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Abstract

A robust parameter identification method based on Kiencke model was pro-
posed to solve the problem of the parameter identification accuracy being af-
fected by the rail environment change and noise interference for heavy-duty
trains. Firstly, a Kiencke stick-creep identification model was constructed,
and the parameter identification task was transformed into a quadratic pro-
gramming problem. Secondly, an iterative algorithm was constructed to solve
the problem, into which a time-varying forgetting factor was added to track
the change of the rail environment, and to solve the uncertainty problem of
the wheel-rail environment. The Granger causality test was adopted to detect
the interference, and then the weights of the current data were redistributed
to solve the problem of noise interference in parameter identification. Finally,
simulations were carried out and the results showed that the proposed me-
thod could track the change of the track environment in time, reduce the
noise interference in the identification process, and effectively identify the
adhesion performance parameters.
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1. Introduction

The implementation of the locomotive traction force is limited by the adhesion
force [1]. While for the adhesion performance between locomotive wheels and
rails, the medium on the wheel-rail contact interface has the greatest impact.

When the third medium is water or oil, the wheel-rail surface roughness de-
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creases, thus making the wheel-rail adhesion performance worse [2]. Therefore,
the identification of rail surface state is of great importance, as there is noise in-
terference for the parameters of the identification, it is necessary to construct a
robust identification method for rail surface state.

Currently, parameter estimation methods such as least square method, gene-
ralized moment estimation method, Bayesian estimation method and maximum
likelihood estimation method are used parameter estimation. Reference [3] used
search and recursive least square method to obtain the adhesion parameters of
wheel-rail surface, so as to adapt to the dynamic change of model parameters.
Reference [4] preset typical performance parameters to identify the rail surface
performance parameters online, and the identification speed and accuracy were
improved. Reference [5] applied the generalized moment estimation method to
estimate with various short-term interest rate models, and found that the mo-
ment estimation method had a poor estimation performance. Reference [6] stu-
died the Bayesian estimation with term structure model of interest rate, and ob-
tained good results. And the performance of posterior mean estimation was
without significant difference. For the parameter identification of locomotive
adhesion model in time-varying environment, Reference [7] constructed a
maximum likelihood method to the estimate adhesion performance. By intro-
ducing in a time-varying forgetting factor, the accuracy of the algorithm and its
sensitivity to environmental changes were improved. However, the above men-
tioned parameter estimation methods did not consider the interference of noise
during the identification process. However, according to Reference [8], noise
will reduce the accuracy of parameter identification. Therefore, a new method is
proposed in this paper, with the following main contributions.

1) The time-varying forgetting factor in the model parameter identification
algorithm is improved, with optimized upper and lower limits, for a quicker
converge and adaptation to the change of rail surface environment.

2) The Granger causality test is introduced to detect the noise, and the weights
of the current data are redistributed after the noise is detected. This reduces the
interference of noise to model parameter identification and makes the identifica-
tion result more accurate. The experimental results show that the improved al-
gorithm can adapt to the change of rail surface environment more quickly, iden-

tify model parameters fast, as well as reduce the noise interference.

2. Problem Description

The relationship curve between adhesion force and creep rate is called the adhe-
sion characteristic curve. The actual adhesion characteristic curve is a curve with
a certain width [7]. The wheel-rail adhesion model is not only affected by the
deterministic factors such as wheelset state and rail surface state, but also by the
uncertain factors such as ambient temperature and humidity and rail surface
cleanliness. Thus, it is difficult to obtain a very accurate adhesion model. The

adhesion-creep mechanism models can be divided into linear models and non-
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linear models.

The Kiencke model is a nonlinear mechanism model that can relatively accu-
rately describe the adhesion-creep behavior between wheel and rail. It is as fol-
lows [9]:

A
'u(/l)=1+ pleJr p,A° M
where, ,u(/i) is the adhesion coefficient with creep rate A as the variable. a,
is the initial slope of the adhesion characteristic curve, which is a constant. p,,
p, are model parameters and they are variables. For dry, normal and wet rail
surfaces, the curves of Kiencke model are shown in Figure 1, respectively.

In view of the single-peak feature of the adhesion characteristic curve in Fig-
ure 1, the creep rate is controlled in the range of du/dv, =0, thereby achieving
optimal utilization of the adhesion coefficient [7]. However, this method is ex-
tremely sensitive to interference due to the existence of differential operations,
and has limitations in practical application.

If a real-time adhesion model can be established according to the rail surface
condition, the optimal creep rate and adhesion coefficient can be obtained to
adapt to the real-time rail surface condition, so that the sensitivity of differential
operation to interference can be weakened. The premise of finding the optimal
adhesion point is to obtain the real-time adhesion parameters of the locomotive.

It can be known from Reference [7] that the optimal creep rate A, and its

corresponding maximum adhesion coefficient (im) are:

Dry (p;=58, p,=51)
0.6 — — — -Normal (p,=80, p,=100)
AAAAAAAAAAAAA (p,=118, p,=278)
0.5}
=
2 04f
2
o T~
£ ; T~
(O] o=
o 0-3 1 -:. .4.“‘.‘. =~ -~ -
S ; h
n
] 3
go2¢ T,
0.1}
0 1 1 1 f ' 1 L L . !
0 01 02 03 04 05 06 07 08 09 1

Slip Ratio/A

Figure 1. Kiencke model diagram under different orbit environment.
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1 2
A = o (A) = (2)
"oe T 2y,
As shown in Equation (2), the optimal creep rate A, depends on p,, and

the maximum adhesion coefficient g, (lm) dependson p, and p,.

3. Identification of Rail Surface Performance Parameters

The identification structure of the model parameters is as shown in Figure 2.
From Reference [7], it is known that a nonlinear Kiencke model can be con-
verted into a linear model, with inputas U , outputas Z, then there is
u'(k)= [ﬂ,u(/l) Azy(/l)] and Z(k)=a,A—p(A). By identifying parame-
ters, the interference of Gaussian noise V(k) ~N (0,0‘) occurred, therefore the

quadratic programming is used to solve the extreme value function, where:

H (k):ZL: U1(k)~U1(k) Ul(k)'Uz(k)

k=1 Ul(k)'Uz(k) Uz(k)'uz(k)
f(k)=-22[Z(k)Uy(k) Z(k)U,(K)] (4)
x(k)=(p(k) po(K))' (5)

In Equation (3), (4) and (5), H (k) isa symmetric matrix, f(k) isa vector
matrix, X(k) is the input matrix, while p,(k) and p,(k) are inputs at the

3)

k moment. The objective function J(k) is obtained to be:
3() =27 (k)-2H (k) x(k)+ F (K)-x(K) (©)

It can be seen from the above that the X(k) enabling Equation (6) of the
minimum value is the parameter estimate we are looking for. The quadratic
programming iteration methods such as quasi-Newton’s method can be used to

solve this extremum.

3.1. Time-Varying Forgetting Factor

In order to track the change of rail adhesion state, a time-varying forgetting fac-

tor is introduced as follows [7]:

(2-7
H(k)an (k—l)+ > )I(k) (7)
v(k)
An iterative A timo-
A Kiencke model /1(/1) Z (k) ilog;’:hfuhgehs varying Granger Weight )28 2)
P ae— to solve the f(f)rgte tti¥1g e tcaltlsal%ty g redistribution >
1+ pA+p,A problem inffogll;(::d estnoise
D> Ds

Figure 2. Structure of model parameter identification.
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In Equation (7), 7 is the forgetting factor, and
I( ): 2U1(k)~U1(k) 2U1(k)'Uz(k)
2U1(k)'U2(k) Zuz(k)'uz(k)

of forgetting factor on the estimation algorithm is mainly on the sensitivity of

refers to the current data. The influence

the algorithm. When the forgetting factor is small, the influence of historical da-
ta on the algorithm estimate is small, and the influence of current data on the
algorithm estimate is large, that is, the algorithm is more sensitive to parameter
sharp change caused by environment change and the accuracy of the estimate is
affected. When the forgetting factor is large, the influence of historical data on
the algorithm estimate is large, while the influence of current data on the algo-
rithm estimate is small, therefore the accuracy of the algorithm is high.

As the environment change is unpredictable, a feedback control with upper
and lower limits is used to adjust the forgetting factor in real time, so as to track
the environment change [10]. The time-varying forgetting factor of feedback

control is designed as follows:

_{nmax - Kp 'gk T > Min
=

9)
77min 77k < 77min

where, 7, refers to the forgetting factor at the k moment, Ze. the time-varying
forgetting factor. & = | ak)- ,u(k)| is the error at the k moment, Ze. the dif-
ference between the observed value ,u(k) and estimated value ,&(k) K, is
the control parameter, while 7, and 7., are the upper and lower limits of
7, - When the error becomes larger and the forgetting factor decreases, it indi-
cates that the environment has changed or that the model parameters have not
been accurately identified. The weight of historical data is small, and the weight
of current data is large. Therefore, the algorithm is more sensitive to changes in
the environment, so as to identify the model parameters faster. When the error
is reduced to be in a certain range and the forgetting factor is increased to a cer-
tain extent, it indicates that the algorithm has been able to accurately identify the
model parameters at this moment. The weight of the historical data is as large as
that of the current measurement data, and the amount of information is in-

creased. The accuracy of the algorithm is improved.

3.2. Weight Redistribution

In order to reduce the interference of noise to parameter identification and im-
prove the parameter identification speed, the Granger causality test method is
applied [11].

This method detects by defining the signal-to-noise ratio. When k >5, two

consecutive sample subsets X, and X, are constructed as follows:

X, ={1(k),H(k-1),H (k-2)} (10)
X, ={H(k=3),H(k—4),H(k-5)} (11)
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where, |(k) refers to the current data, H(k-1), H(k-2), H(k-3),
H(k—4), H(k—5) refer to data at the moment (k—l), (k—2), (k—3),

(k—4), (k—5), respectively. Thus, the average values X, and X, of sample

subsets X, and X, are as follows:

o I(k)+H(k-1)+H(k-2)

= 12
1 3 (12)
X—2=H(k—3)+H(k—4)+H(k—5) (13)
3
And the variances S;, S, of sample subsets X, and X, are:
_ 2 — 2 — 2
X, =1(k X,—H(k-1 X,—H(k-2
(1) (XoH KD (X-Hk-2) "
3 3 3
_ 2 — 2 — 2
X,-H(k-3 X,—-H(k-4 X,-H(k-5
(TS (oo (Kooniea)

As the sample subsets X,, X, and variances S;,, S, are all matrices, the
signal-to-noise ratio is expanded into a signal-to-noise ratio matrix, with the
following definition equation S [11]:
_X=X,

S, +S,

S (16)
In general, the larger the signal-to-noise ratio matrix, the better. However, the
critical signal-to-noise ratio matrix can be changed according to different ob-

jects. The critical matrix interval designed in this paper is as follows:
a b
& %l s b b, (17)
a, a, b, b,
where, &, a,, 8, a,, b, b,, by, b, are all constants to be designed.
When the signal-to-noise ratio matrix is within this interval, the time-varying
forgetting factor 7, in Equation (9) is to be reassigned a new value, ie.
T =Mmax - The weight of historical data is increased to enhance the influence of
historical data on algorithm estimates. By such weight redistribution, the inter-

ference is reduced, the convergence speed is higher, and so is the identification

accuracy.

3.3. Algorithm Flow

The algorithm flow chart is shown in Figure 3.

4. Simulation Results and Analysis

Define abbreviations and acronyms the first time they are used in the text, even
after they have been defined in the abstract. Abbreviations such as IEEE, SI,
MKS, CGS, sc, dc, and rms do not have to be defined. Do not use abbreviations
in the title or heads unless they are unavoidable. In order to verify the influence

of improved time-varying forgetting factor, its range and weight redistribution
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Figure 3. Algorithm flow chart.
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on the parameters of the identification model, a comparative simulation experi-
ment was carried out by using Matlab program. The experiment is as follows:

A time-varying forgetting factor was introduced into Algorithm 1, as shown
in Equation (7). The weight of the current data | (k) was (2 —77) / 2 . The value
range of the time-varying forgetting factor was 0.251~1, and the weight redi-
stribution step was added. For Algorithm 2, the weight of the current data | (k)
was 1, the value range of the time-varying forgetting factor was 0.971~1, and
the weight redistribution step was not added. The simulation results are shown
in Figures 4-6.

It can be seen from Figures 4-6 that when & = 30, Algorithm 1 had already
identified p,, when k& = 250, Algorithm 1 had already identified p,, and with
an identification accuracy up to 1%. When & = 230, the accuracy of Algorithm 1
in estimating the maximum adhesion coefficient was up to 0.1%. Compared with
Algorithm 2, Algorithm 1 identifies model parameters faster and with smaller
fluctuations, which improves the accuracy of algorithm identification. When the
rail surface status changes, Algorithm 1 can track the parameter changes faster.

In summary, the identification of the model parameters can be improved
when the weight of the current data | (k) is (2 —77) / 2, the value range of the
time-varying forgetting factor is 0.251~1, and with the weight redistribution
step added. Meanwhile, the speed of identification is faster, the fluctuation is
smaller, the noise reduction effect is better, and the algorithm identification ac-
curacy is higher. When the rail surface state changes, such algorithm can track

parameter changes faster.
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Figure 4. Comparison diagram of identification of model parameter p1.
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Figure 5. Comparison diagram of identification of model parameter p2.

1 T T T T T
»»»»»»»»»»»»» Algorithm 1 Estimate of the maximum adhesion coefficient
0.9 — — — - Algorithm 2 Estimate of the maximum adhesion coefficient |
Actual value of maximum adhesion coefficient
0.36
RPN
-7 °\ 034
\
£10.32
3 y
IS 2\
3 \
N
N
0.1} R
0 1 1 1 1 1
200 400 600 800 1000 1200
k

Figure 6. Comparison diagram of maximum adhesion coefficient estimates.

5. Conclusion
An iterative algorithm is constructed by this paper to identify model parameters.

A time-varying forgetting factor is introduced into the iterative algorithm to
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change the weight of historical data and current data. When the value range of
the time-varying forgetting factor is chosen to be 0.251~1, the algorithm can
quickly track changes in the track environment. The Granger causality test me-
thod is adopted by the iterative algorithm to detect interference in the identifica-
tion, so that the weights can be redistributed to make the identification results
more accurate. In the next step of research, FIR filter is to be added in to the
identification algorithm to further reduce the noise interference and improve the

identification accuracy.
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