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ARTICLE INFO ABSTRACT

Communicated by Eleni Chatzi Train wheels, among other components, are critical for the safety and ride comfort of high-speed
rail systems. Various machine learning methods have been used together with onboard moni-

Keywords: toring data to assess the wheel health conditions. However, only in some well-controlled ex-

Wheel condition assessment periments or authorized circumstances (source domain) can the well-labelled monitoring data for

Structural health monitoring
Deep learning

Transfer learning
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supervised learning be obtained. Even so, due to the difference in operational conditions, directly
applying the model learned from this case to the case of interest (target domain) is not reliable.
Facing this challenge, we propose an adversarial domain adaptation (DA) approach to transfer
knowledge from a well-controlled monitoring test in one rail section to the rail section of interest.
Since in the target domain, the data corresponding to components that are new or after reprofiling
can be labelled as “intact”, the DA is modified to be semi-supervised rather than unsupervised.
Two-level marginal and conditional DA is conducted in an adversarial manner, which can suf-
ficiently eliminate the distribution discrepancy induced by the operational differences between
two rail sections on which the train runs. Onboard monitoring data collected from the Lanxin
high-speed rail section before and after wheel reprofiling is used as a case study. Results
demonstrate the effectiveness of the approach as well as its superiority over three baseline
models, and the underneath mechanisms are visualized. The study is expected to provide new
thinking for the condition assessment for other key components when the train runs under various
operational conditions.

1. Introduction

Wheel conditions are closely correlated with the dynamic behaviours of trains, influencing operation safety and ride comfort. In the
era of high-speed rail (HSR), the health condition of wheels is particularly vital since impacts and vibrations induced by wheel defects
and irregularities are more intense at higher running speeds and can lead to derailment under extreme circumstances. Therefore,
regular wheel inspection and reprofiling are essential to maintain the integrity of wheel profiles. To acquire real-time information on
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in-service wheels, structural health monitoring (SHM) methods have been increasingly adopted over the past decade. With sensors
(strain gauges, accelerometers, etc.) implemented on either rail tracks or vehicles, wheel conditions including local defects, wear, and
polygonization can be inferred by analysing the collected data such as wheel-rail forces [1-3] or accelerations [4,5].

Principally speaking, change of wheel conditions will be manifested as specific features in the monitoring vibration data of high-
speed trains (HSTs) in either time domain [6] or frequency domain [7-9]. For data with relatively fewer uncertainties, traditional
analytical methods, including a wheel flat index defined on time domain [6] or Short-time Fourier transform and wavelet transform
[8,9], are adequate to identify the features and detect anomalies of interest. Hilbert-Huang transform (HHT) [10] or adaptive mul-
tiscale morphological filter [11] are also utilized, exhibiting more adaptability. However, HSTs are operating in an open environment.
In most in-situ monitoring scenarios, the collected data is accompanied by great uncertainties, and the features are often obscured by
noises and wheel-rail intense interactions, making it tricky to detect defects, let alone assessment of the evolving wheel conditions in
the long term. To tackle the uncertainties and automatically extract features of interest, various machine learning approaches have
been introduced, including random forest [12], Bayesian forecasting [13,14] and deep neural networks (DNNs) [15-17]. Specifically,
DNNs prevent subjective judgments or labour-intensive feature handcrafting and thus have the best ability to separate the factors of
variation. For example, a convolutional neural network (CNN) with multi-instance learning was proposed in [15] to improve the
performance of identifying flat spots and non-roundness. Besides, [17] leveraged CNNs for wheel flat diagnosis based on images
encoding the axle box acceleration signal and achieved a high separation index.

Owing to large-scale labelled data, DNNs exhibit excellent performance in solving a variety of engineering problems. However, as
mentioned in [18], label information of structural conditions is not always known in SHM. For train wheels, normally, the only
available condition information that can be labelled is “intact” when they are new or immediately after reprofiling. Unless in some rare
cases, say, a well-controlled experiment, can the collected data correspond to different stages of the wheel wear. It would be highly
helpful if the model for wheel condition assessment learned from a well-controlled experiment in one rail section could be used to aid
model training in another rail section with limited label information.

On the other hand, although a deep learning model is expected to automatically eliminate the interference of irrelevant factors in
the vibration data, the testing data may be collected in totally different operational conditions. As for the case in this study, distin-
guished environmental factors (temperature, soil condition, wind etc.) and rail infrastructures (trackbed, rail foundations, etc.) in
different rail sections will alter the overall distribution of the collected vibration data even for the same wheel under the same health
condition. This problem, in a machine learning sense, is called the distribution shift between training data and testing data [19]. As a
result, when the model is directly applied to the testing data using conventional DNNs, the performance is far from satisfactory.

In view of the two concerns above, transfer learning (TL) [20] is considered to be a potentially efficient tool, which, crudely
speaking, is to leverage the knowledge learned from one domain or task (source) to a different or related domain or task (target). To
utilize the model from a different operational condition, we introduce domain adaptation (DA), which is a branch of TL. Its main
philosophy is to find a transformation function to minimize or eliminate the distribution discrepancy between source and target
domains (i.e., to narrow down their distance in a transformed metric space) [21-23].

DA was originally used in computer vision when images of the same object are collected under different conditions (such as light
exposures) [24]. This strategy has been applied to some very recent research on fault diagnosis of machine elements (rolling element
bearings and gearboxes) handling different kinds of distribution shifts. For example, the distribution of data collected under different
working conditions for the machine fault diagnosis was synchronized in [25-28] by DA. Even when the data were not collected by a
different sensor, DA could still be conducted [29]. In addition, some studies aimed to transfer DNN from one machine to another so that
the latter can be diagnosed without any supervised training. For example, two methods were combined in [30] for bearing fault
diagnosis, transferring among three machines, an electric motor, a shaft and a railway locomotive. Similarly, [31] adapted the model
trained in the lab to locomotive bearings. Regarding transferring between civil structures, Worden et al. [32] have demonstrated three
DA techniques on four case studies, providing a new framework. In another work by them, Transfer Component Analysis (TCA) was
applied to transfer damage detectors between structures [33]. The operational conditions of trains suffer from much greater variations
than the working conditions of other mechanical systems, making the investigation of DA worthwhile. There have been studies
regarding applying DA to the SHM of railway engineering. For example, [30] involved the fault diagnosis of locomotive bearing and
focused on the DA between different machines. Nevertheless, the studies that attempt to handle the operational condition variation of
HSTs are very limited. The gap is to be bridged in this study.

In the present study, we propose a semi-supervised adversarial domain adaptation (SADA) approach for wheel condition assess-
ment of HSTs operated in various scenarios. The study is an extension of the authors’ previous work [34] in railway engineering, where
we developed an acoustic-specific TL model for rail condition monitoring. In this study, the key point is to introduce a domain
discriminator to the pre-trained model so that the features of all labelled data from one rail section (source domain) and all data from
another (target domain) become indistinguishable through an adversarial process, and the discrepancy induced by operational con-
dition difference can be eliminated. Compared with the artificially controlled operational conditions in lab in previous studies [25-28],
the varying of operational conditions of in field is more natural, making the integration of DA in this study more challenging and
necessary. Moreover, apart from DA over the marginal distribution of all data, we leverage the part of the target data that are labelled
as “intact” to conduct another conditional DA with the corresponding data category in the source domain to further refine the overall
DA performance. As a result, the classifier that can assess wheel conditions can be transferred from the source domain to the target
domain. To validate the proposed approach, axle box acceleration data collected from an in-situ monitoring test in Lanxin HSR line is
used. The in-situ monitoring test contains well-annotated wheel condition information, and data collected from two rail sections with
drastically different operational conditions in the Lanxin HSR line is chosen as source and target data, respectively. Three baseline
models, without DA, without semi-supervision or without adversarial tactic, are also developed for comparison, and the underlying
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mechanisms are presented in detail. This is an extension of our previous study [34], which transfers the knowledge learned from a
large-scale acoustic dataset to our small-scale SHM dataset for rail condition assessment.

The rest of the paper is organized as follows. Section 2 introduces some basic concepts of TL and DA, formulates the real-scenario
problem in this paradigm and proposes the SADA approach for solving the problem. Section 3 introduces the real onboard monitoring
experiment for the validation, clarifies the source domain and target domain and lists the baseline methods. Results are shown and
discussed in Section 4, with discussions and conclusions drawn in Section 5. For illustration and elaboration convenience, Table 1 lists
the notations of math symbols and colours to be used in this paper.

2. Semi-supervised adversarial domain adaptation

Some critical concepts, including TL, feature space, label space, source domain, target domain and DA, are introduced before
discussing the problem of wheel condition assessment in various operational conditions.

Technically, DA is a brunch of TL, which might either transfer knowledge from a source domain to a different target domain or
transfer knowledge from a source task to a different target task. For example, our previous study [34] transferred knowledge from one
task (audio classification) to another task (rail condition assessment), which shares the same philosophy of TL but is subtly different
from DA. Since this study focuses on DA, the detailed introduction of other brunches is skipped.

Probability distributions play a highly important role in many SHM applications [35]. Given a dataset X = {x(1), x(®) ... x(M} e X
contains n feature samples and Y = {y(1), y® ... ¥} ¢ Y consists of their corresponding labels. The task of supervised learning is to
learn a model Mfor mapping x{ to y¥) or to learn a conditional probability distribution P(x). According to [36], the feature space X and
the marginal distribution P(x) constitute a domain D = {X,P(x)}. The label space Y and the relationship between x and y consists of a
task denoted as T = {Y,P(x)}.

Traditionally, the model M, when well developed, will be directly applied to a real scenario, where all X, Y, P(x) and P(x) are
assumed to remain the same. However, the real case can never be so ideal. Although the task remains the same, the P(x) is likely to
shift, and even the feature space itself can change [37]. In this case, the domain where the model is trained is called the source domain,
while the new domain where the model is applied is denoted target domain. By definition, DA aims to adapt a model learned from the
source domain to the target domain to maintain good performance on the task of interest [38].

2.1. Problem formulation and illustration

When an HST is running on one rail section, the vibration levels of its axle boxes can be continuously monitored. The vibration data
can be divided into segments and form a dataset Zs = {z5(!),z5(®),--- 25}, where n is the number of segments. In some rare cases, for
example, when the wheels are frequently examined, the wheel conditions can be known, forming Ys = {ys"),ys®,---,ys™}. On this
favourable basis, a model M, which is usually a CNN, can learn to extract feature x5 from zs™ and map it to ys™ using a regressor or
classifier C. These features Xg = {xsu) ,xs® - xsM1 in the feature space, are considered drawn from a distribution P(xs).

Table 1

Notations of math symbols and colours.
23, 2T Original sample in source or target domain
Xs, XT Feature of sample in source or target domain
¥s, Y Label of sample in source or target domain
P(xs) Marginal distribution of source feature
P(xT) Marginal distribution of target feature
P(xs ‘YS =0) Distribution of source feature condition on “intact”
P(xr’) Distribution of target feature with labels
F Feature extractor
C Classifier for wheel condition assessment
D Domain discriminator

Source Domain
Target Domain
Stage I

Stage II

Stage III

Stage IV
Unlabelled Data
SADA

UADA

DDC
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Fig. 1. Illustration of (a) Domain shift leading to performance decay of classifier; (b) unsupervised DA keeping transferability of classifier; (c) semi-
supervised DA further improving performance.

<

Nonetheless, it is a very practical scenario that the wheels are known to be intact when they are brand new or immediately after
reprofiling. The target dataset is Zr = {zr(!),20® ... 2r(™} and a small portion of them have labels denoted as Y;* = {yr() =0,
yr® =0, yr™) = 0}. The task in this study is to develop a model that can perform well on the remaining m —m’ target samples.

M cannot be directly applied to the target domain because of the difference of operational conditions between two rail sections. To
be more specific, M can extract features Xr = {xr1), xr®, ..., x™} that are drawn from P(xr), which is very likely to be different from
P(xs). The potential consequence of this distribution shift is illustrated in Fig. 1(a). Each colour represents the health condition label y()
of the wheel, and its location on the axis indicates the signal in the feature space x{. The black dotted lines represent the classifier C
learned from and applicable to the source domain. It is shown that, in the feature space, the well-trained C may misclassify many
samples due to the distribution shift and is no longer sufficiently reliable.

DA, in this scenario, is to adapt the model M learned from {Zs, Ys} for Zr and overcome the interferences of operational conditions.
As shown in Fig. 1(b), the feature distribution P(xr) is somehow aligned to the distribution P(xs) and the discrepancy between source
and target domain is narrowed down. As a result, C become applicable in various operational conditions. The adversarial tactic
involved will be introduced in Section 2.2.

Moreover, note that this is unsupervised DA since the labels Y7’ in the target domain are not leveraged. In other words, the in-
formation that wheels are intact at the beginning is wasted. To overcome this drawback, the semi-supervised DA scheme aims to align
P(xr’) to the conditional distribution P(xs|ys = 0) where P(x;’) is the distribution of feature with labels, besides aligning the marginal
distribution P(x7) to P(xs). As shown in Fig. 1(c), this operation may help two domains to reach a consensus on the intact condition of
wheels and thus improve the effect of DA.

It should be emphasized that the preliminary training of M, mentioned in the 1st paragraph of Section 2.1, is fully supervised since
labels are available in the source domain. Regarding unsupervised DA and semi-supervised DA, they are all in terms of DA. In addition,
Fig. 1 is merely a schematic illustration of the phenomenon of domain shift and the idea of SADA. The actual DA visualization will be
presented in Section 4.

2.2. Procedures of preliminary training and SADA

To achieve the alignment of two domains in the feature space, as shown in Fig. 1, the adversarial tactic is adopted. The scheme of
pre-training and SADA is illustrated in Fig. 2, and the details are explained as follows.

Preprocessing Feature Extractor Wheel Conditions

Training &
Domain — WM*AW
Adaptation MM
_ All Data in Rail
Segment 1 and 2
Domain Domain
WW’ Adaptation ‘ Discriminator
l 7777
Testing All Data in Rail

Segment 2

Fig. 2. Scheme of preliminary training and SADA.
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2.2.1. Preliminary training

Before SADA, preliminary training on the source domain is necessary. The model M for wheel condition assessment is a CNN
consisting of a feature extractor F and a wheel condition classifier C. Specifically, the F contains 7 convolutional layers, 7 activation
layers, 7 pooling layers, 1 flatten layer and 1 fully-connected layer, while C consists of 2 fully connected layers and 2 activation layers.
To avoid losing focus, the architectures of model will be skipped here and presented in Section 2.3.

F can transform the signal z{¥) into feature x(, based on which, C can obtain wheel conditions y) Specifically, it is found that the
signal after discrete cosine transform (DCT) [39] is more suitable than the original time series as input to the model. Therefore, the ith
sample z( here represents the DCT form of the original signal.

In the beginning, the parameters of M, including those of F and C, are initialized by Xavier initialization [40], then M is prelim-

inarily trained on the source domain. For each z5(*) in the source dataset input to M, it outputs a prediction ¥ O C(F(z5"), which is the

vector that contains the probability of each class. There is also a corresponding one-hot vector ys?, such as [0100]", indicating the true
class. The loss of classification L¢ s in the source domain is cross entropy:

1 n i ~ (i i EAU
Les == = [ysloglogys" + (1 = ys)loglog (1 = 35) M

where n is the size of the source dataset Zs.
Lc s is back-propagated according to the chain rule, and the parameters of both F and C are updated to gradually reduce L¢s in the
process of traversing all mini-batches within the training set for many epochs.

2.2.2. SADa

DA is usually reduced to matching the feature distributions of the source and target domains. According to [41,42], if a feature can
enable an algorithm to learn to identify its original domain, it is good for DA. In the deep learning paradigm, this can be done by
updating the feature extractor F so that the features it extracts from the source and target domains are not distinguishable in terms of a
distance measuring metric such as maximum mean discrepancy (MMD) [21,22] or by a discriminator [23]. The latter solution is
selected, while the former one is used in the Baseline 3 approach as introduced in Section 3.3 and compared in Section 4.3. It should be
emphasized that P(zs) and P(zr) cannot be changed but P(xs) and P(xr) can be aligned since the samples are transformed into the
feature space X.

After preliminary training, a temporal network is created by attaching a domain discriminator D to M. As shown in Fig. 2, this
network consists of three parts: F, D and C.

Based on the feature x) = F(z()) extracted by F, D can predict the domain where the sample is from. The discriminator loss is
measured by binary cross entropy:

1 n+m i ~(i) i ~(i)
Lp = n+mZi:1 — [d“loglogd + (l - d())loglog(l —d )} 2)

where m is the size of the target dataset Zr; d¥ is either 0 or 1, indicating source domain or target domain, respectively; H(” =D(F(z1))
is the predicted probability of target domain between 0 and 1.

The model training in terms of Lp is adversarial [43]. On the one hand, the discriminator D is updated to minimize Lp. On the other
hand, the feature extractor F is trained to confuse D by maximizing Lp. As a result of this two-player game, the features generated by F
will be increasingly domain invariant.

Since the label of a small portion of target samples are known, their counterpart in the source domain can be used, and the
discriminator loss is:

Ly =5 [aioglogd” + (1 — d)ioglog(1 — d")] ®)
n +m =l
where m’ is the number of samples in Z that are labelled as in intact condition and n is the number of samples in Z that are labelled as
in intact condition.

Table 2
Procedures of model training in SADA.

For each epoch i:
For each mini-batch j in Z;:

@ Obtain a mini-batch from Z,

@ Calculate Lp and its gradient in terms of parameters in D; Update D to decrease Lp
@ Obtain a mini-batch from Z3

@ Calculate Lp’ and its gradient in terms of parameters in D; Update D to decrease Lp’
@ Calculate L¢s and its gradient in terms of parameters in C; Update C to decrease L¢g

@ Calculate the gradient of Lcs —41Lp ﬂlzL'D; Update F to decrease it.
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Meanwhile, the parameters of F and C are updated to maintain the ability to classify wheel condition by minimizing L¢s. The
purpose of SADA is to gradually increase the domain confusion L supplemented with Lp” while maintaining a low L¢s. Finally, the
adapted model denoted as Msapa can be obtained by removing the domain predictor D, then be applied to unknown data in the target
domain.

In practice, three datasets are involved in SADA: Z; = {Zs, Ys} contains the source data and labels; Z; = {Zr,Zs} contains both
target data and source data; Zs = {Z1’, Zs’} contains those target data and source data corresponding to the intact stage. L¢ s, Lp and
L’pare calculated for mini-batches obtained from them rather than for the whole dataset. The training of D and the training of F and C
are conducted in an alternating manner, and the procedures are summarized in Table 2.

The mini-batch size np, 1; and A, are set as 32, 0.1 and 0.05, respectively, after trial and error. The details of data for training, DA as
well as testing will be introduced in Tables 5, 6 and 7. The architecture of D, F and Cwill be introduced immediately.

2.3. Architecture of the network

The architecture of M (including F and C) and D are summarized in Table 3 and Table 4, respectively.

F consists of 8 blocks, and the main operations include Convolution (Conv), Restricted Linear Unit (ReLU) activation, maximum
pooling (MaxPool), Fully Connected (FC) feedforward and Softmax activation.

A Conv layer consists of a set of learnable filters and is used to extract local feature maps [44]. Each filter is spatially small but
extends through the full depth of the input volume. During the forward propagation, each filter slides across the width and height of the
input volume and compute dot products between the weights of the filer and the entries of the receptive field (the region that the filter
is looking at). This convolution can be considered as feature extraction and finally produces a 2D feature map containing the acti-
vations of that filter at every spatial position. The set of filters generates a number of feature maps. In summary, in a Conv layer

numbered [I] with n,[g learnable filters, the j filter generates a feature map xJ[l] from an input volume x!-1:

x][’] _ ][»']*x[””+b,[” 4

where * represents the convolutional operator; wj[l] and bjm are the weight volume and bias volume of the jth filter, respectively. The

stacked n)} feature maps give the activations x7.
The feature maps are passed through a nonlinear activation function, ReLU [45], which is elementwise and remains the size of the
volume:

ReLU(x) = max(x,0) 5)

A pooling layer can be used to shrink the volume of representation and reduce the number of parameters in the next layer to train.
In this network, MaxPool is used, which takes the max over 4 numbers in every 2 x 2 region of the input volume. The layer can
maintain the depth dimension n, and disregard 75% of the previous activations with a stride of 2 on every depth slice.

At the beginning of Block 8, the feature maps are flattened into a vector (16384) and input to an FC layer. For the input volume
x=11, the output of one FC layer is:

©l = plt s =11y it ©)

To be specific, the input to F is the DCT of a vibration segment, denoted as z = x/° and the output is the feature of this segment x =
F(x°) = F(z), which is then fed to the classifier C.

C is a multi-layer perceptron (MLP) consisting of two Fully Connected (FC) layers with ReLU or Softmax as the activation function.
The final score for four classes is given by:

5 = a(wh x X1 4 pH) @

where o is the Softmax function, and L is the number of layers of M.

Table 3
Architecture of M.
Block Operations in Block Conv filters Size of output representation
Input [1 x 4096 x 1]
F 1 Conv — ReLU — MaxPool 81 x 3 filters [1 x 2048 x 8]
2 Conv — ReLU — MaxPool 16 1 x 3 filters [1 x 1024 x 16]
3 Conv — ReLU — MaxPool 321 x 3filters [1 x 512 x 32]
4 Conv — ReLU — MaxPool 64 1 x 3 filters [1 x 256 x 64]
5 Conv — ReLU — MaxPool 128 1 x 3 filters [1 x 128 x 128]
6 Conv — ReLU — MaxPool 256 1 x 3 filters [1 x 64 x 256]
7 Conv — ReLU — MaxPool 5121 x 3 filters [1 x 32 x 512]
8 Flatten — FC 512
C 9 FC — ReLU 64
10 FC — Softmax 4
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Table 4
Architecture of D.
Layer Operations in Layer Size of output representation
Input 512
1 FC — ReLU 64
2 FC — Sigmoid 1

Table 5

Data size for DA in Setting HS — MM.
Source domain (Hami-Shanshan, HS) Target domain (Menyuan-Minle, MM)
Stage I (Zs’) Training set (Zs) and Evaluation set 8052 Stage I Adaptation set (Zr) 2560
- - Testing set (Zr) 2195
Stage II 6589 Stage II 4756
Stage III 10,248 Stage III 4756
Stage IV 10,248 Stage IV 4389

Table 6

Data size for DA in Setting MM — HS.
Source domain (Menyuan-Minle, MM) Target domain (Hami-Shanshan, HS)
Stage I (Zs’) Training set (Zs) and Evaluation set 4758 Stage I Adaptation set (Zr’) 5124
- - - Testing set (Zr) 2924
Stage II 4758 Stage II 6589
Stage III 4758 Stage III 10,248
Stage IV 4392 Stage IV 10,248

Table 7

Data size for DA in Setting HS — ST.
Source domain (Hami-Shanshan, HS) Target domain (Menyuan-Minle, MM)
Stage I (Zs’) Training set (Zs) and Evaluation set 8052 Stage I Adaptation set (Zr") 1098

Testing set (Zr) 732

Stage II 6589 Stage II 1830
Stage III 10,248 Stage III 1830
Stage IV 10,248 Stage IV 1830

Some critical hyper-parameters of the architecture, including the number of layers of F and the size of each hidden layer of C, are
selected by cross-validation. Specifically, the source dataset is randomly partitioned into a training set and an evaluation set. For one
hyper-parameter setting, M is first trained on the training set then tested on the evaluation set. After iterating all the settings, the
architecture with the lowest L¢ s was selected.

D is also an MLP consisting of two FC layers. Unlike M whose architecture can be optimized on the Evaluation set, D has nothing to
rely on. Thus, its number of layers and size of hidden layer follows C. It intakes the feature from F, and the output is:

d= Sigmoid(w[z] x x4+ b[z]) (€3))

3. Case study
3.1. Onboard monitoring test in Lanxin HSR line

The authors’ research team conducted a one-month onboard monitoring test in the Lanxin HSR line in the Chinese Mainland from
15th December 2015 to 15th January 2016. The Lanxin HSR line starts from Lanzhou in Gansu Province to Urumgi in Xinjiang
Province with a total length of 1776 km. As it can be seen in Fig. 3 (geometry retrieved from Google Earth, Google LLC.), the sur-
rounding environment of the Lanxin HSR line is complicated and volatile. The Lanxin HSR line passes through Qilian Mountains and
Turpan Basin, making it the rail line with the largest elevation difference in the world. As stated in Section 1 and Section 2, the complex
environment would lead to a distribution shift of the collected data by directly altering the dynamic responses or indirectly influencing
the infrastructure design and construction (trackbed, rail foundations, etc.). Hence, the onboard monitoring test can be an excellent
case to validate the proposed DA model.

A comprehensive monitoring system was deployed on two coaches of an in-service CRH-V type passenger HST. The sensors include
accelerometers, strain sensors, temperature sensors, and wind pressure sensors which were deployed on bogie frames, bump stops, axle
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Fig. 3. The Lanxin HSR line (in blue mark) and surrounding terrain.

boxes, and car bodies, respectively. Previous research work by the authors on ride comfort using accelerometers mounted on car bodies
can be found in [14]. Since the vibration responses of axle boxes can effectively reflect the interaction between wheel and track
without the involvement of primary and secondary suspension systems [11], in this study, we use the acceleration data of two axle
boxes for wheel condition assessment.

In terms of specific sensor positions, as shown in Fig. 4, one accelerometer was installed on the axle box of the trailing bogie of the
power car, and three were on the axle boxes of the leading bogie of the driven car respectively, each sensor collected vibration re-
sponses of one wheel correspondingly. The dynamic range of the accelerometer is £1000 g, and the sampling rate was 5000 Hz.

The system installation and the onboard monitoring test are shown in Fig. 5. The data acquisition system was placed in one of the
tested coaches with encapsulated wires connecting the sensors and the equipment. The monitoring period lasted one consecutive
month except for the wheel reprofiling day on 31st December 2015. The train departed from Lanzhou to Urumgi on the first day and

Fig. 4. Positions of accelerometers on axle boxes.
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returned to Lanzhou on the second day to cover a round trip.

3.2. Data for preliminary training, DA, and testing

Two acceleration data series collected before and after wheel reprofiling throughout the entire running length are plotted together
with the elevation profile with respect to sea level. As can be seen in Fig. 6, the highest point is 3607 m in the section near Qilianshan
No. 2 Tunnel, while the lowest point in Turpan Basin is —49 m. As seen in the pictures taken during the monitoring period, the
surrounding environments in these two segments are obviously different. The great elevation difference in two rail sections causes a
great difference in temperature, lateral winds, soil condition, etc. Specifically, temperature change alters wheel-rail contact conditions
[46-48], lateral winds induce additional lateral creepage [49,50] in wheel-rail contact. For high-elevation rail sections in Lanxin rail
line, seasonal tundra is a common factor to be considered [51]. All these factors either directly alter the dynamic responses or indirectly
influence the infrastructure design and construction (trackbed, rail foundations, etc.) and eventually result in a distribution shift of the
monitoring data in a comprehensive manner.

Therefore, we choose data collected from the same sensor reflecting conditions of the same wheel in the Menyuan-Minle (MM)
section (highest average elevation) and data collected in the Hami-Shanshan (HS) section (lowest average elevation) to validate our
model. The Shanshan-Turpan (ST) section was also selected, which shares a similar elevation as the HS section. Totally, there were
three DA settings, HS — MM, MM — HS and HS — ST. Setting HS — MM and Setting MM — HS represent a large variation of oper-
ational conditions for HSTs, while Setting HS — ST represents a small operational condition change. The data sizes of these settings are
summarised in Tables 5, 6 and 7, and the results are presented in Section 4.1 and Section 4.4.

In Fig. 6, despite the acceleration level before reprofiling is significantly higher than that after reprofiling and the difference can be
observed directly, the change in wheel conditions is actually an evolutionary process. Our primary target is to assess the evolving
wheel conditions in a regressive manner using our learning model rather than providing a binary classifier.

According to the maintenance strategy provided by the rail operator, the train wheels operating in the Lanxin HSR line were
reprofiled every 150,000 km, which is less than the reprofiling mileage of conventional rail lines due to the harsh and high-speed
operational conditions. Although over the one-month monitoring period, the train passed approximately 55,000 km mileage,
covering only 1/3 of one full-service life cycle between two reprofiling points, it is confident that the monitoring data is sufficient to
cover all critical stages of wheel conditions considering the mechanism of wheel wear, which is the primary manifestation of wheel
conditions. Referring to a series of theoretical and experimental research work on wheel wear evolution [52], the wheel wear
mechanism is three-fold, as schematically illustrated in Fig. 7. When a wheel is newly reprofiled, the rate of material removal is
relatively high (intermediate wear); As the mileage increases, a strain hardening layer (normally 1 mm thick) is formed, and the wear
rate drops dramatically, entering a long mild wear period; In the final part of one service life cycle, the wear rate increases critically
again (intermediate and severe wear) as the strain hardening layer is abraded gradually. By measuring the change of wheel flange
thickness and wheel tread profile with a mini-profilometer out of operating hours every day, it was confirmed by the rail operator that
axle box vibration data collected before reprofiling covers period of mild-intermediate wear and intermediate-severe wear, and data
collected after reprofiling covers period of intermediate wear and intermediate-mild wear.

Based on this, we adopt a data labelling strategy similar to our previous work in [34] and label the wheel into four discrete stages as
a compromise to demonstrating the regression capability of the proposed model with SHM data collected in a limited period, spe-
cifically, two days. Since the reprofiling day of the test lies exactly in the middle of the monitoring period, Stage I and II are selected
from the data after reprofiling, and stage III and IV are from the data before reprofiling with a gap period left in between to avoid label
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Fig. 7. Schematic of wheel condition (wear) evolution and data labelling.
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overlapping, as shown in Fig. 7. It should be emphasized that the wear amount of one wheel was very slight within two days. Therefore,
the health condition of one wheel was considered consistent in these two days, and the corresponding data were tagged as the same
labels.

Under this labelling strategy, the entire Stage II to III interval should lie in the mild wear zone following a slow wear evolution
mechanism and no additional label is needed in between. In this regard, we are able to fully reveal the progressive wheel conditions
even though we do not have monitoring data of a complete life cycle.

We verify the proposed approach on two of the monitored wheels, denoted as Wheel 1 and Wheel 2, respectively. One is on an axle
box of the power car, and the other is on an axle box of the driven car. The investigation was based on axle box acceleration data, and
only data collected during cruising speed are used. They are divided into segments, each of which covering 0.8192 s and at least 10
circles of wheel rotation under an operation speed of 200 km/h. Each sample contains 4096 data points. As mentioned in Section 2.2,
DCT is used since this simple transformation proves to be a better representation than the original time series segments. Totally, there
were three DA settings, HS — MM, MM — HS and HS — ST. The data sizes of these settings are summarized in Tables 5, 6, and 7, which
respond to the SADA strategy presented in Table 2. 10% of data from the source domain are separated for model selection of M (Section
2.2) and Baseline 0. A small portion of data from the target domain are separated as Z7’.

It should be noted that in real practice, we can only access the training set, the adaptation set, and the unlabelled testing set to be
evaluated, as one can trace back to the problem description in Section 2.1. In this case, fully supervised learning in the target domain is
not possible and motivates the SADA approach. From a research perspective, the well-controlled experiment provides a chance to
validate the SADA approach because a wheel with the same health condition works in quite different operational conditions. In this
regard, the labels of the testing set are only available for research purposes and no longer exist in real practice.

3.3. Baseline methods for comparison

With the data collected from field monitoring, it is possible to validate the proposed approach. Following Section 2.2, model M is
preliminary trained on the Training set for 20 epochs. Then, five different procedures distinguish different approaches, including
SADA, and four baseline methods are used to solve the same task for comparison.

SADA: M is adapted following Table 2 by SADA for another 20 epochs, and the model after SADA is tested on the Testing set (Stage L,
I1, I, IV) from the target domain. This process corresponds to Fig. 1(c) and Fig. 2.

Baseline O (Evaluation): The pre-trained model M is trained for another 20 epochs on the Training set and then tested on the
Evaluation set.

Baseline 1 (No DA): The pre-trained model M is trained for another 20 epochs on the Training set without DA and then directly
testing on the Testing set, which corresponds to Fig. 1(a). By comparison, one can see how DA can significantly avoid performance
decay.

Baseline 2 (UADA): A classical method based on adversarial training is used [23]. The pre-trained model M is adapted for the
combined Adaptation set and Testing set by adversarial training with no semi-supervision involved. In other word, L’p is not included
in the Loss function for updating F. This process corresponds to Fig. 1(b).

Baseline 3 (DDC): The idea of deep domain confusion (DDC) [21] is adopted with no adversarial training involved, but semi-
supervision is utilised. The features become domain invariant in the process of maximizing the domain invariance measured by MMD:

2

1 n n 1 m m 1 n m
Lp = MMDs7 = ;Zizlz,-zlk(xsuwsw) +ﬁzizlijlk(xm'):xm) - %Zizlzjzlk(xsmxm) ©)

In this study, two kinds of kernels were used, including linear kernel k (x®, x) = (x x?), and radial basis function (RBF) kernel:

Table 8

Confusion matrix by Mgapa (HS - MM): (a) Wheel 1; (b) Wheel 2.
@
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 1975 151 31 38 90.0%
Stage II 279 4256 199 22 89.5%
Stage III 22 107 4310 317 90.6%
Stage IV 36 125 419 3809 86.8%
Precision 85.4% 91.7% 86.9% 91.0% F1: 89.0%
(b)
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 2025 110 38 22 92.3%
Stage II 340 4206 147 63 88.4%
Stage III 94 200 4298 164 90.4%
Stage IV 22 2 631 3734 85.1%
Precision 81.6% 93.1% 84.0% 93.7% F1: 88.4%
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k(x,x0) = exp< — [ — X0 \|2/(20'2) ) (10)

where o is the kernel width parameter and selected as 1 here.

Model preliminary training, DA and testing process was conducted on a workstation with an Intel(R) Core(TM) i7-7700HQ 2.8 GHz
processor, 12 GB RAM, and an Nvidia GTX2070 Graphic Card.
4. Results and discussions
4.1. Performance of SADA compared with baselines

The model after SADA is denoted as Msapa and used for the wheel condition assessment of Wheel 1 and Wheel 2 based on the

Testing set in setting HS — MM. The inferred wheel condition is the category with the highest probability. For each category, the recall
and precision are calculated, and the F1 score is:

recall; X precision;

Fl;=2 — a1
recall; + precision,
The mean of F1 score for four conditions, called macro-F1, is used as a summarized metric:
4
Fl=Y""Fl (12)

Table 8(a) and (b) show the confusion matrix of predictions by Msspa (HS — MM) on Wheel 1 and Wheel 2, respectively. The macro
F1 score is 89.0% and 88.4%, respectively. It should be noted that the testing data, based on which the inference is made, are collected
under an operational condition different from the training data and are unseen by Mgap4 until the very last moment.

Similarly, the confusion matrix by Mgapa (MM — HS) is summarized in Table 9(a) and (b). The macro F1 score is 79.4% and 82.2%,
respectively. This performance decay compared with the previous setting should be ascribed to the size of source dataset. The dataset
of Hami-Shanshan is about twice larger than that of Menyuan-Minle, as noted in Table 5 and Table 6, and a larger source dataset can
nurture more transferable features by better disentangling explanatory factors of variations [53,54] for the following wheel condition
assessment.

Four models developed by four baseline methods (Evaluation, No DA, UADA and DDC) were tested on the same Testing sets. The
results in terms of the F1 score are compared in Fig. 8 and Fig. 9.

Take Wheel 1 in setting HS — MM for example. When the model is trained on the training set and tested on the Evaluation set,
which are both in the source domain, the performance is quite good, with an F1 score of 98.9%. However, when directly applied to the
Testing set, it exhibits a serious performance decay, F1 score dropping to 74.8%. As mentioned in the Introduction, this should be
ascribed to the different environmental and operational conditions. Fortunately, if SADA is applied, the F1 score can be recovered to
nearly 90%, with a confusion matrix shown in Table 8(a). In comparison, when UADA is applied, the F1 score only improves to 85.1%.
Finally, when the normal DDC approach is applied, the F1 score can be improved from 74.8% to 81.0%, meaning that DDC is also
effective in our scenario, although not as effective as SADA and UADA.

Similar phenomena can be observed for Wheel 2 in setting HS — MM and for Wheel 1 and Wheel 2 in setting MM — HS. To reveal
the underneath mechanism, the setting HS — MM will be emphasized and discussed. Section 4.2 explains how SADA make the
assessment under various operational conditions possible and why it exhibits superiority to UADA. Section 4.3 shows the advantages of
SADA in comparison with DDC.

Table 9

Confusion matrix by Msapa (MM — HS): (a) Wheel 1; (b) Wheel 2.
(@)
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 2448 354 26 96 83.7%
Stage II 1080 4914 16 570 74.7%
Stage III 5 158 8077 2000 78.9%
Stage IV 6 91 1605 8538 83.4%
Precision 69.2% 89.1% 83.1% 76.2% 79.4%
(b)
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 2736 106 80 2 93.6%
Stage II 676 5293 300 311 80.4%
Stage III 286 284 9151 519 89.4%
Stage IV 252 299 2124 7565 73.9%
Precision 69.3% 88.5% 78.5% 90.1% 82.2%
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Fig. 11. Classifier loss and discriminator loss during UADA for Wheel 1.

4.2. Illustration of adaptation: UADA vs SADA

Wheel 1 will be focused on the following illustrations. After 20 epochs of preliminary training on domain HS, the model can achieve
an F1 score of 73.8% on domain MM, which is the initial point in Fig. 10. Then, as shown by the blue curve, if another 20 epochs are
conducted without any DA, the F1 score has little improvement to 74.8%. In comparison, significant and continuous improvement of
F1 score (from 73.9% to 88.9%) can be observed when SADA is applied. Although UADA is able to improve the F1 score in the first
several approaches, it converges earlier than SADA and ends up with an F1 score of 85.1%.

The change of discriminator loss Lp and the classifier loss L¢c during the 20 epochs of UADA are presented in Fig. 11, where L¢
remains at a low level, smaller than 0.1, while Lp turbulently and gradually rises and begins to converge at around 0.65 at about epoch
32. The implication is that the classifierC maintains its ability to identify four wheel conditions while the feature extractor F attempts to
learn features that are simultaneously domain-confusing and wheel condition-sensitive. The correspondence between Figs. 10 and 11
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Target domain
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s ; L2
X Stage T iy -y s ;
Stage II g ? - m*
& » rt. bl i TS - i".‘ *
Stage 111 ™ . » 5‘ ar
Stage IV v ¥ .

(a) (b) (c)

Fig. 12. Evolvement of features for Wheel 1 during UADA: (a) epoch 20, immediately after preliminary training; (b) epoch 30; (c) epoch 40.
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verifies the claim in [41,42] that if a feature can enable an algorithm to identify its original domain, it is good for DA.

To intuitively illustrate how UADA and SADA change the domain discrepancy, T-distributed Stochastic Neighbour Embedding (t-
SNE) [55], as a nonlinear dimensionality reduction technique for embedding high-dimensional data for visualization in a low-
dimensional space of two or three dimensions, is used to visualize the features generated by the feature extractor F. The feature vi-
sualizations are displayed in a way the same as what has been illustrated in Fig. 1(b) and (c), respectively, to provide an impression
from strategy to results.

The evolvement of features during UADA is presented in Fig. 12. In (a), after preliminary training, the features in the source domain
can be well separated (upper subfigure). However, in the target domain (middle subfigure), the features are clustered, and the feature
distribution is different from that in the source domain. If the unknown samples are coloured according to their labels (which are
usually not available in real cases), as shown in the below subfigure, the separation rule encoded in the classifierC can be found to fail
to distinguish features in the target domain.

As shown in (b), after 10 epochs of UADA, the features in the target domain (middle) gradually diffuse so that their distribution can
become closer to that in the sourced domain (upper). It should be noted that the feature distribution in the source domain does not
remain unchanged because both the feature extractor F and the classifier C are updating during UADA.

Finally, after 20 epochs of UADA, the feature distribution in the target domain is closer to that in the source domain, as shown in (c).
Meanwhile, the updated classifier C can be transferred from the source domain to the target domain and remain a relative well
performance. However, one can observe from the bottom figure that the features from Stage I and Stage II do not end up well separable,
since only the marginal distribution P(xr) is aligned to the distribution P(xs) and the information that wheels are intact at the
beginning is wasted, as shown in the middle subfigure.

The change in Lp, Lp’ and L¢ during the 20 epochs of SADA are presented in Fig. 13. Similar to what happens in SADA, L¢ remains at
a low level. Regarding discriminator loss, on one hand, L, does not converge at a level as high as that in the USDA case. On the other
hand, L;, exhibits a significant improvement, from 0.3 to around 0.65, indicating that the features from datasets Z;’ and Zs* are
gradually mixed up during the SADA.

To more concretely figure out what is happening, one can turn to Fig. 14. As shown in the first row and second row, in addition to
aligning the marginal distribution P(xr) and P(xs), SADA also leverages the Stage I features from the source domain. The distribution of
them P(x7") is gradually close to its counterpart in the source domain P(xs | ys = 0), which does not happen in Fig. 12. Note that in this
process, the features of other unknown samples are also better diffuse. Consequently, as shown in Fig. 13(c), they end up being better
separable, and the C suitable for source features is now applicable to them too. In this way, the effectiveness of SADA can be intuitively
shown.

A similar phenomenon can be observed when the preliminary trained model is adapted for Wheel 2. To be concise, for Wheel 2, we
just present visualization results at the beginning (epoch 20) and the end (epoch 40) of the SADA or UADA process in Fig. 15 and
Fig. 16. Similarly, after UADA, the features in the source domain can well be undisguisable with the features in the target domain, but
features from different stages do not diffuse well. In contrast, if SADA is applied, the conditional distribution can also be well aligned.
As a result, the classifier can be well transferred.

4.3. Superiority of adversarial strategy: SADA vs DDC

As shown in Fig. 8 and Fig. 9, the SADA perform significantly better than DDC. The suggested reason is that a fixed metric (i.e.
MMD) usually fails to capture the subtle discrepancy between source and target domains because mean embedding matching is
sensitive to the Kernel choices [22].

To prove this hypothesis and provide a more comprehensive comparison, four DDC schemes with different settings are applied. In
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Fig. 13. Classifier loss and discriminator loss during SADA for Wheel 1.
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Fig. 14. Evolvement of features for Wheel 1 during SADA: (a) epoch 20, immediately after preliminary training; (b) epoch 30; (c) epoch 40.

addition to the DDC using MMD with RBF kernel (¢ = 1) in Baseline 3, RBF kernel (¢ = 0.5), linear kernel, and multiple kernels (MK)
[56] are also used to measure Lp and Lp’ based on features generated by F. As shown in Fig. 17, these variants do enable the DDC
approach to perform more nearly as good as the SADA approach. However, even the strongest MK scheme cannot achieve F1 scores as
high as SADA.

The results imply that the adversarial strategy enables the discriminator D, as a universal approximator [57], to learn to implicitly
encode a metric that is more domain-discriminative than MK MMD. As a result, the feature extractor F, as the other role of this two-
player adversarial game, learns to better mix up the features and thus enable the well-trained classifier C transferable between different
operational conditions.

It should be noted that in the real practice of DA, the labels of target data are not available, unlike in research, making this kind of
Kernel selection impossible. In comparison, the architecture of D in the SADA scheme is determined in a relatively arbitrary without
model selection, as mentioned in Section 2.3. Therefore, the latter scheme seems to be more reliable and robust in real practice.

4.4. Adapting the model to a similar elevation

As mentioned in Section 3.2, Setting HS — MM represents a large variation of operational conditions for HSTs. All the factors either
directly alter the dynamic responses or indirectly influence the infrastructure design and construction. As a result, even when wheel 1
is completely intact, the distribution of monitoring data exhibits a significant shift. Fig. 18(a) illustrates this shift using the 2D
visualization method as in Section 4.2. Each pink dot in this figure represents the feature of one data segment collected from the HS
section, while each blue dot represents that from the MM section. Although all the presented data belongs to the same label (Stage I),
there is a significant shift caused by the change of operational conditions. In comparison, Setting HS — ST represents a small oper-
ational condition change, and the data segments from ST seem to still fall in the same distribution as those from HS. A similar pattern of
data shift can be found for data in Stages II, III and IV, but they are not presented due to the space limitation.

Therefore, applying the model learned from HS exhibits a smaller performance decay on the data from ST, as shown in Fig. 18(b).
The F1 score falls from 98.9% to 89.0%. This fall is much smaller than that on MM (from 98.9% to 74.8%). When SADA was applied to
adapt the model from HS to ST, the performance on ST can be improved to 92.1%.

The above discussion is for Wheel 1. An investigation was conducted for Wheel 2, as shown in Fig. 19, and the findings are similar.
The data segments from the ST section are closer to those from the HS section. Thus, the performance decay is not so significant and can
be compromised by SADA.

What Fig. 18(a) and Fig. 19(a) present are the results after dimension reduction. As presented in Table 3, each feature extracted
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Fig. 15. Evolvement of features for Wheel 2 during UADA: (a) epoch 20, immediately after preliminary training; (b) epoch 40.

from a vibration data segment has 512 elements. To more directly demonstrate the data distribution shift, we also randomly picked up
5 elements and presented their distribution when the trained was operated on rail sections MM, HS and SS. The results for Wheel 1 are
presented in Fig. 20, and those for Wheel 2 are in Fig. 21. Take the first line of Fig. 20 for example. When the HST is running on the HS
section, this feature element, which is extracted from axle box vibration data of Wheel 1, mainly appears between —1 and 6. When the
HST is running on ST, the distribution of this feature element is basically the same. By contrast, when the HST was running on MM, the
feature element mainly distributes between —6 and 3, which exhibits a significant distribution shift. Similar patterns can be found in
other rows and Fig. 21.

4.5. Adapting the model to a new wheel

In the research presented in previous sections, we focused on one wheel at a time. It is emphasized that the health condition of one
wheel was considered unchanged in these two days, and the corresponding data were tagged as the same labels. Therefore, for one
specific wheel, the labels are consistent during the training and validation.

In real rail engineering applications, however, the monitoring system normally cannot be implemented in all coaches, and there are
multiple trains. In this case, the wheel to be inferred is definitely different from the wheel on which the model is trained. For the sake of
completeness and further research, this study investigates the performance of a model adapted for not only a new operational con-
dition but also for a new wheel. This is an attempt to conduct DA across sensors [29].

Two new settings are evaluated. One is to transfer from Wheel 2 on domain HS to Wheel 1 on domain MM. The other is to transfer
from Wheel 1 on domain HS to Wheel 2 on domain MM. The confusion matrices are shown in Table 10(a) and Table 10(b),
respectively.

For wheel 1, the F1 score is 85.8%, while that without SADA is only 69.5%. For wheel 2, it is improved from 71.8% without SADA to
84.9% with SADA. Although performance decay unavoidably exhibits when models are adapted to cross wheels, the F1 scores remain
acceptable. In addition, an interesting phenomenon can be observed. As shown in Table 10(a) (Wheel 2 — Wheel 1), the precision loss
is significant for Stage IV, compared with that in Table 8(a), while the precision for other stages remains basically the same. In contrast,
in Table 10(b) (Wheel 1 — Wheel 2), the precision has a large negative change for Stage I.

This symmetry is not occasional but due to the gap between the universal labels and the slightly different ground truths of health
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Fig. 16. Evolvement of features for Wheel 2 during SADA: (a) epoch 20, immediately after preliminary training; (b) epoch 40.
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Fig. 17. SADA vs DDC with different schemes: (a) Wheel 1; (b) Wheel 2.
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Fig. 18. Comparison between large and small operational condition variation for Wheel 1: (a) Feature visualization; (b) Performance of SADA.
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Fig. 19. Comparison between large and small operational condition variation for Wheel 2: (a) Feature visualization; (b) Performance of SADA.
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Fig. 21. Distribution comparison between elements of feature of Wheel 2: (a) HS vs MM (five different elements); and (b) HS vs ST (five

different elements).
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Table 10

Confusion matrix by Mgapa (HS — MM): (a) Wheel 2 — Wheel 1; (b) Wheel 1 — Wheel 2.
(a)
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 1923 203 27 42 86.4%
Stage II 275 4058 404 19 87.8%
Stage III 20 107 3908 721 83.0%
Stage IV 39 122 323 3905 86.1%
Precision 85.2% 90.4% 83.8% 83.3% F1: 85.8%
Precision change +0.2% -1.3 -3.1 —7.7%
(b)
Prediction Label Stage I Stage II Stage III Stage IV Recall
Stage I 2078 56 37 24 94.7%
Stage II 693 3860 150 53 81.2%
Stage III 97 348 4150 161 87.3%
Stage IV 22 4 728 3635 82.8%
Precision 71.9% 90.4% 81.9% 93.9% F1: 84.9%
Precision change -9.7 -2.7 -2.1% +0.2

Wheel 1 (Target)
Wheel 2 (Source)
o0
“Stage IV”
é ) “Stage IV”
It Manual labelling Labelled as “Stage I1I” of Wheel 1
=] on Wheel 1 4 Predicted as “Stage IV by the model Decision boundary
8 « ) learned on Wheel 2
Stage IIT
g « »
< Stage III
—
<
§ “Stage III” | “Stage IV”
0 Mileage (km)

Fig. 22. Labelling deviation between Wheel 2 (source domain) and Wheel 1 (target domain).

conditions of two wheels. As mentioned in Section 3.2, the labelling is based on millage and manual inspection and represent four
stages. Namely, within the same two days, the ground truth health conditions of Wheel 1 and Wheel 2 were not exactly the same,
although they had the same labels. In our case, it seems that the wear development of Wheel 1 is slightly faster than that of Wheel 2. As
shown in Fig. 22, in Setting Wheel 2 — Wheel 1, the decision boundary between “Stage III and Stage IV” is first learned on Wheel 2.
Therefore, those samples from Wheel 1 exceeding this threshold (in the decision space) will be predicted as “Stage IV”. However, these
samples are labelled as “Stage III” because the wear amount of Wheel 1 is slightly larger than Wheel 2 with the same millage. Therefore,
these samples, labelled as “Stage III” for Wheel 1, will be predicted as “Stage I” by Msapa, which explains the precision decay in
Table 10(a). Similarly, as shown in Fig. 23, some labels labelled as “Stage II” of Wheel 2 are predicted as “Stage I” by Msapa, which
explains the precision decay in Table 10(b).

To summarize, the cross-wheel scheme is possible, but the gap between labels and ground truths may be a hinder to further
application. The preliminary plan will be presented in Section 5. However, this gap does not influence the validation of SADA in
Section 4.1.

5. Conclusions and future work
In this study, a SADA approach is proposed to enable assessment of evolving wheel conditions for HSTs under different operational

conditions by transferring knowledge from a model trained on monitoring data collected in one rail section (source data) to the model
on data collected in another rail section (target data). The development of a two-level DA strategy over both the marginal distribution
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Fig. 23. Labelling deviation between Wheel 1 (source domain) and Wheel 2 (target domain).

of all data and the conditional distribution of some labelled data, together with the adversarial tactic, guarantee the thorough dis-
tribution fusion between source and target data so that the operational effects can be sufficiently eliminated. The effectiveness of
approach and its superiority over other baseline methods have been well demonstrated through an in-situ monitoring case study on an
operating HSR line. Specific conclusions are listed as follows.

A significant drop can be found when the model is transferred from one rail section to another, and UADA approach can effectively
compromise this drop. The F1 score has an improvement of around 5%~10%. Further, the involvement of semi-supervision can
introduce another increase of around 5%. The size of source dataset also matters—the more abundant the source dataset, the more
transferable the learned features.

According to the discriminator loss, the classifier loss as well as the feature 2D representation, it is found that UADA can suc-
cessfully help feature extractor to generate domain-invariant features, and SADA can further align the features from two domains
condition on “intact”. As a result, the learned classifier for wheel condition assessment become transferable and generalizable.
By showing that a carefully crafted metric of domain discrepancy (MK MMD) cannot outperform a learned discriminator without
strict model selection, the superiority of adversarial training is also proved.

The variation of operational conditions between HS and ST is smaller than that between HS and MM. Therefore, the data distri-
bution shift is smaller, and the performance decay is less significant.

Cross-wheel SADA is feasible, but the performance is influenced by the gap between universal labels and slightly different ground
truths of different wheels.

This study shows the feasibility to assess the health condition of the same wheel even if it works under varying operational con-

ditions. It is expected that this strategy can be generalized for the monitoring of other critical components of HST running in any rail
section, given only the healthy data in this section and a well-studied case in another rail section. Nowadays, there have been 4
east-west and 4 north-south HSR lines in China, making the operational conditions of HSTs highly various. Thus, the exhibited
generalizability and flexibility are valuable. Accordingly, some limitations of this study motive the following further work.

For further validation, the proposed approach will be applied to the evaluation of another component of HST running on another
rail line.

Our approach will be further refined to enable more precise and flexible knowledge transfer from one wheel to another. As
mentioned in Section 4.5, the wheel condition labelling based on mileage and manual inspection may induce skewness of pre-
diction precision when the model is transferred to a new wheel. For this challenge, one can take both wheels as source domains by
multi-source DA [58,59] so that the slight deviation of labelling from “ground truth” can be cancelled out.

In this study, the UADA and SADA in the target domain are possible only when all the data are available, including those with wear.
This hinders the wheel condition assessment conducted in real-time. In the future, we will explore DA in a progressive manner [60]
so that a train can be monitored and assessed at the very beginning.

The influence of model architecture, including feature extractor F, classifier C as well as discriminator D, are not discussed as it is
not the focus of this study, and detailed discussion may lead to confusion. This exploration will be conducted in future work.
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