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Background and Objectives: Traction system and adhesion between wheel and
rail are fundamental aspects in rail transportation. Depending on the vehicle's
running conditions, different levels of adhesion are needed. Low adhesion
between wheel and rail can be caused by leaves on the line or other
contaminants, such as rust or grease. Low adhesion can occur at any time of year
especially in autumn, resulting in disruptions to passenger journeys. Increased
wheel-rail adhesion for transit rail services results in better operating
performance and system cost savings. Deceleration caused by low adhesion, will
extend the braking distance, which is a safety issue. Because of many uncertain
or even unknown factors, adhesion modelling is a time taking task. Furthermore,
as direct measurement of adhesion force poses inherent challenges, state
observers emerge as the most viable choice for employing indirect estimation
techniques. Certain level of adhesion between wheel and rail leads to reliable,
efficient, and economical operation.

Methods: This study introduces an advantageous approach that leverages the
behavior of traction motors to provide support in achieving control over wheel
slip and adhesion in railway applications. The proposed method aims to enhance
the utilization of existing adhesion, minimize wheel deterioration, and mitigate
high creep levels. In this regard, estimation of wheel-rail adhesion force is done
indirectly by concentrating on induction motor parameters as railway traction
system and dynamic relationships. Meanwhile, in this study, we focus on
developing and applying the sixth-order Extended Kalman Filter (EKF) to create a
highly efficient sensorless re-adhesion control system for railway vehicles.
Results: EKF based design is compared with Unscented Kalman Filter (UKF) based
and actual conditions and implemented in Matlab to check the accuracy and
performance ability for state and parameter estimation. Experimental results
showed fast convergence, high precision and low error value for EKF.
Conclusion: The proposed technique has the capability to identify and assess the
current state of local adhesion, while also providing real-time predictions of wear.
Besides, in combination with control methods, this approach can be very useful
in achieving high wheel-rail adhesion performance under variable complex road

This work is distributed under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

conditions.
LD

Introduction

The contact force at wheel and rail interface governs the
dynamic behavior of entire vehicle, which is complex and
highly non-linear. Measurement of this force is one of the
most important issues for condition monitoring and

Doi: 10.22061/jecei.2023.9935.664

safety evaluation of railway vehicles. In [1] an estimator
framework is presented for online identification of
contact force at wheel- rail interface. Sliding and slipping
are two challenging situations in railway industry that
arise from the low friction between wheel and rail,
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especially when wheel and rail are contaminated by
different factors such as mud, grease, humidity, etc [2]-
[5]. Also, weather conditions [6], deliberately applied
friction modifiers [7], or contact surface temperatures [8]-
[10], can affect the amount of adhesion. In order to avoid
wheel slide/slip and uncomfortable riding and decrease in
traction effort, wheel wear, and noise, it is imperative to
minimize the excessive slippage that occurs between the
surfaces of the wheel and the rail. In [11], the proposed
method to reveal the slip is to compare speed difference
between the wheel and the vehicle body. Then the
estimated slip is used for torque compensation signal
generation. Since the induction motor is one of the most
important parts of the train's motion system,
investigation of the induction motor was proposed which
uses the estimated adhesion force to suppress the slip
and adjust the torque command [12].

Many researchers tried to resolve adhesion problem
and different solutions such as mathematical control
theory, statistical and genetic have been proposed and
applied [13], [14]. The adhesion characteristic has two
stable and unstable areas. Between these two areas,
maximum value of the adhesion is located. The adhesion
coefficient depends upon the slip velocity, which
influences on adhesion coefficient level. Train velocity
and temperature of contact area are two important
factors affecting the railway surfaces. Higher values of the
adhesion coefficient and the slip velocity lead to
maximum adhesion coefficient. Therefore, adhesion level
identification is an important task for proper operation of
a railway vehicle. A novel approach was introduced in a
recent study [15] to determine the adhesion coefficient
between the wheel and rail. Additionally, another
research paper [16] presents a distinct adhesion control
technique that relies on observing the adhesion state
between the wheel and rail. Obtaining optimal adhesion
control can lead to effective utilization of train traction
power [17], [18]. It is important to mention that based on
the changes observed in the characteristic curve of the
adhesion coefficient, it is necessary to limit the creep
velocity of the train within the stable region to prevent
wheel slide or slip. To bring the trains back to the stable
region, readhesion control is implemented by finely
tuning the torque and promptly detecting instances of
wheel slide or slip. However, a limitation of this approach
is that it is unable to completely eliminate the occurrence
of slide or slip [19]. To explore the phenomenon of slide
and slip in railway traction, a novel approach utilizing the
second-order Luenberger observer is introduced. This
method indirectly determines the frictional force
associated with this phenomenon [20]. A bank of Kalman
Filter (KF) is applied for the adhesion estimation.

Identification of the contact conditions is then done by
examining the residuals from the Kalman filters [21].

In [22] a Kalman Filter based technique is proposed for
estimation of low adhesion between wheel and rail. The
EKF is the nonlinear form of Kalman Filter, which has been
used extensively for estimation of nonlinear states in
navigation systems [23]. Extended Kalman filter based
estimation for estimating the creepage, creep force, and
friction coefficient between the wheel and rail surfaces by
utilizing the AC motor parameters such as stator voltage,
current, and speed was proposed in [24]. An alternative
approach to detect slip velocity is through the utilization
of multi-rate Extended Kalman Filter state identification.
This method combines both the multi-rate technique and
the EKF method to accurately determine the traction
motor load torque. The advantages of this method are
faster slip detection and improved reliability and traction
performance [25]. To predict the wheel and rail wear,
regions of adhesion variations or low adhesion, and the
development of rolling contact fatigue, a novel approach
utilizing the Kalman-Bucy filter technique is suggested to
estimate the wheel and the rail states [26]. In [27], a
model-based technique is proposed for condition
monitoring, in which an unscented Kalman filter is applied
to estimate rolling radius by considering the angular
velocity and the traction effort of the motor
measurements. In [28]-[30] UKF was used for sensorless
speed control of induction motor, in which it was
emphasized that UKF has more robust estimation
performance.

This study investigates the utilization of EKF approach
to accurately determine the adhesion force between the
contact surfaces of a wheel and rail. The estimation is
achieved through analyzing the measured values of the
stator currents of an induction motor. To evaluate the
observer's performance, a dynamic model is constructed,
comprising a gear box, wheelset, and induction motor.
The behavior of the wheel-rail contact is described using
the Polach model. The design of the induction motor is
based on a first-order decomposition of the sixth-order
nonlinear model. The proposed EKF technique is capable
of estimating various parameters, including motor
current, rotor flux components, motor speed, and load
torque.Then, dynamic reletion is used for adhesion force
estimation. For further investigation, we compared our
method with UKF. The obtained results show good
convergence and high precision. The rest of this research
is organized into four parts. First, the details of traction
system and mathematical model of induction motor are
explained. Then, the estimator framework is presented.
Following this, the details of experimental results are
highlighted. Finally, the conclusion is given.

System Modelling and Discretization

The traction system information employed in this
research is shown in Fig. 1. The model consists of three
parts, wheel and rail, gear wheel, and traction motor. The
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continuous dynamic model of the induction motor used
in this research is described by sixth-order nonlinear
differential equations with three series of variables
consisting of two mechanical variables (motor speed and
load torque), four electrical variables (currents and
fluxes), and two control variables (stator voltages) and the
stationary reference frameis (@, §).  The action of the
axle load causes the wheels rotation, which leads to micro
deformation region occurring in the wheel-rail contact
region. Then, the interaction between wheel and rail
produces the adhesion force F,. The schematic of wheel-
rail adhesion mechanismis shown in Fig. 2. The states, the
measurements, the stator voltages, and the state and
measurement noises are given in (1) to (5) respectively.
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Fig. 2: Wheel-rail adhesion mechanism.

u® =[usa uspl” (3)
w®)=W1 w2 W3 w, ws wg]T (4)
v=[v; v]" (5)

where Iy, is stator current in a frame, I is stator current
in § frame, 1,4 is rotor flux in & frame, 1, is rotor flux
in B frame, w,, is the motor angular velocity, and T}, is
load torque.

The equations are listed as follows [31]:

LmRr

dlsq - _ (& LmRr) l,b

dt oLg ULSLZ o‘L zrra

m

oLsLy npwmlprﬁ + oLs Usq (6)
dlgp (RS L%nRT) Lm

dat olLg + oLsL2 Isg = oLsLy ety T @mPra +

LmRy 1

oLsL2 lprﬁ + oLs usﬁ (7)
dYrq _ Rrlm

at Ly 1 lpra - npwmlprﬁ (8)
dwTB Rer Ry

dt IB + npwmlnbra - _rlprﬁ (9)
dwm _ ‘3"1me 3"1me _L

dr 2Jequlr wr[j’ sa lpra sp wm Jeav TL (10)
daTyp,
E =1 (11)

where R is the stator resistance, R, is the rotor
resistance, L, is the stator self-inductance, L, the is rotor
self-inductance, Ly, is the mutual inductance, n, is the
number of the pole pairs, J.q, is the equivalent moment
of inertia, C, is the viscous friction, and ¢ is the leakage
coefficient and defined as (12).

x(t)=[*1 X2 X3 x, x5 x]T = _ 1)
Use Isp Yra Yrp wm T,]7 (1 °7 LeLy
z=[ I, IS,;]T (2) Induction motor extended model is shown in (13).
Rs , LRy LRy Lim 1
- (G_LS + aL;Lzr) 0 cLsl? oL.L, 'pWm 0 0
_(Rs | LRRY Ln LRy
0 (a’Ls + aLsL;’:) alsly p®m algl? 0
RyLp Ry
_ ™ 0 » Ty Wy, 0
Rrlm _ﬁ
0 L Wy, Z, 0
3npl;, 5 3nply, 0 0 o Cy
2JrquLl zjequr ]eqv
) 0 0 0 0 0
Xe L Y
Ae
I Ignoring the damping coefficient, the dynamic
lg equation of traction motor is as follows [13]:
Lyl 1 0 0 0 01| ¥ra
L=l 1 0 o ol vy +v(t) (14) dom _ Tm=Ti (15)
Wy, dt ]eqv
H, 7
' = om (16)
Wy, = o
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NypLm
Tn = ir (Isﬁwra - Isa¢r6) (17)
T, = % (18)
JgtixtJwrt]w
]eqv = Jm +gn—2RL (19)

i

where w,,represents the angular velocity of the wheel,
while Fa denotes the adhesion force exerted by a single
wheel. Additionally, [, Jg, Jx, Jwr, @and J,,, refer to the
moments of inertia associated with the motor, gearbox,
wheelset axle, right wheel, and left wheel, respectively.
The adhesion force at the contact point between the
wheel and rail, denoted as F, is determined using Polach's
method [33] and can be calculated using (20).

F = ZFNuf( ka€
a T 1+(kg€)?

+ arctan(kge)), ks <k, <1 (20)

where Fy is the normal force between the wheel and
rail, pif is the traction coefficient, and quantities k, and kg
are Polach reduction factors in the areas of adhesion and
slip, respectively.

tp = po((1 = D)e P + D) (21)
_ GmabCqy
€= st (22)

where D and B represent reduction factors associated
with distinct friction coefficients, IV is the longitudinal
velocity of the train, £ is the creepage between the wheel
and rail, G is shear module, a and b are the semi-axis
length of the contact patch and C;; is the Kalker
coefficient.

The creepage contains longitudinal and lateral
components but in this research, the lateral dynamics are
neglected, so calculated by the following equation [34]:

&=

Estimation of Wheel-Rail Adhesion

The details of the EKF and UKF used for estiomation of
Wheel-Rail adhesion can be found in the following
subsections.

A. Extended Kalman Filter

wy =V

. (23)

The EKF is an enhanced variant of the traditional
Kalman filter that takes into account nonlinear systems.
In this study, our goal is to determine the optimal linear
estimation for the state vector of the induction motor.
The discrete-time nonlinear model is expressed as below:

X1 = [ (X0 Ui, Wi) (24)
Zx = h(Xp, k) (25)
where f(.) represents the dynamics of machine, h(.) is
the relationship between the observation z;, and the state

vector x, ugrefers to the input provided to the motor,
while wy, and v;, represent the vectors of noise that affect

the process and measurement respectively. Equations
(24) and (25) exhibit nonlinearity, necessitating their
linearization. This process involves employing the first-
order Taylor approximation in the vicinity of a chosen
reference point. Linearizing these nonlinear equations
will result in the following description of the dynamics:

X1 = f(Xp, U, 0) + Fie(xge — X)) + Wiew (26)
zx = h(%,0) + Hg O — %) + Vie(v — 0) (27)

where Fy, Wy, Hy and V,, are Jacobean matrices defined
as below:

_9or
T ox

_u| oo
sk =

e =
2 awly, ax

_on

= —
2 v

Fy

(28)

Xk
The EKF algorithm using induction motor model in (13)
and (14) can be given by the following equations:

Pyyak = FxP(K)F™ + W, QW™ (29)
Ky = Pk+1|kaT(HkPk+1|kaT + VRV (30)
Rtk = f(jc\klk-ukio) (31)
Ris1pirtr = Trrae + K@ — M(Zys1000)) (32)
Prijisr = U — K Hi) Progaie (33)

where Py qx is the priori prediction error covariance
matrix, Pyiqx+1 is the posteriori prediction error
covariance matrix, Ky is the Kalman gain, £y, is the
priori state prediction vector, Xy, q|x+1is the posteriori
state prediction vector and Q and R are the covariance
matrixes of process and measurement noise and | is the
unit matrix symbol. In general, the extended Kalman filter
is not an optimal estimator. If the process is modeled
incorrectly, or if the initial estimate of the state is wrong,
linearization may lead to rapid divergence of the filter.
Furthermore, the estimated covariance matrix in EKF has
a tendency to inaccurately assess the true covariance
matrix. Consequently, it runs the risk of losing consistency
in the statistical context unless stabilizing noise is
introduced. Finally, because of the Q and R uncertainty,
their values are obtained by trial-and-error methods
which is tedious and time-consuming procedure.

B. Unscented Kalman Filter

The UKF is created by incorporating the unscented
transformation (UT) method.It is assumed that the
studied system is nonlinear and in discrete form:

wi~(0,Qk) (34)
Ve~ (0,Ry) (35)

X = (R wie) + wye
Zk = h(fk, uk) + Uk

In the first step of estimate of state vector of the
induction motor using UKF, a set of 2n, + 1 weighted
samples or sigma points are determined as:

Xiee1 = Bt B + /0 A+ DPic))i Rams — (0 + D (P
(36)
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0 _ _4

Wm T Ay (37)
o _ 4 2

W' =+ 1—a*+p (38)
0 _,0__4

We = Wm™ = 3 0my (39)

where the dimension of the state variable is represented
as n, .The estimate of x;at time k-1 is denoted as Xj,_4,
and its covariance is represented as P,_;. The weight
Wp,is is utilized for determining the mean, while w, is
employed for calculating the covariance. The parameter
a, which lies within the range of [0,1], is employed to
regulate the distribution of the sigma points. Additionally,
B non-negative term, is utilized to incorporate
information from higher order moments of the

distribution and A =a’ (ny +p)—n, . It should be noted
that in this study, these three parameters are set as
follows: =1, g=0and p=1

The column i of the matrix P,_;is denoted as (Py_1);.
Sigma points y;_; are substituted into the nonlinear state
equation, and the transformed sigma points are

evaluated for each of the the 0 - 2n, points as described
below:

1 = FO2 ) (40)

To obtain the mean and covariance of the modified set
of sigma points, the following procedure is employed:

%o =T wex (41)
P- =y @, @ _ o- (i) a-\T
v =L We (e — 206 — )"+ Qx (42)

where @y, is the process noise covariance. The sigma
points that have been transformed are subsequently
utilized to predict the measurements by employing the
measurement model:

£O = h(x Uy (43)

The expected measurement Zis as:

2 =X wE® (44)
Using the predicted sigma points, Py?and P#* also

determines as follows:

P =32 0l () — 2D — 207 (45)

P =¥ 0@ GO =)D - 2)T + R (46)

The mean and square root of covariance for the state
are recalculated based on the actual measurement.

X = X + Ki(zi — Zi) (47)
P, = Py — K P¥Ky" (48)
Ky = P (P (49)

Results

This section begins by simulating the presented model
to verify the accuracy of the EKF in estimating variables.
Subsequently, the performance of the EKF is assessed by
comparing it with the UKF to determine its accuracy as an
estimator. All of our codes have been developed and
implemented using the Matlab, with a sampling period of
1073s seconds. To ensure more realistic testing
conditions, the induction motor is powered through an AC
drive with a sinusoidal input voltage.

A. EKF-Based Model Simulation

In the first step of our simulation, we try to simulate
contact conditions. Our goal in this step is to show the
created changes in adhesion force versus creepage for all
track conditions such as dry, wet, low, and very low
relationship between adhesion force and creepage. The
designed friction coefficients are as follows:

055  t<10
_Jo3 10<t<20
Fo= Y006 20<t<30
003 30<t<35

The values of ky, kg, D and B under different friction
conditions are listed in Table 1 and the other parameter
values used in equations (20) to (23) are as the following:
Fv=60KN, G = 8.4x10'° % a=0.0015 m, b =0.0075 m,

C11=4.12, V= 15%

Fig. 3 shows the curves of the adhesion force versus
creepage in different wheel-rail contact conditions. As the
creepage increases, the slip region increases versus the
stick region. As we see, the adhesion force changeswith
respect to creepage for all track conditions nonlinearly. In
the second step, the results of the simulation in MATLAB
and the estimation of the variables mentioned in the
previous section are shown and discussed.

Table 1: Polach model parameters under different friction
conditions [24]

Wheel-rail conditions

Model parameter

Dry Wet Low Very Low
ka 1 1 1 1
kg 0.4 0.4 0.4 0.4
D 0.6 0.2 0.2 0.1
0.4 0.4 0.4 0.4

The parameter values for the traction system
employed in this research can be found in Table 2.
Matrices Q and R are given in the following, which are
obtained by trial and error.
Q =diag ([3.88e-7 1.00e-12 1.39e-16 1.42e-16 1.85e-10
1.85e-3]) x 0.099, R =diag ([3.39e-4 3.39e-4]) x 2.
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Table 2: Parameters and values used in the simulation

C, (md s) 0.015 Jequ (kg.m?) 0.07
Ls(H) 0.1004 Rs (Q) 1.54
Lm(H) 0.0915 R (Q) 1.294
L(H) 0.0969 r(m) 0.34

n; 7.5 f(Hz) 50
np 3
os x10%
2 very low friction

o

adhesion force

05

0
o 005 01 015 02 025 03 035 04 045 05
creepage

Fig. 3: Adhesion force curves creepage.

Estimated and actual trajectories of stator currents in
a and B frames (I,,155) are shown in Fig. 4 (a) and (b),
respectively. The trajectories of the current errors in a
and f frames (e,m,e,sﬁ) are represented in Fig. 5 (a) and
(b), respectively.

——ExF
- ——isb

j 1

o 05 1 15 2 25 3 35 4 45 8
times)
®)

Fig. 4: EKF based estimated and actual motor current
trajectories (a) a axis (b) B axis.

Error isa

!
0 0.5 1 15 2 25 3 35 4 45 5
time[s]

(a)

Emorish

time [s]
(b)
Fig. 5: The trajectories of the motor current error (a) a axis (b)
B axis.

Estimated and actual trajectories of rotor fluxes in a
and B frames (.4, f[)rﬁ) are represented in Fig. 6 (a) and
(b), respectively. The trajectories of the rotor flux errors
in a and B frames (ell,sa,e,l,sﬁ) are represented in Fig. 7 (a)
and (b), respectively.

As seen in Fig. 4 (a) and (b) and Fig. 6 (a) and (b), the
estimated trajectories of the stator current and rotor flux
in aand 8 frames follow the real trajectories of these four
motor variables with minimal error bound.

Estimated and actual trajectories of motor speed (wy,
®p) and speed error (e, ) are shown in Figs. 8 and 9
respectively. In Fig. 8, fast convergence with a very low
bound of error in following the real trajectory by the EKF
estimator is clearly evident. The trajectories of the
estimated and actual load torque (T;, T;) and load torque
error (er,) are given in Figs. 10 and 11 respectively.

1

0§

<

o o5 1 15 2 25 3 a5 4 45 6 0 05 1 15 2 25 3 a5 4 45 5
time [s] time [s]
(@ (o)

Fig. 6: EKF based estimated and actual rotor flux trajectories (a)
a axis (b) B axis.

Error psiaest

B I | I | ! i i I i
0 05 1 15 2 25 3 35 4 45 5
time[s]

(a)

Error psibest

i : j
0 0.5 1 15 2 25 3 35 4 45 5
time [s]

]

Fig. 7: The trajectories of the rotor fluxes error (a) a axis (b) 8
axis.

70

estimated omega (EKF, inertia known)
omega

B0

50

Wog [rad/s]

o 0.5 1 15 2 2.5 3 3.5 4 4.5 5
time [s]

Fig. 8: EKF based estimated and actual trajectories of motor
speed.
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Fig. 9: The trajectory of the motor speed error.

50

estimated torque (EKF, inertia known)

L
e

40

30

20

{est}
—

\T_load
=}

=)

i
=}

&
=)

IS
=)

&
=]

o 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
time [s]

Fig. 10: EKF based estimated and actual trajectories of load
torque.
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Fig. 11: The trajectory of the load torque error.
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Fig. 12. The trajectory of the estimated adhesion force.
Referring to Fig. 10, it is evident that the error

undergoes a narrow variation when there is a sudden
change in the torque command. By analyzing Figs. 4 to 12,

it becomes apparent that the EKF estimator accurately
follows the real state trajectories with great precision and
rapid convergence. Equation (18) allows us to obtain the
trajectory of the estimated adhesion force,
demonstrating a linear correlation between the load
torque and the adhesion force. Fig. 12 shows the
estimated adhesion force trajectory. By estimating the
longitudinal creep force, it becomes feasible to ascertain
the degree of adhesion between the wheel and the rail.

B. Low Speed Performance

To further investigate the proposed method at low
speeds, the findings of the estimated stator current, rotor
flux, motor speed, and load torque compared to the
actual conditions are illustrated in Figs. 13-16. Upon
analyzing Figs. 15 and 16, it is evident that the proposed
method showcased in this study offers prompt response
and precise estimation of speed and torque across the
entire low-speed range. In Fig. 15, the reference speed is
initially set to 6 rad/s, then altered to -6 rad/s at 4s, and
finally adjusted back to 6 rad/s at 14s. Fig. 16 indicates
minor estimation errors of similar magnitude. The
estimated load torque demonstrates the successful
operation of the proposed scheme.

EKF isa
—&a 5L

timeds ] time[s]
@ (5)
Fig. 13: EKF based estimated and actual motor current
trajectories (a) a axis (b) § axis at low speed operation.

T
|| —— EKF msib
H—mic

0.8 T 08
—— EKF msis
06 1 1 psis oall-h -

044} H HHH Y- - B-- - el
0.2H{]- L H
! 0.2
i ° = UHUEH N 1
= g O
B ozl
02 FHHE -1+
04fftt{4H
0.4 ff--HHHRA - - HHHHE - - 4---
08 1
08f------ e [ — Rel-13 EEE BN L EREE B § EEETEEE
A H H s i H
0 2 4 8 0 2 4 E
time]s] time [s]

(a) )
Fig. 14: EKF based estimated and actual rotor flux trajectories
(a) a axis (b) S axis at low speed operation.

Fig. 17 displays the trajectory of the adhesion force in
low-speed scenarios, which was plotted based on the
linear relationship between load torque and adhesion
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force. These results confirm the robustness and represented. Both EKF and UKF estimator are used for
exceptional tracking capabilities of the estimation estimating variables and their outputs compared with the
approach, even when operating at lower velocities. actual situation. As it can be seen, the obtained results

present a high degree of convergence, acceptable
jem——— \:werliak:lown)L accuracy, and go.od estimation cff variables in estimating
with the EKF estimator. The trajectory of the estimated

12 T T

T
Estimated
omega

10

’ \ adhesion in two estimation modes i.e. EKF and UKF is
6
\ / given in Fig. 22. Based on the analysis of the estimation
z, \ / \ results, it can be deduced that the UKF algorithm, known
E 0 \ / for its effectiveness in highly-nonlinear systems as per
2 \ / previous research, does not exhibit any advantage over
4 \ f \\ the EKF algorithm when it comes to estimating induction
o = motor parameters and statistics.
% o5 1 15 2 25 3 35 4 45 5 25 .
time [s] EKF
Fig. 15: EKF based estimated and actual trajectories of motor 2 o ’
speed at low speed operation. 1
10 ;
. | 1 A
* i Es!tlmale(;torquel(EKF, \:1emak!nown) g 0 | } H \ H
" Torque 5 } ‘l ‘ H l
My vy / [ T
101 i
10
-15
E -20
-250 0.5 1 15 2 25 3 35 4 4.5 5
210 time[s]
2 Fig. 18: EKF and UKF based estimated and actual motor current
trajectories.
-30
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time[s] 6 T T
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C. Performance Comparison w0 Jk (
As mentioned and considered in subsection 4-1, the % 30} \
estimation of variables with EKF results in good £ 20(
information. For a more detailed investigation and to
check the amount of estimation error, and according to 0 \(‘“‘” \J(
subsection 3-2, the performance of the proposed EKF is 0
compared with UKF, validated with Matlab simulation, W T s 3 25 & 35 4 s
and comparative analysis is discussed. me el
In Figs. 18-21 the estimation results of motor current, Fig. 20: EKF and UKF based estimated and actual motor speed

stator flux, motor speed, and load torque are trajectories.
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In the following, the trajectories of the estimation
error for all mentioned state variables with the UKF and
EKF estimation modes are shown in Figs. 23-26. By
comparing the obtained results, it is obvious that EKF can
estimate variables with high accuracy and partial error in
the presence of UKF.

Fig. 26 shows the load torque error in estimating with
both EKF and UKF estimators. According to the (18), there
is a linear relation between load torque and adhesion
force.

Hence, it can be deduced that the EKF exhibits swift
responsiveness and provides estimations with minimal
margin of error, given the fluctuating adhesion
circumstances between the wheel and rail surfaces.
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Fig. 23: The trajectories of the motor current error (a) a axis (b)
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Fig. 24: The trajectories of the rotor flux error (a) a axis (b) 8
axis.

To further evaluate the estimation accuracy of the
approach, the root mean square error (RMSE) of state
variables is shown in Figs. 27-30. By analyzing the Figs, it
can be concluded that the RMSE of EKF is smaller than the
RMSE of UKF, as a result, the speed estimated by EKF is

closer to its actual values.
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Fig. 25: The trajectory of the motor speed error.
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Table 3. Running times of EKF and UKF algorithms

Estimator Execution Time (sec)
EKF 2.6
UKE 9.2

It can be seen in Fig. 30 that the RMSE of load torque
with EKF is equal to that of UKF. Therefore, it is the same
for adhesion force due to the linear relationship between
the load torque and adhesion force. In order to show the
difference clearly and better understand the two
algorithm performances, the computational cost of
methodes is given in Table 3. The results show that the
running time of EKF is lower than UKF, which confirm the

superiority of EKF relative to UKF in estimating adhesion
force and induction motor parameters.
Conclusion

In this research, an EKF-based condition monitoring is
proposed to estimate adhesion force. To assess the
efficiency of the estimator, an evaluation was conducted
by comparing the estimated motor parameters such as
load torque, speed, rotor flux, and stator current in three
modes i.e. actual, EKF-based, and UKF-based. Meanwhile,
the linear relationship between motor torque and
adhesion force was used to determine the adhesion level
between the wheel and the rail. The results indicated that
the EKF estimator demonstrates prompt responsiveness
and accurately estimates the variables, despite the
varying adhesion conditions of the wheel-rail contact. The
estimator consistently maintains a minimal margin of
error. The remarkable thing is that EKF shows its
superiority in state and parameter estimation of
induction motor and adhesion force since UKF is not able
to exhibit its effectiveness for this type of application.
Therefore, utilizing such estimator can help to achieve
maximum traction, reduce the creepage, and improve the
performance of the re-adhesion controller. One major
issue with the EKF and UKF lies in the significant impact of
the covariance matrices Q and R on the estimation
outcomes. If these matrices are chosen badly, the
estimation result will be divergent or large estimate
errors will be inevitable.

Tuning of Q and R is necessary to yield the best
estimations. Changing these two matrices affects both
the steady-state and transient duration operation of the
estimator. When the value of Q increases, it indicates the
presence of significant disturbances or uncertainties in
the machine model. Consequently, the Kalman gain is
augmented, resulting in a faster performance of the
estimator during the transitional phase. On the other
hand, increasing R means that noise measurements are
strong and the noise will be weighted less by estimator,
which leads to Kalman gain decrease and gives us a slower
transient performance. To enhance the performance,
accuracy, and stability of the estimator, it is imperative to
employ various tuning algorithms. In our upcoming
endeavors, we will focus on implementing these
algorithms and give particular attention to developing a
real-time system.
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Abbreviations

a and b: Semi-axis length of the contact patch
B and D: Reduction factors

Ci1: Kalker coefficient

Cv: Viscous friction

F,: Adhesion force

Fy: Normal force between the wheel and rail
G: Shear module

Isq and Isp: a—p axis stator currents

¢; and c,: Self-recognition and social component
coefficients

Jeqv: Equivalent moment of inertia

|4: Gearbox moment of inertia

[: Wheelset axle moment of inertia

Jwr and J,,.: Right and left wheel moment of inertia

k4 and kg: Reduction factors in the adhesion and slip
area

Lm: Mutual inductance
Lrand Ls: Rotor and stator self-inductance
ni: Gear reduction ratio

np: Number of the pole pairs
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uy: Traction coefficient

the

o: Leakage coefficient
€: Gradient of tangential stress
&: Creepage between the wheel and rail

Wp,: Motor angular velocity

wy,: Wheel angular velocity
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