estimate SOC. The most commonly used
method is coulomb counting. This method counts the flow of the coulombs then
integrates them over time. An arbitrary state of SOC is calculated by adding the
coulomb integral to the known initial SOC' [5]. Coulomb counting has two main
drawbacks. The first is the estimation error increases at every cycle, and the second
is the inflexibility to deal with battery ageing.

Many factors contributes to battery ageing. Some characterised specific factors are
charging rate, discharging rate, temperature, pauses and SOC range [7]. The bat-
tery has two types of ageing, calender ageing and cycle ageing. Calender ageing
corresponds to the irreversible proportion of lost capacity during storage, which
leads to a decrease of the capacity. Cycle ageing is associated with the number
of times the battery is charged or discharged. The battery’s chemical and physi-
cal components deteriorate during its life time, which brings undesirable effects, i.e.
the loss of capacity, faster temperature rise during operation, less charge acceptance,

1



1. Introduction

higher internal resistance (Ropm ), lower voltage, and more frequent self-discharge [8].

Cumulative error occurs because of the impact of capacity loss. Coulomb count-
ing requires recalibration of SOC' at each time when the battery is fully charged.
Nonetheless, the capacity loss makes the fully charged state difficult to correctly de-
tect. After a long time in operation, the battery capacity will have a big discrepancy
to its initial value, which causes the calculated SOC' to be inaccurate [6]. Another
problem is inflexibility: cycle ageing causes real battery parameters to vary over
time. If the parameters in the mathematical model of battery stay fixed, the SOC
calculation will gradually grow biased from the real value.

1.2 Scope and methods

The aim of the thesis is to design a SOC' estimation method that works better than
coulomb counting in mathematical accuracy aspect and adapts to parameters varia-
tion. In order to keep the simplicity of analysis and validation, the thesis focuses on
two parameters which are the inner resistance and the time constant. For nominal
capacity, its accurate value is usually found by look-up table.

To solve the problem, the thesis proposes a real time method to estimate SOC based
on parameter identification. This method has the advantage of adaptability, which
guarantees that the estimation of parameters captures the real parameters’ dynam-
ics. An equivalent circuit is used to model the complicated chemical battery ideally.
The algorithm of parameters identification has two main parts. Part one has an open
loop algorithm that implements recursive least squares (RLS) method to identify
the impedance resistance, while the regressor data use cell current and cell voltage.
Part two has a closed loop algorithm that implements adaptive Kalman filter (AKF)
with extended Kalman filter (EKF) in parallel to identify the time constant, while
the regressor data use cell current and a new defined signal.

The validation uses New European Driving Cycle (NEDC') data which is collected
from IPG’s CarMaker. The validation process has two phases. The first phase tests
the algorithm only in Simulink in order to prove its basic functionality. The second
phase tests the algorithm in a synchronised mode between CarMaker and CANoe,
in order to test the algorithm’s functionality in control area network (CAN) envi-
ronment.

1.3 Limitations

The development of the algorithm uses only a very simple battery model which
does not have high degrees of freedom (DOF) in parameters, which means it cannot
reflect all the dynamic behaviours of a real battery. The data of open circuit voltage
(OCV) and SOC relation is not detailed enough to accurately hold the discrepancy
between charge and discharge. Several cancellation assumptions are made in the
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algorithm, which makes the estimation accuracy highly related to the sampling rate
and the well selection of the error model.
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Cell model and theories

2.1 Battery cell equivalent circuit

Equivalent circuit is the circuit diagram usually used in electrical analysis, to de-
scribe the characteristics of a complicated physical circuit plant in a simple way.
Since battery cell is an electrochemical plant, its main characteristics can be mod-
eled by an equivalent circuit.

For the equivalent circuit of a battery cell, three important features need to be
included:

1. An ideal voltage source that represents the open circuit voltage (OCV),
2. The internal resistance,
3. The transient dynamic response during charge and discharge [9].

No current flow exists in the circuit when an ideal battery is unloaded, thus the cell
has neither any type of energy consumption nor voltage drop. The battery in this
condition is completely at rest, and its terminal voltage equals to OC'V. See Figure
2.1a.

The internal resistance converts part of the electric energy to heat, which causes a
voltage drop that results in an inequality between cell voltage and OC'V. This effect
is modeled by adding a resistance R, to the circuit in series with the ideal voltage
source. See Figure 2.1b.

During charge and discharge, the effect of cell voltage on cell current is not immedi-
ate, but delayed. The discussion of the reason for this delay in the chemical aspect is
not part of the thesis. In a nutshell, the effect can be summarized by the following:
during charge and discharge, the chemical components in the battery cell respond
to slow changes because of the chemical reaction. When the load is removed instan-
taneously, it takes longer time for the cell voltage to restore to OC'V. See Figure 2.1c.
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O
+
+
ocv () Ucell
O
(a) Battery circuit modeled as open circuit
voltage.
it:eII
O
+
+ Rohm
ocv () Ucell
o
(b) Battery circuit modeled with an OC'V
and an internal resistance connected in se-
ries.
R icell
+
+ Rohm I |
ocv () | l“Icell
c
o

(c) Battery circuit modeled with an OC'V
inner resistance and an RC-circuit.

Figure 2.1: Three types of equivalent battery circuit models. Within this thesis,
the model in (c) is used.

The equivalent circuit in Figure 2.1c¢ has modeled the main characteristics of a bat-
tery cell, which has three parameters R,x,,, R and C. Since R and C appear together
as a multiplication, it will later be replaced by the time constant 7. The parallel
network of R and C'is called RC-circuit, which models the transient behavior of the
battery cell. The RC-circuit also indicates DOF' of the model. For battery models
with more complicated dynamic behaviors, more RC-circuits should be added to
the basic circuit model. The extension of RC-circuits increases the DOF' in param-
eters. Figure 2.2 gives an example equivalent circuit of two RC-circuits with five
parameters.
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2. Cell model and theories

cell

R Ronm | | | |
| I I I Ul

ocv

O

Figure 2.2: Battery circuit model that has two RC networks and an inner resistance
connected in series, which has 5 parameters.

2.2 State of charge

State of charge is one of the most important information in battery, but its definition
presents many different issues [10]. A generally used definition is the ratio of the
battery’s instantaneous capacity to the nominal capacity,

SOC(t) g(t) | (2.1)
The nominal capacity determines the maximum amount of energy that can be stored
in the battery, where the unit is Ah or mAh. This parameter is given by the battery
manufacturer. Practically, Q.. is a varying parameter due to operating condition
and ageing, but the identification of which is not included in the thesis. Commonly
Qnom is updated by checking a look-up table in industrial applications. SOC' indi-
cates the remaining electric energy stored in the battery, where the definition shows
that the fully charged cell has 100% SOC while the fully discharged cell has 0%
SOC. Because the instantaneous capacity Q(t) is an integral of cell current over
time, obviously SOC’s rate of change is

Z-cell(t)
Qnom .
Cell current i.(t) can either be positive or negative, which refers to as charge or
discharge respectively. The value of SOC' at time instant ¢ with a known initial
value at time instant ¢, is calculated by

SOC = (2.2)

S0C(H) = SOC(to) + 5 | den(r)dr (2.3)

1
Qnom to
In reality, the performance of charge and discharge is not perfect but with an en-
ergy loss which names Faraday loss. To describe Faraday loss, coulomb efficiency
coefficient 7 is multiplied to the integral term, such that the update of SOC turns

to be

SOC(t) = SOC(ty) +

/ en(r).dr (2.4)

nom Yo
Coulomb efficiency is a value close to unit one. In the remainder of this thesis, 7 is
set as 1 in order to keep the simplicity of the model.
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2.3 O0OCV-50C data

A straightforward idea of finding SOC' is to check the battery cell’s instantaneous
OCV and compare it with the maximum OCYV. This is called voltage estimation
method. However, to measure OC'V is not convenient. Due to the transient behav-
ior of battery cell, the terminal voltage becomes close to OCV only when battery
is unmounted for a while and reaches its equilibrium state [11]. This phenomena
makes it unrealistic to implement voltage estimation method during real driving.

By offline experiments, the data of OC'V and SOC relation can be collected. Figure
2.3 demonstrates 41 data points that are collected from a NMC battery. OCV at
fully charged state is about 4.2 volts. The second data point shows that OCV is
about 3.4 volts when battery is almost empty. The first data point represents that
OCYV is 2.8 volts when SOC is completely zero, which has a great jump to the sec-
ond point. However, the first data point is not important, because the information
of SOC' is not interesting when it is extremely low. Usually the driver will not use
the battery to such a low level, otherwise the battery will soon be empty and the
driver would be aware that the battery needs recharging. In practice, charge and
discharge have similar distribution shape for OCV-SOC data but with a gap in
between. This could be problematic in battery SOC' estimations. So in this thesis,
only the data for discharge is used.

OCV-80C experimental data for NMC battery

e
[N]

-
T

x
x

%
x *
x

bt

(o]
T
x

w
[=)]
T
X
X
X
x
x
X
x
x
X
X
x

3afxx %"

OCV(volts)

2.8% I 1 1 1 ! ! 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

SoC

Figure 2.3: The collected OCV-SOC data from a NMC' battery.

It can be concluded by observing Figure 2.3 that, a function OCV = f(SOC) is exist
to describe the OC'V and SOC relation data. The function is affected by several
factors where the main one is temperature. This is usually solved by referring to a
look-up table of different operating conditions. The NMC battery’s OCV-SOC data
used here relates to the temperature between 22°C to 30°C. The data has very small
variance in this range of temperature so the function can be considered independent
from temperature.
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2. Cell model and theories

2.4 State space model

The equivalent circuit in Figure 2.1c is frequently implemented to model the battery
cell. Input of the model is cell current i.;(t). Output of the model is cell voltage
Ucerr (t) which also names terminal voltage.

Naming the current that flows through R as ig(t), and the current that flows through

C as i.(t). Since R and C' are connected in parallel, the summation of their currents
equals to cell current i..(t),

in(t) + i.(t) = i(t). (2.5)

Further, i.(t) = C - 1.(t), which gives

in(t) + C - a(t) = i(t). (2.6)

Rewrite the above equation to

Because u.(t) = ug(t), and ig(t) = ugr(t)/R, then

1 1
If choose SOC(t) and u.(t) as the states, then (2.8) and (2.2) together define the
update of states. Write them together

SOC(t) = Ql it),

Thus the matrices representation is

s ] = [0 [ ] <[5 ] e

System output is

Ucenn (t) = uc(t) + f(SOC(t)) + Ronmicen(t)- (2.11)
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2.5 Recursive least squares

Recursive least squares method is widely used for real time parameter identification.
RLS is a least squares error method when implemented in real time estimation con-
ditions. The parameters estimation is driven by minimizing the estimation residual
criterion while a decaying window coefficient controls the usage of data. The esti-
mation residual criterion is

B =3 Nyl - 9% (2.12)

where A is the forgetting factor that defines the window of utilizing past data, n is
the total number of samples, i is the sample instants index. The model output is
y(i), the estimation output is (7). The estimation output 7(k) is usually calculated
from regression model.

In discrete time and assuming a noise free environment, many physical processes
which are linear in parameters can be expressed by regression equation of

y(k) = ary(k—1)+- - -Fany(k—na)+bopu(k—nk)+- - -+bpprmpu(k—nk—nb), (2.13)

where nk is the delay between input and output, na is the number of past output,
nb is the number of past input. Because the equation is linear in parameters, it can
be instead written as a coefficient vector

ai
ana
0= by (2.14)
_bnk+nb_
that multiplies with a regressor vector
y(k—1)
o y(k — na)
p(k—1) = b —nk) |’ (2.15)
(u(k —nk —nb)|
such that
y(k) =0T p(k —1). (2.16)

If the system is multi-input-multi-output, the vectors should be replaced by matri-
ces. The regressor vector contains past information about both input and output.

10



2. Cell model and theories

The parenthesis of ¢ means that it has information until time instant (k — 1).

This model can be implemented to estimate the output, by replacing 6 with é(k)
The reason for # to be time variant is that parameters update at each step. The
estimation of output is

y(k—1)
§(k) = ar(k) - Gna(k) bar(k) - bupsnn (k)] ZEZ _ ZZ; (2.17)
Lu(k — nk —nb)|

=0T (k)p(k — 1).

The forgetting factor A defines a decaying window that has different weights on past
data samples. In this case, A is a value defined between (0,1] but usually set to
very close to 1. When A is not 1, the data that is closer to current time instant
will have more weights in the residual criterion, while the far past data’s weights
decrease exponentially. This decreasing makes the old data much less influencing
the estimation. If X is set to 1, the weights on all data are the same. In principle,
a large A has a comparatively moderate window such that the estimation captures
long term properties, so the dynamic of estimated parameters will be smooth. On
the contrary, a small A has a rapid decaying window that makes the estimation
focus on short term data, which makes the estimated parameters capture real time
variations of the system that might change in a rapid way.

The recursive version of RLS algorithm that is used in real time estimation has one
frame update of the following formulas,

(k) = y(k) — 07 (k — 1) ()
ALP(k — 1) (k)
B =151, "G - 1]
P(k) = APk — 1) — A~ K (k)& (k) POk — 1),
(k:) ( —1)—|—K(k:) (k), (2.18)

where K is the parameter update gain, P is the parameter covariance. To trigger
the algorithm, initial guess of 6(0) and P(0) are required. The rule of choosing value
is, if the guess of (0) has good confidence then P(0) is set to a small value to avoid
transient overshoot, otherwise P(0) is set to a large value to make the convergence
faster.

11



2. Cell model and theories

2.6 RLS with bound

The identification of system parameters highly depends on the quality of input
signal. The property that indicates the ability of a sequence of data to accurately
identify parameters is called the signal’s excitation [13]. In some cases the input
signal contains very little energy such that K (k) in (2.18) is a value very close to
zero. This results in that the update of P(k) almost appears to be

P(k)=X"'P(k—-1), (2.19)

which makes P (k) change exponentially if the signal is continuously bad excited for
a while. See Figure 2.4.

«10° P of conventional RLS

o 3

8,0 |

=

g \| |

BNy i \

8 I| A | oy
0 L y - I A S . 14 L L JL A
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Time(sec)

(a) Covariance P grows largely when the signal is continuously bad excited for a
while.

P of conventional RLS, limt Y-axis

o | | | |

@ 400 - ‘

o | ‘

c

5 | - |

& 200 (- | |

2 | N N |

8 I\, | L [ 1) .II I \l 1‘ | |
ol ot 0 JL LI aA 1 T W A VN PRV A POV A SN 1 A A Ly

0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time(sec)

(b) A closer scaled look of covariance P, it can be seen that despite the extreme
large spikes, there are small spikes.

Figure 2.4: RLS with bound

When once again the signal turns to be well excited, P(k) becomes already very

large such that it leads to a sudden jump of é(/{:) towards the correct value. This is
shown in Figure 2.5.
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R estimation
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Figure 2.5: The sudden change of the estimation of impedance resistance.

A modification is added to the conventional RLS algorithm in order to avoid the
suddenly rapid change of estimation, which is to set a bound value for P(k). If
P(k) is less than the bound value, it is kept unchanged. Otherwise W (k) is used to
replace it. The modified version of RLS is

o (k) = y(k) — 67k — D)o (R),
NPk = 1))

LT AT (R) Pk — )plk)’
W(k) = Pk —1) - K (k)" (k) P(k — 1),

P(k) = {W(kz)/A( )i W (k) /A(k) < bound,

2.20
W (k),if otherwise. (220

2.7 Kalman filter

Kalman filter utilizes system input and output signals to estimate the inner states
of the model. Original Kalman filter is only available for linear models. Extended
Kalman filter is the version for nonlinear models which must be linearized first be-
fore implementing the algorithm.

The system states update is modeled by equation

z(k+1) = Fa(k) + Bu(k) + w(k), (2.21)
where F' is the state transition matrix, B is the input-to-state matrix, w is the
process noise. The process noise w is assumed to subject to Gaussian normal distri-
bution where w ~ N (0, R,,). R, is the covariance matrix.
The output is modeled by equation

2(k) = Hx(k) + Du(k) + v(k), (2.22)

13



2. Cell model and theories

where H is the observation matrix, D is the input-to-output matrix, and v is the
observation noise. The observation noise v is also assumed as Gaussian normal dis-
tributed where v ~ N(0, R,). R, is the covariance matrix.

The concept of Kalman filter is to take one step ahead estimation on the states
to generate a priori guess. Afterwards, based on the output estimation residual
together with the Kalman gain to construct a posteriori states estimation.

The recursive algorithm of Kalman filter in real time has one frame updates of the
following formulas,

e(k) = z(k) — (Hz(k|k — 1) + Du(k)),
i(klk —1) = F2(k — 1|k — 1) + Bu(k),
P(klk —1) = FP(k — 1|k — 1)F" + R,,
K(k) = P(klk — \)YHT(HP(k|k — 1)H" + R,) ",
2(k|k) = 2(k|k — 1) + K (k)e(k),
P(k|k) = (I — K(k)H)P(k|k —1). (2.23)

Kalman filter can also be utilized to estimate system parameters. In such case, the
parameters variation model replaces the states process model by

O(k+1)=0(k)+w(k), (2.24)

and the output model is a regression term plus noise term

y(k) = " (k)0 (k) + v(k), (2.25)

so the recursive parameter estimation algorithm is

e(k) = y(k) — " (k)O(k),
K(k) = P(k —1)p(k) (R, (k) + " (k) P(k)) ™,
P(k) = P(k—1) = K(k)p" (k) P(k — 1) + Ry (k),
0(k) = 0(k — 1) + K (k) (k). (2.26)

2.8 Adaptive Kalman filter

When implementing Kalman filter for parameters estimation, the covariance growth
problem which is similar to RLS algorithm occurs when the input signal has bad
excitation. In Kalman filter, the growth of P(k) is not as severe as RLS since as
K (k) is close to zero the update of covariance P(k) is

P(k) = P(k — 1) + Ry (k). (2.27)

But still, a sudden jump of estimated parameters are expected to occur if the bad ex-
cited signal continues for long time before once again turning back to well excitation.

14



2. Cell model and theories

The technique to avoid sudden change is to define R, as a variable rather than
a fixed value, such that it drives P(k) to a user defined covariance P, [14]. The
definition of R, in AKF is

Pyp(k)e" (k) Py

Bulh) = 200 + o7 (k) P ()

(2.28)
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3

Parameters and SOC estimation

3.1 Discretization of the model

For the necessity of computerized calculation, discrete time model must be de-
rived. Zero-order hold (ZOH) with sampling interval At is used as the discretization
method [12].

First to discretize SOC(t). The integral of cell current in sample interval At is
approximately At - i.ey(k)/Qnom, where k is the sample index. Thus the update of
SOC for each sampling step is

At
SOC(k+1)=SOC(k)+ Ticell(k). (3.1)
Second to discretize u.(t). The consequence is
Uk +1) = e ®0u (k) + R(1 — e 76 )igen (k). (3.2)

Writing the states update and system output together,

Uc(k? + 1) — 6_%100(]{7) —+ R(l — 6_%>icell(k)7

SOC(k+1) = SOC(k) + QAtiCell(k),
uce”(k‘) = UCU{?) + f(SOC(k’)) —+ Rohmicell(k)- (33)

In these equations, R - C'is called the time constant, which is related to the system
transient response, and wu,. is the voltage of RC-circuit. The matrices representation
of the model is

[Sgék(fj +1)1)] - [6_(1)% (1)] [SQ(L)(O]?k)] * [R(l ;ﬁfm%)] cent (k) (3.4)
Ueen (k) = ue(k) + f(SOC(k)) + Ropmicen(k). (3.5)

The output cannot be straightforwardly written to as multiplication of matricies
because the OCV term is a nonlinear function of SOC.

For the model that has two RC-circuits, the expression is

17



3. Parameters and SOC estimation

ter (k + 1) e 0 0] [ ualk) Ri(1— e 7e)
uC2(k’ + 1) = 0 e R?tcg 0 ucg(k‘) + R2<1 _ 67%) icell(k)a
SOC(k +1) 0 0 1| [SOC(k) a
nom (3.6)
ucell<k) = ’U,cl(k) + ch(k) + f(SOC(/C)) -+ Rohmice”(/{?). (37)

Models with more RC-circuits are more complex and have more DOF in parameters
that improves the parameters estimation. The rule of selecting a proper model order
is to ensure the estimation accuracy while preferring a model that is as simple as
possible.

For single RC-circuit model, there are two unknown parameters R, and 7. Nom-
inal capacity Qnom comes from the battery manufacturer. Sampling rate At is
determined by the user.

3.2 Impedance resistance estimation

In (3.4), symbol 7 is used to represent the time constant and assume the discrete
time system has enough fast sampling rate. Thus At is a value close to zero that
makes =27 close to 1 and R(1 — e 2¥7) close to 0, which leads to a fairly slow
update of u.. Similarly, SOC varies slowly under fast sampling rate, additionally
because (o, is @ much larger value in magnitude compared to i.q.

With the above assumptions, u, and OCV are nearly constant at two adjacent
time instants. A new formula is constructed by subtracting (3.5) for two adjacent
instants,

ucell(k) - ucell(k - 1) - Rohm<icell(k) - icell(k - 1))7
Aucell(k;> = RohmAicell<k)>
A7~Lcell(l'€) = eohmwohm(k‘)a (38)

where

Hohm = {Rohm} s
onm (k) = [Nicen(k)] . (3.9)

Therefore pon, (k) contains all available data at time instant k£, and RLS can be
implemented to estimate 0,,,. Due to the assumption that the OCV term and u,
term have been cancelled in (3.8), the estimation of R, is always biased where the
accuracy depends on sampling rate. The faster the sampling rate is, the lesser the
influence on accuracy from the cancellation assumption is.

18



3. Parameters and SOC estimation

A special modification that smooths the estimation is to introduce a dead zone. Note
that the regressor data used for estimation is Ai.e;(k) which is the cell current at
time k subtracted by the cell current at time k—1. If the signal to noise ratio is small
then the noise may make the estimation drift away. A solution is to introduce a dead
zone that allows parameters adaptation in RLS algorithm only when the change of
current is larger than the dead zone. To some extent, the dead zone prevents the
the noise’s impacts on estimation. The usage of dead zone is of practical meaning,
which filters away part of the effects of input noises and makes the whole estimation
smoother, but this method requires some pre-knowledge of the noise.

3.3 Time constant estimation

3.3.1 Estimation model
Replacing R - C' in (3.4) with symbol 7, and define

At

a=e 7,
At

B=R(1—-e ). (3.10)
In (3.5), move u.(k) and Ropmdotice(k) to the left side of the equation,

ucell(k) - éohm(k)icell(k) - f(SOC(k)) = uc(k), (311)

where uee (k) and i. (k) are measured signals, }A%Ohm(k:) is the estimation of R,
at instant k, SOC(k) is the estimation of SOC' at instant k. Define the left side of
(3.11) as a new variable y(k), yielding

y(l{?) = ucell(k) — ﬁfohm(k?)ice”(k) — f(SOC(]{?)) (312)

This newly defined signal contains all the known information at time instant k except
SOC (k). Ropm(k) comes from the RLS, but SOC(k) is unknown at instant k. For
such a reason, SOC(k — 1) is used instead. Rewrite the update of u.(k) of (3.4) in
transfer function form use o and £,

(k) = ( - 1) + BicellaC - 1)a

uc(k) = ue(k) + Bq Vicen(k),
uc(k)( —aq 1) = 6 Zcell<k)
) =

Bq‘l

(k 1icell(k)' (313)

Combine (3.11), (3.12) and (3.13), a new equation of y(k) and i..; (k) is to be found.

y(k) = f](;q_licell(k)v
y(k) = ay(k — 1) + Bican(k — 1) = 0L (k — 1), (3.14)
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3. Parameters and SOC estimation

where

-]

orlk—1) = Lifff{_ﬂ (3.15)

The parameters vector contains the parameters that need to be estimated. The
regressor vector contains information until time k& — 1.

3.3.2 Error model

The data that is utilized has several error sources that have great impacts on 7
estimation, which are

1. Input output measurement error,

2. The inaccuracy of ffohm(k),

3. The error caused by that SOC(k — 1) is used to calculate OCV.

Expanding the plant model with an error model could improve the estimation accu-
racy of the plant model parameters, which is a topic in the area of system identifi-
cation. Here is an explanation with unprofessional words. The data that is utilized
to estimate 7 is not good data because it contains uncertain terms of I%ohm(k) and
f(SOC(k —1)). If this data is directly implemented to the estimation algorithm, it
must make the plant model parameters estimation be biased. In the other way, an
error model adds some new parameters to the equation, which increases the DOF' of
the whole model. Assume that the error model is chosen properly, then the uncer-
tainties of the data could be transferred to the error model parameters during the
estimation, while the rest of the data is used to estimate the plant model parame-
ters. For details of how the error model works, read this reference [15].

Summarizing all the above error sources in one term e(k) and adding it to the model,
gives

y(k) = DTk + (k) (3.16)
1— Oéqfl ce 5
so the regression form is
y(k) = ay(k — 1) + Bicen(k — 1) + e(k) — ae(k — 1). (3.17)

Note that (3.16) is a simple output-error model which has no parameters about the
error term. The accuracy of time constant estimation will have big problem if the
error term is not properly modeled, because e(k) includes not only white noise but
also colored components which come from R, (k) and f(SOC(k —1)). Applying
a proper error model will improve the estimation accuracy by assigning more DOF
to the error term.
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3. Parameters and SOC estimation

According to the listed three error components, one conclusion is derived that the
integrated error may be an almost constant offset with a rapid measurement super-
imposed. A good error model for such case is a first order system driven by white
noise [16], which is

e(k) = ce(k — 1)+ v(k). (3.18)

This error cannot be calculated because of the unknown noise v(k). However, it is
allowed to be estimated by one step ahead prediction

é(k) = ce(k —1). (3.19)

Consequently, the optimal estimation model that contains the plant model plus one
step ahead prediction error model is

y(k) = ay(k — 1) + Bicau(k — 1) + ce(k — 1) — ae(k — 1)
= ay(k —1) + Bicau(k — 1) + (¢ — a)e(k — 1)
= ay(k —1) + Biceu(k — 1) +ve(k —1)
y(k—1) (3.20)
et (k — 1)]
e(k—1)

= QZQ@TQ(]{ - 1)7

=a B 7]

where e(k) is also the estimation residual, whose approximation is

e(k) = y(k) — 075(k — 1)ora(k — 1). (3.21)

AKF algorithm is implemented in the model of (3.20). The error components that
originate from using inaccurate R,p, (k) and f(SOC(k — 1)) will be transferred to
the error model, which makes the time constant estimation more precise.

3.3.3 Signal scaling

Signal y(k) with voltage as the element and signal i..; (k) with current as the element
are usually not at the same magnitude level. It is therefore better to scale them
before using AKF. Let k, and k; be the scaling coefficient, which changes (3.20) to

k ‘
k:y-y(k:):oz-k;y-y(k—1)—}—51{:—‘1{-ki-zce”(k—l)+ky7-e(k3—1)
@wwlq

= o 8% k)

ki : icell(k — 1)
e(k—1)

(3.22)

ky-y(k—1)
- [91 02 93} {’fz ~deen(k — 1)] :
e(k—1)
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3. Parameters and SOC estimation

As y(k —1) and i.u(k — 1) are measured, e(k — 1) is estimated and the parameters
can be identified with AKF. Resistance R and capacity C' can be reversely solved as

l{ii 92
R=—". 2
k, 1—06,
At(O, — 1
ok A=) (3.23)

- E 92109(91) .

3.3.4 Closed loop estimation

In (3.12), OCV term is calculated by taking in the estimated SOC' of previous step.
In actual case, the SOC estimation consequences come from FKF, which makes
the time constant estimation and SOC estimation form a closed loop. Figure 3.1
illustrates the logic.

| |

R T soc
Rohm RLS ohmn T AKF - SOC EKF

Figure 3.1: The logic of the closed loop estimation. Time constant and SOC
estimation forms a closed loop.

The first block executes RLS algorithm with information of i..; and u..; provided,
and outputs estimated f%ohm. The second block takes fiohm as parameter then takes
in information of 4.y, ey and S OC that comes from the third block to execute
AKF algorithm, and outputs estimated 7. The third block takes ﬁiohm and 7 as
parameters, uses information of i..; and u..; to execute EKF algorithm, and outputs
estimation SOC' then feeds it back to the second block. Apparently, the second and
third blocks work in a closed loop.

3.4 SOC estimation with extended Kalman filter

With all the unknown parameters identified at each sample instant, three of the four
matrices that FKF needed are found, which are

P = 200 3],
| Bk
B =y |,
D(k) = [ Ropm (k)] (3.24)
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3. Parameters and SOC estimation

The last needed matrix H is the observation matrix, but the observation formula
contains nonlinear term f(SOC(k)) which must be linearized first in order to get

the matrix.

Based on the data that is given in Figure 2.3. The function of OCV-SOC' is approx-
imated by curve fitting tool in Matlab. After trying several models and orders, a
4th order polynomial model is found to have the smallest mean square error (MSE)
to fit the data without taking into account the first data point, see Figure 3.2.

a2 OCV-SoC curve fitting for NMC battery
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Figure 3.2: A 4th order polynomial function is found to best fit the data of OC'V-
SOC. The first data point is neglected.

The polynomial is

SOC*
SoC3
OCV = |p1 pa ps ps ps| |SOC?|, (3.25)
SOC
1
where the coefficients are
p1 = —2.498,
po = 5.843,
ps = —4.102, (3.26)
py = 1.537,
ps = 3.358.

Slope-intercept equation linearly describes the OCV value at each step, as
OCV =m-SOC + b, (3.27)

where m is the instant slope while b is the instant intercept.
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3. Parameters and SOC estimation

At a certain step, m is calculated as the derivative of OCV with regard to SOC,
which is

d(OCV)

d(50C) (3.28)

— —9.99250C" +17.52950C" — 8.20450C + 1.537.
The tilde symbol means that the SOC in (3.28) is a particular value at a certain
step rather than a general SOC in (3.27). SOC(k) is unknown at instant k, but

m(k) can be approximately calculated thanks again to the fast sampling rate. Use
one step former data of SOC, to obtain

m(k) = —9.99250C?(k—1)+17.529°SOC (k—1)—8.204SOC (k—1)+1.537. (3.29)
The approximation of b is also based on the information at instant & — 1, which is

b(k) =0CV(k—1)—m(k)-SOC(k —1). (3.30)
Replacing the OCV term in (3.5) by (3.27) and plug in the calculated m(k) and
b(k). The new equation is linearized as

Ucenn (k) = uc(k) +m(k) - SOC(k) + b(k) + Ronmicen (k). (3.31)

For the reason that b(k) is not allowed to reside in the multiplication matrices, it
is moved to the left side to be subtracted by u. (k) such that a new observation
variable z(k) is generated. Therefore, the new observation is

2(k) = ucan(k) — b(k) = |1 m(k)] [S‘éék()kﬂ + [Ronmlicen (k) (3.32)
where the observation matrix is
H(k)=[1 m(k)]. (3.33)

Until now the last matrix is found. The original Kalman filter algorithm that is
implemented on this model can estimate SOC, and its mapping on OC'V feeds back
to be used in the time constant estimation.

The acquisition of m(k) and b(k) requires current step’s information about OC'V and

SOC, which is impossible. Again, thanks to the slow change of SOC and fast sam-
pling rate, estimation of SOC' at time k—1 is applied to approximate m(k) and b(k).
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4

Verification in Stmulink

4.1 Data set

The data set that was utilized to verify the algorithm was NEDC' cycle data collected
from CarMaker. Figure 4.1 shows the cell current signal. Positive value means that
the vehicle consumes battery energy.

Verification data set cell current

MR ‘ i
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Figure 4.1: Cell current signal of the validation data set.

4.2 Verification cases

Because of the complexity of analyzing close loop estimation and in order to hold
the verification in a clear and progressive way, the verification was tested in four
cases:

1. Impedance resistance (Ropy,,) verification,

2. Open loop 7 verification,

3. Open loop SOC verification,

4. Comprehensive verification.

4.3 Verification logic of R,

The estimation of R, is not related to any other parts. The verification has a
logic of Figure 4.2.
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leell Ucell Rohm

Battery Model Rohm RLS > Compare

Figure 4.2: The verification logic of R,n.,. In the estimation of this parameter, it
is neither about open loop nor closed loop.

The battery model takes i..; as input signal to generate required information which
is ueey for RLS algorithm, comparing the reference R, with the estimated one.

4.4 Open loop verification logic of 7

The estimation of time constant is related to SOC estimation, which makes it diffi-
cult to verify. Thus the verification implements the logic of Figure 4.3 to avoid the
close loop.

S0C

cell

» Battery Model T AKF > Compare

Ucel|

Rohm T

Figure 4.3: The verification logic of time constant. In this estimation case, an
open loop is designed to avoid the influence of SOC on 7.

The battery model generates all needed information for AKF algorithm which are
SOC and u,e, as well as the parameter R,,,, comparing the reference time constant
with the estimated one.

4.5 Open loop verification logic of SOC

Estimation of SOC requires all parameters to be identified, where the estimation of
7 is in closed loop. To avoid the closed loop, the logic in Figure 4.4 is applied.
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SOC

cef Battery Model SOC EKF . Compare
uceII SOC

b
Rohm I

h 4

(-]

Figure 4.4: The verification logic of SOC. In this case, an open loop is designed
to avoid the influence of 7 on SOC.

This verification case inputs the iy signal to battery model and it generates all
needed information. Those information include SOC and u..; as well as parameters
Ronm and 7, comparing the reference SOC with the estimated one.

4.6 Comprehensive verification logic

In this verification case, all the estimation algorithms are combined together, where
the close loop estimation is included. Figure 4.5 explains the logic.

I
[ 1
I_. SoC
R. RLS Rohm z
. TAKF SOC EKF SOC EKF

1 !

Figure 4.5: The verification logic of combined algorithm. No avoidance is made in
this case.

Battery Model

The difference to the other cases is that here the battery model only provides the
signal of cell voltage while all parameters are estimated by certain blocks. The
reference SOC' is compared with the estimated one. This case is consistent with the
real operating condition, where the sensors measure .. and .

4.7 Simulink verification results

4.7.1 Verification result of R,

Figure 4.6 shows the verification result of R, in conventional RLS algorithm.
Two large spikes occur at about 800 second and 1900 second. The reason is the bad
excitation of the input signal, which refers to Figure 4.1. From the plot of covariance
P, it can be seen that the covariance windup problem of the algorithm occurs at
about 800 seconds and 1900 seconds, where the value goes to extremely large.
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Conventional RLS
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(a) The estimation of R,p,,. It has two large spikes.
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(b) The covariance P goes to extreme larges, which causes the sudden jump of
estimation of Rpm,.

Figure 4.6: The performance of conventional RLS.

Figure 4.7 shows the verification result of RLS with a bound. It can be seen that
the covariance value is limited with a bound about 0.1, while all the values above it
are cut off. In this case, the estimation avoids large spikes.

1073 RLS with bound
2
I 1 [
£ | [ B AP W TP | N T T A At s PP PR D TR JUFIN I 1Y RSO N LT P I Y A
51— :
id True
RLS B
0 1 | | I | | | | 1 ]
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time(sec)

(a) The estimation of R,p,,,. With bound value be set, it can be seen that the large
spikes disappear.

! P of RLS with bound

Covariance P
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(b) The covariance P is limited. The values larger than 0.1 are cutted.

Figure 4.7: The performance of RLS with bound.

Figure 4.8 is the verification result of RLS with a bound plus dead zone. The
covariance outlook is the same as RLS with a bound. The dead zone filters the
small variations in input signal which could be caused by noises in realistic life. It
can be seen that the estimation becomes much smoother. A drawback of dead zone
is that it makes the convergence to true value slower. No adaptation is made at the
first 150 seconds, because there is not enough information in input signal.
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107 RLS with dead zone and bound
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Figure 4.8: The estimation result of R, in the case of RLS with deadzone and
bound. No adaptation is made at the first 150 seconds.

Calculating the mean square error of the three types of RLS tests, has shown result
of

5.312e—>5, conventional RLS,
MSE = {3.1249¢—9, RLS with bound, (4.1)
9.3262e—9, RLS with bound and dead zone.

Although the MSE of RLS with bound is smaller than RLS with deadzone and

bound, in reality it is more important to keep Ropm less fluctuated.

4.7.2 Open loop verification result of 7

The open loop AKF time constant verification is shown in Figure 4.9. The estima-
tion captures the true value well.

Time constant estimation

Amplitude

200 400 600 800 1000 1200 1400 1600 1800 2000
Time(sec)

Figure 4.9: The AKF estimation of time constant in open loop case.
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4.7.3 Open loop verification result of SOC

The open loop estimation of SOC' is shown in Figure 4.10. Because all the pa-
rameters needed for FKF use exactly the same value of the battery model, the only
error term comes from the linearization. Within expectation, the estimation residual
should be very small. In fact the mean square error in this test is 1.2029e-18.

07 Open loop estimation of SOC
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Figure 4.10: The SOC estimation result in open loop case.

4.7.4 Comprehensive verification result

This verification case is the combination of all subparts estimations, including the
closed loop.

The two plots in Figure 4.11 are closed loop parameters estimation results. Due to
the complexity of close loop estimation and cancellation, the estimated time constant
has an obvious bias to the reference value. However, since the time constant appears
in the exponential coefficient, a small variation of the time constant towards the true
value will not have severe impacts on SOC.

3 Close loop estimation of R
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(a) The estimation result of R, in closed loop case
Close loop estimation of time constant
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(b) The estimation result of time constant in closed loop case

Figure 4.11: Closed loop parameters estimation performance.
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Figure 4.12 shows the closed loop SOC' estimation result. From 0 sec to 700 sec and
after 1800 sec the estimation are less accurate than the rest part, which is consistent
with the phenomena in 4.11(b).
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Figure 4.12: The estimation result of SOC' in closed loop case

The absolute value of SOC' estimation residual is shown in Figure 4.13. The largest
residual occurs at the beginning, which is because of the initial guess and the slow
adaptation of impedance resistance. The largest residual in percentage is about
1.6%. Most of time the residual in percentage is between 0 and 0.5%.
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Figure 4.13: Estimation residual of SOC
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Verification in CAN network

5.1 Softwares

CarMaker and CANoe were used in the project. CarMaker was the software uti-
lized to simulate complete car model with certain scenarios. CANoe was applied to
simulate CAN environment and conduct hardware in loop test.

In order to simulate the FCUs in CAN environment, transmission control unit
(TCU) and battery control unit (BCU) were removed from CarMaker but are placed
in CANoe. Note that SOC estimation is one functionality of BCU.

5.2 Network in the project

The functions that were only tested in CarMaker cannot ensure the well functioning
in reality, because CarMaker did not simulate the data transmission in the network
where the communication delay and signal priorities must be considered. An in-
teresting and beneficial thing was to build a basic CAN network, such that this
network became a skeleton for future works. For example, more nodes can be added
to this network and more complicated data statistics may be collected.

The network was built by connecting two PCs, which was the minimum configura-
tion. The layout is shown in Figure 5.1. PC1 ran CANoe while the models of TCU
and BCU are implemented in it. PC2 ran both CarMaker and CANoe while the
remaining models are implemented in CarMaker. The two PCs accessed the net-
work through Vector VN1630a which is a portal device. The data exchange between
CarMaker and CANoe was achieved through a special configuration of functional
mock-up interface (FMI). The logistic orders during the data transmission are as
follows. PC2 transmits CarMaker signals to the network. PCI1 receives signals
from the network and executes the calculations in the models of TCU BCU, then
transmits the outputs back to network. PC2 receives the outputs then uses those in
CarMaker simulation. The timing master of this network is CANoe.
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Figure 5.1: 2 PCs CAN configuration

5.3 SOC verification in CAN

The SOC' estimation algorithm was integrated into BC'U model. Since PC1 and
PC2 simulated two nodes in the network, the network was used to verify the per-
formance of the algorithm in CAN environment.

Figure 5.2 shows the C'/ANoe configuration. The plot window inside is the outcome
of SOC' estimation.
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Figure 5.2: SOC estimation verification in CANoe

The estimation data was exported from CANoe while the reference data was ex-
ported from CarMaker. Figure 5.3 shows the comparison between them.
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Figure 5.3: The comparison between SOC' reference and SOC' estimation

A gap between the two curves is inspected, which is because the measurement of
CANoe did not start at the same time as CarMaker simulation. Beside that, the
estimation has good accuracy.
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Conclusion and future work

The verification tests presented in Chapter 4 prove that the algorithm has effect of
adaptation on parameters R, and 7. The drawback is that the implementation
of the algorithm neglects some useful data during the estimation of both impedance
resistance and time constant, which causes estimation bias. The solution is to assign
the summarized error term with a proper model such that more DOF are given to
the error model parameters, which increases the plant model parameters estimation
accuracy. Another problematic part is the close loop, where the mutual dependencies
between AKF and EKF are difficult to analyse. Eventually the concluded largest
residual is 1.6%. The initial guess of SOC is a principal issue in EKF. Fortunately
this value can be derived by measuring the battery terminal voltage and then map
it back to SOC' at the time when battery is at equilibrium state.

The equivalent model used in the project is the simplest case where only one RC-
circuit is included. The estimation model that is based on this simple circuit cannot
be used to estimate a real battery that has many DOF. To improve the algorithm,
the model should be expanded to contain more RC-circuits so that the DOF is in-
creased to match the estimation requirements. The problem that arises when using
more RC-circuits is that more parameters need to be identified, which will cause
the designer to spend more efforts on dealing with the close loop estimation.

The battery ageing effect only takes into account the impedance resistance and time
constant. In practice, the ageing has correlations to many factors such as operating
temperature, charging rate, SOC range. For a further research, the impacts of those
factors should be included in the model to test the robustness of the algorithm when
working in multiple parameters varying cases.

From system identification point of view, the validation data set used to estimate
parameters must have coverage over broad spectrum to avoid accidentally correct
estimation of parameters. For NEDC. the signal spectrum is not very rich in spec-
trum because the driver’s behavior is constrained by the environment. A maturer
validation process should try to implement larger and more detailed data sets.
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Appendix

A.1 Network

A.1.1 Overview

Modern cars are integration of mechanical components, actuators, and electronic
hardwares. Electronic control units (ECU) are embedded microprocessors in charge
of monitoring and processing the signals in car. Commonly, modern cars have up
to 80 ECUs [17]. Such complicated embedded systems transmit and receive a lot
amount of data, thus it requires an efficient and low lag solution of data transmission.

Several digital communication protocols were created to solve the above problem.
The protocols are ranked to three classes [18],
1. Class A: up to 10Kbit/sec, multipurpose, asynchronous, used for non-realtime,
smart sensors, wire reduction.
2. Class B: in the range 10Kbit/sec up to 125Kbit/sec, used for intermodule data
transfer and non-realtime control.
3. Class C: critical, high speed, realtime communications between devices. CAN
is one of those up to speed 1Mbit/sec. There are other alternatives, for exam-
ple Flexray up to 10Mbit/sec.

CAN is widely used in many cars for hardwares communication, but not the only
type of network. FlexRay plays the role of backbone communication between several
master domains, because it has a stronger capability to deal with big amount of data.

A.1.2 Controller area networks

Controller area network which is also known as CAN, is a protocol developed by
Robert Bosch GmbH at 1983. Since the release in 1986, CAN had become more
and more widely used and eventually it becomes the standardized communication
protocol in car.

The creation of CAN was to add new functionalities, but during its design it results
in also reducing the wiring, which is a by product beyond the initial intention [19].
For the protocols before CAN, the nodes were connected to each other in the way
of peer-to-peer, which brought a harassment of wring and error detection. Instead,
CAN uses a bus as a mainstream, the messages are broadcasting in it such that all
nodes connected to CAN have access to the information. Each messages contains
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not only the data bits but also identifier bits which are used for the nodes to filter
out irrelevant messages. Due to the special structure, CAN has a better handling of
errors comparing to the conventional protocols. In addition, the structure ensures
that disconnection of one node in CAN will not interfere the rest of the network.

Vehicle Wiring: conventional multi-wire looms

(a) Conventional wiring
Vehicle Wiring: CAN Bus network

(b) CAN wiring

Figure A.1: Conventional wire and CAN bus [20]

Figure A.1a and A.1b compare the wiring of conventional bus and CAN. The com-
plexity of the conventional network wiring makes it uneasy to conduct troubleshoot-
ing and it is also inflexible to implement system expansion and tests. For CAN, a
central cable connects FCUs all together. New devices can be conveniently added
to the network without interrupting the whole wiring. With all the available data
flowing on the bus, devices can pick their own needed signals based on the identifier
bits of specific message. CAN supports maximum bit rate of 1Mbit/sec and guar-
antees less than 120 microseconds latency within 40 meters.

There are several advantages and disadvantages listed below,
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e Pros
1. Reduces wiring complexity
Low cost, light weight
Standardized
Data consistency
High configuration flexibility
Guaranteed bit rate
7. Real time, small latency
e Cons
1. High software expenditure
2. Limit on central cable length
3. Efficiency decreases as number of devices increases
4. Low security

S Gt N

Despite the advantages, disadvantages still exist. The signals on CAN bus are event-
driven, which means it requires well organized logics and priorities to transmit sig-
nals. Due to the physical properties of the cable, data on the bus has an upper limit
which constraints the number of devices available in CAN. Further, data transmits
freely on the bus and available for any devices, makes the information unsecured.

A.1.3 CAN Signal and message

A signal as referred to in communication systems, signal processing, and electrical
engineering is a function that conveys information about the behavior or attributes
of some phenomenon [21]. However, signal has an additional meaning in CANoe. In
C'ANoe, signal is defined as a mapping of external data where it has types of un-
signed, signed, float and double. The external data may come from other softwares.
The signal must be defined with correct type as the external data in order to avoid
overflow.

Message is the frame of information that the nodes send to netowrk. Message has
two formats where one is CAN standard the other is CAN extended. Message is a
sequence of binary numbers which are divided to several fields. Some of those fields
are configuration fields that define the properties of the message and others are data
fields that contain the useful data. The most often used fields are identifier field,
data length field and data field.

A.1.3.1 Identifier field

The difference of CAN standard and CAN extended is the length of identifier field
in the message. CAN standard has 11 bits length ID while CAN extended has 29
bits length ID.

The CAN specification specifies that the dominant bit is logical 0 and the recessive

bit is logical 1. If two bits are sent to CAN, the dominant bit defeats the recessive
bit such that the message with recessive bit shall be delayed until the message with
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dominant bit finish its transmission.

ID number(hex) ID field bits Other fields
0x7 0/0j0J0|0]{0O]|O]OT|1]|1
0x8 0/0j0[0|0O[0|0O|1|0]0O

Table A.1: ID field

Table A.1 lists the identifier bits of two messages that have ID number 0x7 and 0x8
respectively. There will be a collision occurs at 8th bit When two nodes transmit
those messages simultaneously. Node that transmit 0x7 will continue since logical
0 defeats logical 1, while node that transmit message 0x8 will pause until the other
node finishes its current frame. Message with lower ID number has higher priority,
this priority feature of messages makes CAN suitable for real time communication.

Identifier field also defines the uniqueness of messages, nodes only receive the mes-
sages that have the correct ID.

A.1.3.2 Data length code field

DLC field defines bit length of the data field. DLC of CAN standard can be set to a
decimal number between 0 to 8. One unit value means one bytes data such that the
data field length could vary from 0 bytes to 8 bytes, in another word 0 bits to 64 bits.

The DLC should be chosen properly to optimize the efficiency and utilization of the
network, and the ID of the messages should be assigned according to the specification
of the system.

A.1.3.3 Data field

Length of data field varies from 0 bits to 64 bits in relate to DLC. This field is
the main field in messages where the information of data is saved. Data field has
maximum 64 bits, which means that one message can carry one double typed data
at most.

A.1.3.4 Baud rate

Digital data modem manufacturers commonly define the Baud rate as the modula-
tion rate of data transmission and express it as bits per second [22]. The calculation
of data transmission load uses formula:

N
B = Zfi x 1, (A1)
i—1

where N is the number of messages, f is the frequency of message, [ is the length of
the message frame. If two messages are sending with frequencies 15 and 20 frames
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per second and with length of frame 50 bits and 70 bits, the total data transmission
load is

B = (15 x 50) + (20 x 70) = 2150bits /sec. (A.2)

Baud rate of the CAN network should be larger than this value to ensure the smooth
of data transmission.

A.2 Functional Mock-up Interface

Functional Mock-up Interface was first released at 2010, it is a simulation model stan-
dard designed to improve compatibility for different suppliers and manufacturers.
The model of FMI standard is called Functional Mock-up Unit. Model developed by
Matlab/Simulink that is FMI supported can be compiled to FMU which is allowed
to be read by other FMI supported softwares, e.g., CANoe. With FMI, the models
designed by suppliers with different softwares can be integrated in a convenient and
consistent way, which guarantees engineers more time to focus on the project itself
rather than waste time on the compatibility and data exchange problems between
different formats.

CarMaker and CANoe are both FMI supported softwares, the TCU and BCU
models as well as other models in CarMaker are of FMI format.
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