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Abstract— A method for the prognosis of polygonalization in
high-speed railway train wheels is developed based on a
generalized additive model. Unlike most previous studies, this
study uses field data, so findings can help improve practical
maintenance efficiency. A spline-backfitted kernel is used to
improve computation efficiency when figuring out model
parameters. This prognostics method can be applied to practical
railway management decisions.
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I.

INTRODUCTION

Polygonalization is a common periodic wheel defect [1]
found on the wheels of locomotives, metro trains, ordinary
trains and high-speed trains [2][3]. Polygonalization
significantly decreases the safety and availability of high-speed
railway (HSR) trains. In 1998, in Germany, an inter-city
express (ICE), a kind of HSR train, suffered a catastrophic
accident because of polygonalization [1]. However,
polygonalization can only be detected by out-of-roundness
detection machines; this type of wheel deformation cannot be
seen by humans. Therefore, in practical operation, to detect
polygonalization, HSR trains are raised, as shown in Fig.1, and
each wheel is diagnosed in turn, significantly decreasing the
availability of the trains. Until now, maintenance plans to
decrease the occurrence rate of polygonalization has focused
on scheduled maintenance based on operating experience.
However, scheduled maintenance wastes large amounts of
resources in most conditions and fails to restore
polygonalization in time in some circumstances. A prognostics
method is necessary to ensure effective preventive maintenance
and improve maintenance efficiency.
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Fig. 1. HSR train maintenance workshop

Most studies on the polygonalization of train wheels are
based on physical or mathematic models [4][5][6][7][8][9]. But
the mechanism of the formation of polygonalization is too
complex to be described by a model. The impact of the
operating environment makes this especially difficult. Some
studies have discussed mechanisms and correlated phenomena
using physics models. Data-driven approaches have been used
to study the reliability of train vehicle wheels [10]. Field data
have been used to analyze the reliability of locomotive wheels
[11][12], and the location of wheels has been found to be
connected with hazard rate [13][14]. In our study, field data on
polygonalization are used to improve maintenance efficiency.
A generalized additive model (GAM) has the
interpretability advantages of a generalized linear model
(GLM), in that the contribution of each independent variable to
the prediction is clearly encoded. However, it has substantially
more flexibility because the relationships between independent
and dependent variables are not assumed to be linear. When a
regression model is additive, the interpretation of the marginal
impact of a single variable does not depend on the values of
the other variables in the model. Hence, by simply looking at
the output of the model, we can make simple statements about
the effects of the predictive variables.
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In our study, a generalized additive model is adapted to
prognosticate polygonalization. For the last two decades,
research has focused on the additive model popularized by
Hastie and Tibshirani[15]. In later work, polynomial spline
estimators were introduced into the model [16], and the
estimators were further extended to weakly dependent data
[17]. Hastie and Tibshirani [15] proposed backfitting
estimators but did not provide theoretical justifications. Nielsen
implemented a modified backfitting algorithm and called it the
smooth backfitting estimator [18]. A two-step procedure was
suggested by Fan for local quasi-likelihood estimation [21].
Because of its computational intensity, kernel estimation is
rarely used for high dimensions. However, with the use of
spline-backfitted kernel (SBK) smoothing, univariate
nonparametric regression can be extended to a generalized
additive model (GAM) [19][20]. SBK smoothing has also been
developed for a much simpler additive model [21][22][23]. The
spline method is fast, but there is no pointwise confidence
interval or consistency in GAM.
Therefore, the spline-backfitted kernel is a good choice to
balance estimation accuracy and computational efficiency.
This paper formulates an efficient method to predict the
polygonalization of HSR train wheels using a generalized
additive model while considering the wheels’ profile, location,
operating environment, maintenance records and total distance
traveled. The article is organized as follows. Section 2
introduces the formulation of the generalized additive model.
Section 3 uses spline-backfitted kernel estimation to solve the
prediction model. Section 4 conducts a case study of the
wheels on China’s HSR trains. Section 5 draws conclusions
and suggests future work.
II. MODEL FORMULATION
Based on the Cox proportional hazard model, a flexible
prognostic model is formulated by fusing GAM as follows:

(4)

where

q1 , q2 , ... , qI

are the numbers of knots, and

bij (x) is the B-spline basis function. Then, the parameters can
be estimated by maximizing the partial log-likelihood.
III.

PRAMETER ESTIMATION

A. Spline-Backfitted Kernel (SBK)
The ‘backfitting’ technique was first proposed by Hastie
and Tibshirani (1986,1990) to estimate parameters in GAM.
The advantage of ‘backfitting’ is its ability to use almost any
smoothers or regression modeling techniques to represent the
component function in GAM; its disadvantage is the difficulty
figuring out the degree of smoothness. In general, it is a perfect
and concise method to fit GAM with smoothers, some of
which are not really smooth, representing component
functions. The principle of backfitting is to estimate all the
smooth components in an additive model by iteratively
decreasing partial residuals from the model. The partial
residuals of the jth smooth term result from the residuals of all
the smooth terms except for the jth term estimated from
response variables, which can be represented as

I

y =  si (xi )

(1)

(5)

i=1

where si ( ⋅ ) is the spline function for covariate xi , and
y is a dependent variable. The covariates are wheel profile
indexes and operating distance in our model. The wheel profile
indexes include diameter, height of flange, thickness of flange
and diameter difference of wheels located on the same axle.
This study proposes a partial logistic model for ungrouped
data with distance-dependent covariates, written as

f j is the jth smooth component function, x ji
represents the ith covariate of the jth term, and fˆ j is the
where

estimation of

functions si ( xi

) , such that
(3)

And the smooth functions can be expressed as

. The pseudo algorithm of the

backfitted-spline kernel can be noted as the following:

fˆ j =0, for j=1,…,m

1.

Set

2.

Repeat step 3 to 5 until

3.

For

4.

Figure out partial residuals

(2)
The linear predictor can be replaced by a sum of smooth

f j (x ji )

fˆ j

stops changing

j=1, ... , m , repeat steps 4 and 5
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5.

Set

fˆ j

equal to the result of smoothing

respect to

e pj

with

xj

confidence interval. Fig.2 shows a sharp decline in the degree
of polygonalization when the diameter of the wheel reaches
about 840 mm; this means the polygonal wear rate sharply
increases for those wheels with a diameter less than 840 mm.

The advantage of backfitting is obvious: it gives a wide
variety of possible smoothing methods to estimate component
function. However, the calculation efficiency of GCV or CV is
not satisfactory,

O(mn 2 ) , where n is the number of data.

B. Spline-Backfitted Kernel Estimation
The unknown functions

and constants c

can be pre-estimated by linear splines, and these estimates can
be used to construct the SBK estimator. Let
denote a sequence of equally
spaced points, as well as interior knots, on
is

subinterval

H = (N+1)−1 ,

where

Denote the degenerate knots by

0,1 .
 

The

Fig. 2. Correlation between diameter and polygonalization

0≤J ≤ N.
.

Define the linear B-spline basis as
(6)

Denote

as the space of empirically centered linear

spline functions on

0,1, written as
 

(7)
Define the log-likelihood function as
n

L̂(g) = n −1Yi g X i − b g X i , g ∈ Gn0

( ) { ( )}

i=1

(8)

which has a unique maximizer. The multivariate function

( ) is now estimated using the additive spline function
L̂ ( g )
m̂ ( x ) = arg max
m x

g∈Gn0

IV.

CASE STUDY

In this section, we study field data of Chinese HSR train
wheels, including over 3000 wheels and 25000 records. We
randomly choose 95 percent as training data and five percent as
validation data. We use the following figures to explain the
correlation between variates and degree of polygonalization.
The blue lines in the following figures show the fitting of
the generalized additive model; the red line shows a 95 percent

Fig. 3. Correlation between height of flange and polygonalization

Fig.3 shows a sharp decline in the degree of
polygonalization when the height of the flange of the wheel
reaches 27 mm; this means the polygonal wear rate sharply
increases for wheels with a diameter less than 27 mm.
For other wheel profile indexes, the model shows little
significant correlation, as indicated in the following figures.
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Fig. 4. Correlation between flange wear and polygonalization

The case study indicates that the generalized additive
model is good at describing changes in trends by using splines,
thus helping researchers analyze the data more efficiently. We
also find the addition of the spline-backfitted kernel makes
computation much faster than previous generalized additive
methods.
V.

Fig. 5. Correlation between QR and polygonalization

In addition to wheel profile characteristics, we also
consider operating distance of the wheels. As Fig.6 shows, the
polygonal wear rate gradually increases up to about 190,000
km. After that point, there is a sharp increment in
polygonalization.

A method for the prognosis of polygonalization of HSR
wheels is proposed based on the generalized additive model.
The spline-backfitted kernel makes data fitting smoother and
faster. In a study using field data, the model shows reliable
performance. The proposed method can be used to
simultaneously improve maintenance efficiency and operation
safety. In the future, a combination of splines and tensors
applied in GAM will be considered to improve fitting
performance. More analysis of field data will be conducted
using the model.
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