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ARTICLE INFO ABSTRACT
Keywords: Railway rolling noise on straight railway lines has become a crucial environmental impact of
Rolling noise railway systems. The vibration of the rail tracks is the primary contributor to the formation of
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Time series mapping
Echo state network
Transformer

rolling noise. Developing a surrogate model to capture the reflectional relationship between track
vibrations and trackside noise is desired in two perspectives. Firstly, it offers a solution for noise
monitoring with data loss, or when field conditions are restrictive for sensors’ deployment.
Secondly, such a model can facilitate the design and optimization of noise control devices in
laboratory, where the actual trackside noise is intricate to simulate. However, it is a dauting task
to reveal the underlying relationship between track vibration and trackside noise. This work
introduces Echoformer, a novel framework that blends echo states with the transformer archi-
tecture, designed to perform time series mapping. Comprehensive testing shows that the Echo-
former outperforms conventional RNN architectures in reconstructing both near-field and far-
field trackside noise. Moreover, the Echoformer exhibits remarkable resilience against informa-
tion loss and noisy signal scenario, ensuring a robust reconstruction for the task. This study un-
derscores the Echoformer’s potential as a steadfast tool in the realm of railway noise analysis.

1. Introduction

Rolling noise on straight railway lines is one of the dominant factors that influencing the environment and residents in the vicinity
of urban railway systems [1,2]. After a period of operation, rail corrugation can develop on the wheel-rail contact surface [3].
Consequently, vibrations originating from the irregular contact between the wheel and rail can induce rolling noise, leading to noise
pollution issues. In the case of rolling noise, track vibrations are the primary source. The vibration spectrum mainly falls within the
frequency range of 500 Hz to 1000 Hz [4]. At present, the rolling noise has become a key obstacle for the development of urban railway
transportation [5]. Therefore, it is essential to monitor trackside noise in noise-sensitive areas, such as schools, hospitals, and
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residential neighborhoods. According to the measurement standard for railway noise (BS EN 15461:2008 + A1:2010), microphones
are suggested to be set on both near field (0.6 m from the rail top) and far field (7.5 m away from the track centerline, and 1.2 m above
the rail top) [7]. However, restricted by the safety operation regulations, the installation of near-field microphones must be prudently
inspected [8]. For an urban rail viaduct section, an additional temporary structure is sometimes required to access the far-field
measurement location. [9]. Such in-situ tests must be conducted with the landowner’s permission. In conclusion, obtaining com-
plete monitoring data is not always feasible. In such cases, a method to infer missing data using available sensors becomes an appealing
approach for railway noise analysis.

Data loss is another challenge in noise monitoring projects. Occasional sensor malfunctions or failures, often caused by power
outages or poor wiring connections, can result in the loss of the monitoring data [10-13]. When wireless sensors are used, data loss
may occur during the transmission from the sensors to the receivers [14]. If a period of data is missing due to the aforementioned
reasons, reconstructing the missing data is essential to maintain intact monitoring information.

On the other hand, controlling noise at its source, specifically rail track vibrations, is the most fundamental strategy for mitigating
rolling noise. To this end, various rail track vibration control devices have been developed, including rail dampers [15-19], rail pads
[20,21] and rail clips [22,23]. Optimizing these devices requires extensive tuning and validation tests. Clearly, constant in-situ trial
and error is impractical. However, in the laboratory, researchers can only simulate rail track vibrations, as the noise is influenced by
numerous field conditions that cannot be fully replicated in a laboratory environment. Therefore, a surrogate model that can predict
trackside noise from rail track vibrations would greatly facilitate the development of noise and vibration control devices.

Reconstructing railway rolling noise is a dauting task [24]. There has been a recent surge in the application of deep learning (DL)
methods owing to their rigorous ability to dissect nonlinear systems [25-32]. Translating track vibration signals into trackside noise is
a typical sequence-to-sequence task. The recurrent neural network (RNN) is a potent tool that integrates large dynamic memory and
adaptable computational abilities to recognize sequential information [33]. Embedded with delay loops in their neurons, the topo-
logical structure of RNNs allows them to generate a stacked flow for processing sequential data. In the development of RNNs, gating
mechanism is applied in the gated recursive neuron to improve the long-term memory of the structure [34]. Thanks to this technique,
long short-term memory (LSTM) network [35-37] and gated recurrent unit (GRU) [38,39] can link states over long distances.
However, these RNNs are also inherently tedious to train due to their expanded parameter space. In light of this downside, a variant of
RNN named echo state network (ESN) has garnered attention from the research community [40-42].

In the standard ESN architecture, input sequences are projected into a reservoir defined by a large-scale latent state space. Akin to
the kernel method, this sparsely connected, high-dimensional state space can generate linearly separable features. Therefore, the
training of an ESN can be simplified to a simple linear regression problem as claimed by Jaeger et al. [43,44]. This architecture
demonstrates exceptional performance in reconstructing time series data. [45].

The transformer architecture has also been widely adopted in recent research on time series analysis [46-48]. The self-attention
mechanism within the encoder and decoder blocks effectively emphasizes the sections that require greater focus [49]. Some studies
report that combining different model structures is an effective approach to fuse merits across models [50]. For instance, integrating
Transformers with conventional neural networks is anticipated to enhance performance by leveraging the strengths of each component
[51-54]. Liu et al. introduced a bidirectional GRU embedding as a preprocessing step for the input context before feeding it into the
Transformer encoder. In their machine reading comprehension task, the innovative RNN embedding effectively reduced the impact of
incorrect word segments, setting a new state-of-the-art benchmark [53]. In a similar vein, Xia et al. created a framework conflating
LTSM and Transformer for their task. Through comparisons, they concluded that the combination of RNN and Transformer out-
performs both stacked hierarchical RNN-RNN and Transformer-Transformer networks [54].

Building on this line of research, this paper attempts to reconstruct trackside noise signals from recorded rail track vibrations. In the
proposed framework, the input data is first projected into a sparsely connected, large-scale reservoir (echo state) to extract high-
dimensional and sequential features. Next, the self-attention block within the Transformer structure captures correlations across
different time intervals. This novel method, termed Echoformer, is then compared with baseline models to demonstrate its superiority
in predicting trackside noise. Finally, the generalization ability of the trained model is validated using data from a distinct metro line
monitoring project.

In summary, the main contributions of this paper are summarized as follows:

(1) A novel RNN-Transformer framework, called Echoformer, is proposed to achieve the intricate time series mapping from track
vibrations to trackside noise. This method could facilitate trackside noise monitoring and the development of noise control
devices.

(2) The reconstruction capability of Echoformer is elucidated by comparison with baseline methods in various scenarios. Besides,
the robust Echoformer withstands situations when input information is incomplete, and when the input signal is contaminated
by noise.

(3) A dataset stemmed from another urban metro monitoring project is adopted to verify the generalization ability of the Echo-
former. The results demonstrate that the proposed method can reliably capture noise features across different metro lines.

The rest of this paper is organized as follows: Section 2 introduces the methods of the involved blocks, including ESN, self-attention,
and the proposed Echoformer structure. Section 3 describes the details of the in-situ experimental project, which investigated a viaduct
section of an urban metro line. Section 4 presents the reconstruction results by Echoformer and the baseline methods. Testing on the
resilience of the reconstruction is also presented in this section. Finally, Section 5 offers the conclusions and suggests directions for
future work Fig. 1.
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2. Methodology of Echoformer
2.1. Echo state network

The echo-state network (ESN) has been extensively studied for its remarkable ability to learn complex nonlinear dynamics in
sequential signals. The nonlinearity of the ESN is embedded in its activation function for the state updating. The reservoir, or the latent
state space, is randomly generated at the initial time state. A standard ESN can be regarded as a three-layer structure, including the
input layer, the reservoir, and the output layer (Fig. 2). The evolution of the latent state along the time axis is defined as:

St = A+ (1= 2)Wa(s0, %0, Y,), @

where s, € R™ represents the latent state, x, € R is the input series signal to the ESN, the relaxation coefficient A € [0,1) aims to call
back the memory from the last timestamp to pursue the continuity of the state evolution. y, € R™ is the target signal at the current
state. The activation function ¥,( e ) provides nonlinear property to ESN. The subscript t presents the general time stamp.

\Pa(suxn.}'t) = tanh(Ws 5. + Wi ® X; + Whack ‘yt)v 2)

aside from calling back the last state, the activation (take hyperbolic tangent function as an example) of the state space shown in Eq. (2)
contains the information of all three parts. Here, Wyes € RN, Wy, € RN and Wyeg € R¥*Y are independent weight matrices
that are generated by the uniform distribution. The structure of ESN presented by Egs. (1) and (2) is very similar to a standard RNN.
Whilst in RNN, the weight matrices are updated during the training process. But the weights mentioned in Eq. (2) will not be updated
once they are generated. The reservoir weights, W,,s, define the connectivity inside the latent space. As aforementioned, the W,
should be a sparse matrix to ensure a richer internal dynamic of the reservoir [43].

After the initialization of the reservoir, it should go through a certain free-running period before it is ready to generate the output
signal. In this study, the free-running length is set as 100 timestamps.

J7t = Wour ® [xnsnyt—l] + by. 3)

Eq. (3) presents the output layer of the ESN. Following the observation given by Lukosevicius and Jaeger [55], taking the input, current
state, and the previous output together can improve the model accuracy. The model updating of the ESN is only focused on the
Wour € RNy (NetNetNy) The task is to find a linear map of the target signal from the randomly generated reservoir. Therefore, the
training is relatively straightforward since the reservoir has extracted plenty of information. Considering a training series Y = (y;, ---
,¥n) € R¥N with N segments, where N is the length of the training series. This linear map can be determined by following the
regularized optimization problem, which can be presented by:
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Fig. 1. Overall architecture of the proposed Echoformer.
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Input layer Reservoir Output layer

Fig. 2. Three-layer structure of the ESN.
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In Eq. (4), || ® ||y is the Frobenius norm, and the regularization parameter § ensures the sparsity of the calculated Woy. The coefficient
1/2 is adopted here to comfort the gradient computation.

2.2. Self-attention mechanism
To mimic the human attention ability, the self-attention mechanism has been proposed to distill valuable information from a mass

of unimportant data [49]. Upon receiving the input series, the self-attention block (Fig. 3) assesses the importance of each component
throughout the entire series.

Encoder Block Multi-head Self-attention

Attention Score

Multi-head
Attention

Signal
Embedding

Fig. 3. Self-attention block in the Transformer structure.
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Considering the input series X = (x1, ---,xy) € R¥>N with length of N, the self-attention is achieved by three weight matrices:
Wq € RNONx e € RNONx and Wy € RNNx | which represent the query, key and value weights, respectively. The attention score is
calculated through a normalized SoftMax function, then applied to the weighted value matrix:

(WoeX) e WxeX
VNk

attention = softma.x( ) (WyeX)", 5)

where the purpose of the normalization with /Ny is to stabilize the gradient descend. Specifically, it can reduce the variance value of
the SoftMax function’s output. In Eq. (5), weight matrices Wq, W, and Wy are trainable weights. Based on self-attention, multi-head
self-attention applied multiple sets of queries, keys, and values that parallelly calculate the attention results. These multiple heads are
eventually concatenated and then fed forward.

2.3. Framework of the Echoformer

Fig. 4 shows the flowchart of the proposed Echoformer. This structure comprises an encoder section and a decoder section. Each
section could contain several encoder/decoder blocks. Similar to the Transformer structure, the encoder section receives the input
series, and the decoder section decodes the prediction from information given by the encoder.

The time series data are first projected into the reservoir before being passed into the encoder section. This embedded reservoir is
the same as the latent space in the ESN, which accumulates the high-dimensional sequence of the echo states. In our work, the size of
the reservoir N; is 1000. Positional encoding is integrated before the encoder to mark the relative location of all components within the
series data [49].

Leveraging the power of multi-head attention, encoder blocks in the encoder section can process the entire input time series. Inside
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Fig. 4. Flowchart of the Echoformer.
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encoder/decoder blocks, following the multi-head attention calculation, the results are fed forward through a multi-layer perceptron
(MLP) in each block. Layer Normalizations [56] are adopted on all layers, and residual connections are implemented inside each block.

3. In-situ experiment on an urban viaduct metro line
3.1. Site environment and experimental setup

The in-situ experiment aimed to monitor the trackside noise on an urban viaduct metro line. The test section was between Tanglang
station and University town station on the Shenzhen metro line 5. Due to the proximity of the residential area (Fig. 5(a)), this location
is considered a noise-sensitive zone. The operation trains on this line are six-cabin trains (urban metro train type A, according to the
Chinese railway standard TB-10624), and it passes the testing section at a speed of around 70 km/h. Since this is a straight metro line
section, the predominant noise type is the rail rolling noise induced from the wheel-rail contact.

Triaxial accelerometers (Dytran, 3023A4), labeled Al, A2, A3 and A4, were attached to the rail tracks to measure the vibration
responses. The acceleration was measured at rail web and rail bottom of both tracks. The deployment of accelerometers is presented in
Fig. 5(b). Although these sensors recorded responses in three directions (vertical, lateral and along rail tracks), only the vibrations in
vertical and lateral directions will be considered in this experiment.

Microphones (B&K, Type 4189) were adopted to monitor the trackside rolling noise. The first microphone (M1) was placed the
same height as the rail top and 0.6 m away to record the near field noise. For the far field noise, the location of the microphone (M2)
was 1.2 m above the rail top, and 7.5 m away from the center line of rail tracks. To facilitate the mounting of M2, a scaffold was set up
near the viaduct to support a lightweight pole, to which the microphone could attach. In this in-situ experiment, the sampling rate of all
sensors was set as 10000 Hz, since the dominant frequency of rolling noise is under 2000 Hz.

3.2. Experimental results on trackside noise and track vibration

The trackside noise is the target to be reconstructed in this work (Fig. 6). The most significant noise appears at the frequency around
630 Hz. The peak sound pressure level is 111.0 dB(A) at the near field and 93.8 dB(A) at the far field. The overall sound pressure levels
at near and far fields are 95.8 dB(A) and 78.4 dB(A), respectively.

There are clear spikes on the recorded sound pressure when wheels pass through the testing section. According to the condition
when wheels are passing or not, the time windows are divided into two categories, named as “with wheels” and “without wheels”.

Four accelerometers, namely Al, A2, A3 and A4, record acceleration in vertical (V) and lateral (L) directions. Therefore, there are
eight channels of acceleration signal (Fig. 7). Rail track vibration energy is concentrated in the vertical direction according to the
time-frequency spectrum of acceleration signals. While there are minor differences in the vibration of different tracks, sensor signals
from different locations (web and bottom) on one track are nearly identical since the rail track has a stiff cross-section. Most
importantly, the dominant frequency range of the vibrations aligns with the trackside noise, indicating a solid correlation between
track vibration and rolling noise, and the potential to predict trackside noise based on track vibration.

3.3. Identification of pass-wheel time windows

The identification of the passing-wheel time windows can rely on the acceleration signal recorded on the rail tracks. In this case, the
signal from the sensor A1l is employed. A recently coined method known as the three-threshold pulse extraction algorithm [57] is
suitable for marking the ambit of the passing-wheel period. Fig. 8 presents the schematic diagram of the algorithm, and the detailed
implementation procedure is presented as follows.

Step 1: Calculate the average energy of the acceleration signal (Emeqn) as the reference threshold. The other two thresholds, the peak

Track accelerometers Near field microphone Far field microphone

M

! I S Shab track “ \

Passing train

7.5m

~

Fig. 5. (a) Environment at the experimental site; (b) Sensor arrangements on the test section.
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detection threshold (E,eq) and the endpoint threshold (E¢irid), are determined according to reference threshold. The coefficients used
to calculate the thresholds are specially determined to follow the characteristics of different target signals. In this study, the peak
threshold is calculated as Epeqk = 1.5Emean, endpoint threshold is set as Ecrieeric = 1.2Emean-

Step 2: Conduct the first framing on the signal with the time window length of At; = 200ms, and calculate the energy of each
frame. Search the time duration when the frame energy is higher than E,.., and consider each duration as an effective pulse (nth
passing-wheel period). For each effective pulse, find the frame with the largest energy, and mark the starting time of this frame as the
peak time of the nth pulse t,...

The operation metro train on the testing line has six cabins, each cabin is equipped with two bogies on both ends. Since the distance
between the two end boogies of adjacent cabins is considerably small, these two boogies are regarded as a group to reflect an effective
pulse (see Fig. 8). Therefore, n is equal to 7 in the first framing of the step 2.

Step 3: Conduct the second framing with At, = 50ms, and calculate the energy of each frame. Starting from the peak time of the nth
pulse, search forward and backward until the frame energy is lower than Eieriq, and mark the end points as t,, and t], ..

Step 4: The duration of the nth pulse is given by t}; , and £, ;. Following this approach, identify all effective pulses by repeating the

start ern
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Fig. 8. Schematic diagram of the three-threshold pulse extraction algorithm.

previous steps, and review the identification results.

It is a more scientific approach for the identification of the passing-wheel time windows compared to setting a single threshold. For
the latter approach, some outliers could be mistakenly identified as an effective pulse while actually no wheels are passing at that
point.

4. Reconstruction results and Discussion
4.1. Reconstruction by the Echoformer

In this section, the reconstruction results by the Echoformer are compared with various baseline methods. The first baseline method
is the ESN in the framework of RNN. Based on a standard ESN, a modified structure that replaces the linear readout layer with MLP is
presented as the second baseline. This modified structure, named as ESDN, also possesses a recurrent structure for time series pro-
cessing (Fig. 9). Another two methods that are suitable for sequential information decoding are introduced, including bi-directional
LSTM [58] and vanilla Transformer [49].

Output

Readout Layer

0
Sts1 was ST

Latent state
(reservoir)

o e Xt x Xesr . x,/ Input

Fig. 9. Structure of the baseline method ESDN.
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The hyperparameters of the proposed methods are confirmed by grid searching. The settings are listed below in Table 1. The size of
the reservoir, N;, is selected in [100, 500, 1000]. A larger value of N is restricted by the computational load. Other parameters related to
the reservoir (i.e., p(Wres), S(Wres), and 1) are uniformly searched with the interval of 0.1, 0.5 and 0.1. The numbers of encoder and
decoder blocks are set as 2, and a 10-head self-attention is adopted here. For the dataset separation, the 1st to the 4th passing-wheel
windows (including periods without wheel passing, totally 3.65 s) are used for training, and the testing dataset starts from the end of
the 4th window to the end of 7th window (length of 2.75 s). As shown in Fig. 6, the trackside noise level demonstrates a crescendo
pattern at the beginning (4-6 s) and a decrescendo pattern toward the end (10-12 s). By separating these distinct patterns into the
training and testing sets, the model’s ability to uncover a more intrinsic relationship between vibration and noise can be evaluated.
Another equally viable option is to train the model with the entire passing-train window, and validate the model with another passing
train. The model training is conducted with the learning rate of 0.0001 for 50 epochs. An Intel Gold 5217 (CPU) and an NVIDIA Tesla
P40 (GPU) are employed for the training.

An amendment should be made to the sound signal recorded at the far field. On account of the distance between the far field
microphone to the rail track, i.e., the noise source, the sound propagates to the far field with a time delay. Take the midpoint between
two rail tops as the hypothetical noise source (Fig. 10), the sound reaches the far filed microphone with a time delay of At ~ 0.022 s.
Since the sampling rate of the microphone is 10000 Hz, the noise signal at the far field would be shifted for 200 points during training.
The location of the near field microphone is close to the rail track, so no amendments are needed for the near field noise signal. It
should be noted that this shift had little impact on the results due to the limited distance. However, for noise recorded over longer
distances, incorporating the time delay factor is highly recommended.

Fig. 11 shows the overall reconstruction results on the entire testing dataset by the Echoformer. At the experimental site, the sound
field near the rail track is more complex than the far field. Therefore, the amplitude of the sound pressure at the far field is relatively
stable. It makes the reconstruction of the far field noise simpler, as observed in Fig. 11(b). As discussed in Section 3, the condition is
divided into “with wheel” and “without wheel”. Figs. 12 and 13 present a zoom in section in the middle of the signal at the near field
with a length of 0.1 s under these two conditions.

It can be found that the sound energy with passing wheel is more concentrated and slightly increased. However, no significant
differences can be concluded under the conditions presented in Figs. 12 and 13 as passing-wheel windows are too transient. For both
conditions, the Echoformer successfully reconstructs the trend and spectrum of the signal. Based on the reconstructed noise signal, the
sound pressure level (SPL) in the 1/3 octave band together with values of L.; and L1, which represents the overall and peak sound level
[59], are calculated by all methods. With the sound pressure p, and the reference sound pressure py = 2 x 107> pa, the calculation of
SPL is given by:

SPL = 20log,,(p/Po)- 6)

SPL analysis results are presented in Figs. 14 and 15, and the reconstruction MSE for various methods are shown in Fig. 16.
Suffering from the vanishing gradient problem, the bi-directional LSTM is unable to reach memories of long distances, it means that the
LSTM is hindered in learning features of a long series data. Therefore, the LSTM fails in predicting the noise level both in the near and
far field. The L., and L, values given by LSTM are coarse and not acceptable. The other two RNN-based methods, ESN and ESDN,
possess enhanced performance compared to the LSTM. The predicted noise results by the ESN and the ESDN have lower amplitude than
the true values in the 1/3 octave band, and the prediction error increases with the frequency. Still and all, one can observe that these
two methods manage to seize the overall trend of the target signal in the 1/3 octave band. Recall that the ESN is only equipped with a
straightforward linear regression readout layer (Eq. (4)), the frequency features extraction ability should be owing to the high
dimensional reservoir. Concluded from the results of all conditions, the performance of the ESN and the ESDN is indistinctive, meaning
the replacement of the linear regression readout layer to the MLP is unnecessary. This fact is another proof for the effectiveness of the
reservoir.

The Transformer structure can predict relatively accurate values of L.; and Lio, meaning this method can be adopted for a rough
analysis of the trackside noise amplitude. However, look into the results in the 1/3 octave band, one can find the recognition on the
frequency features of the near field noise is a hurdle to the Transformer. Even for the far field noise recognition, the Transformer
mistakenly raises the amplitude in the frequency range higher than 2000 Hz.

The proposed Echoformer merges the advantages of two methods, i.e., the frequency feature extraction ability of the reservoir, and
the power of the Transformer to recognize the noise level. From the results, it is clear that the Echoformer delivers the trackside noise
reconstruction with the highest quality, both in terms of frequency and amplitude. The specific prediction results on L., and Ly, are
listed in Tables 2 and 3.

Table 1

Hyperparameters used in the Echoformer.
Parameters N, P(Wres) S(Wres) A
Value 1000 0.8 2 0.1

Note: p(Wyes) is the spectral radius of Wy.s, and the sparsity s(Wr.s) is the ratio between LO norm number and Nj.
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Fig. 11. Trackside noise reconstruction by the Echoformer at (a) near field and (b) far field.

4.2. Influence of missing input information

In the noise monitoring on railways, the integrity of signals corrected by sensors cannot always be promised. The provision of intact
information to the Echoformer can theoretically guarantee the accuracy of model predictions. However, the robustness of the
reconstruction should be examined when input information is partially missing. In this section, along with the original task, the signals
from some of the accelerometers will be removed. All methods should give predictions with incomplete input information.

In the original task, four accelerometers (A1, A2, A3 and A4) records acceleration in two directions (V and L). Five input training set
configurations will be compared in this section. The original task is marked as T1 with 8 input channels. Task T2 takes signals of
accelerometers on the web of both rail tracks (A1 and A3). In task T3, sensors on the bottom of both rail tracks are counted. T4 and T5
get the smallest training set, which only obtains information from one sensor. No task that contains two sensors from a single rail track
is investigated since the information on the rail web and the rail bottom is quite duplicated, see Fig. 7. Detailed information on different
tasks is given in Table 4.

To facilitate the visualization on the performance of all models, the testing dataset is cut into slices of 0.05 s, that is 500 time steps
for each slice counting the sampling rate of 10000 Hz. There will be a total of 55 slices on the testing dataset for both near and far fields,
as the length of the testing dataset is 2.75 s. For the predicted trackside noise by all five methods, the mean square error (MSE) of all
slices is calculated, and the distribution of the slices’ MSE can manifest the performance of different methods, as well as the influence of
various datasets. The mean value () of the distribution is actually the MSE of one method on the entire testing dataset, and the
standard deviation value (¢) shows the stability of the model reconstruction.

Fig. 17 presents the reconstruction results on the testing dataset. Apparently, the Echoformer has a superior performance across all
methods in terms of accuracy. Yet, for the more challenging target of reconstructing near field noise, the standard deviation of the
Echoformer is larger than the Transformer. The standard deviation of the ESN and the ESDN is also considerably large in the near field
case. It means the MSE of some prediction slices generated by these methods is abnormally high (or low). These results may imply the
imposition of the reservoir could sacrifice the stability of the reconstructed signal in time axis. However, it can also be seen that the
MSE of the LSTM is lower compared to the ESN and the ESDN. Considering the fact that the performance of the LSTM is actually worse
in this attempt, the MSE might not be the optimum index to evaluate the proposed methods. The reason is that MSE emphasizes
deviations in the time domain, whereas the frequency domain is more critical for evaluating noise signals as shown in Figs. 14 and 15.
Therefore, MSE can only be considered as a reference on the reconstruction performance.
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Fig. 13. A reconstructed section at the near field without wheels.

For the results on various tasks, no significant difference is presented by removing the information of sensors. The proposed method
is still qualified for robust reconstruction with input signals from one accelerometer. The reason for this phenomenon could be the
strong correlation between track vibration and railway rolling noise. Therefore, even one accelerometer can provide sufficient
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Table 2
SPL analysis with wheels by all methods (dB).
SPL True Echoformer Transformer ESN ESDN LSTM
Near field
Leg 111.6 108.7 106.5 107.5 106.5 92.28
Lio 116.0 113.1 110.8 111.8 110.9 96.11
Far field
Leg 93.32 91.64 91.76 84.87 81.82 72.13
Lio 97.72 95.92 96.07 89.12 86.09 76.35
Table 3
SPL analysis without wheels by all methods (dB).
SPL True Echoformer Transformer ESN ESDN LSTM
Near field
Leg 110.7 108.5 107.3 107.1 108.1 89.21
Lio 114.8 112.9 111.7 111.6 112.6 93.34
Far field
Leg 92.85 91.45 91.87 85.30 81.73 70.15
Lio 97.06 95.75 96.15 89.69 86.05 74.48
Table 4

Input dataset information.

Input dataset

Known sensors

Missing sensors

Input channels

T1
T2
T3
T4
TS

Al, A2, A3, A4
Al, A3

A2, A4

A2

A4

/

A2, Ad

Al, A3
Al, A3, A4
Al, A2, A3

NN DA BD

information to rebuild the trackside noise. The average values of all testing slices’ MSE by different methods are shown in Table 5.

4.3. Influence of noise-polluted input signal

Noise pollution in measurement data is inevitable in a monitoring project. In this section, the robustness of the Echoformer is
investigated under the conditions when the signal input is disturbed by random white noise. Incremental levels of white noise will be

added to the original training set of acceleration signals.

The white noise level is determined according to the energy of each input acceleration channel. The impact of white noise is studied
with four levels, namely, 10 %, 30 %, 50 % and 70 % of the input of a single’s energy. Fig. 18 (left) shows the original acceleration
signal of channel A1V added with various levels of white noise. In this section, the model prediction by the Echoformer on the testing
dataset is also cut into slices with the length of 500 time steps. Fig. 18 (right) presents the MSE of testing slices of the near field case
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Fig. 17. Reconstruction results by different methods at the near field (left) and far field (right) on dataset (a) T1, (b) T2, (c) T3, (d) T4, and (e) T5.

Table 5

Average MSE of all testing slices by different methods.
Dataset Echoformer Transformer ESN ESDN LSTM
Near field
D1 25.95 39.43 82.77 79.31 55.30
D2 36.79 38.12 82.55 79.32 55.21
D3 37.44 38.09 82.97 79.19 54.93
D4 36.40 38.55 83.22 79.32 57.15
D5 38.74 38.51 82.71 79.23 57.96
Far field
D1 0.123 0.277 0.941 0.869 0.850
D2 0.158 0.265 0.940 0.871 0.848
D3 0.150 0.270 0.931 0.861 0.818
D4 0.153 0.248 0.939 0.870 0.830
D5 0.162 0.256 0.915 0.858 0.833

along the time axis. It is evident that the influence of white noise is evenly distributed on the testing dataset, and the prediction error is
roughly increasing with the noise level.

Again, the distribution of the testing slices’ MSE is shown in Fig. 19. In general, the impact on the model prediction is not significant
for both cases at near and far fields. The possible reasons are two-fold: first, the energy of the white noise is spread on the frequency
range. Therefore, the disturbance on the specific frequency component is not high enough to influence the reservoir, which has already
elucidated its ability in frequency feature extraction. Second, the self-attention block embedded in the Echoformer is intended to
obtain the attention score, which is calculated through the SoftMax function. The essence of self-attention is the self-correlation within
a piece of signal, and the original correlation in the input data is hard to change by noise. This algorithm is naturally insensitive to the
noise, consequently, the Echoformer is endowed with the power to resist noise. In summary, the proposed method is robust in the
situation when the input signal is polluted by noise.
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Fig. 19. Reconstruction results by the Echoformer under different noise levels at the (a) near field, and the (b) far field.

4.4. Model validation on another noise monitoring project

The Echoformer has proved its ability for a precise and robust reconstruction on the trackside noise from the track vibration data on
a straight urban metro line. However, the previous work was done on a single metro railway, it will be plauded if the method has a
certain generalization ability, which means it can be somehow adopted in other scenarios.
Aiming to test the generalization ability, the dataset stemmed from another monitoring project is used to verify the established

surrogated mode. The project was conducted on the Wenzhou S1 metro line with similar conditions as the Shenzhen project: the
measuring section was located at a straight viaduct line too, and the operating train (urban metro train type D, consistent with the
general specifications of type A) also ran at the speed of 70 km/h.

In this project, only the far field microphone was set up for noise monitoring, which exactly fits the motivation of establishing the
proposed surrogate model. However, the sensor deployment is different from the setup in the Shenzhen project. Four accelerometers
were installed on the support and midspan of one rail track, and bottom sensor was attached to the rail flange, see Fig. 20(a). As a
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Fig. 21. Reconstruction results by the Echoformer in the (a) 1/3 octave band, and the predicted (b) L¢; and L1y values.

result, only one sensor can be used for the reconstruction of the trackside noise.

Fig. 21 shows the reconstruction results by the Echoformer in the Wenzhou project. It can be seen that the reconstruction is not
ideal in another monitoring project, especially in the high-frequency range. However, the predicted noise has good agreement at the
critical frequency range, i.e., from 400 Hz to 1000 Hz, with the true value. The prediction on the L., and Lo values can also roughly
reflect the characteristics of the trackside noise. The true values of the L.q and L1 are 87.43 dB and 91.80 dB, and the predicted values
are 88.68 dB and 92.91 dB, respectively. Considering the complexity of the generation of the rolling noise, this prediction results are
already satisfactory.

5. Conclusions and future works

In this work, a surrogate model that reconstructs trackside rolling noise based on the track vibration is established. This surrogate
model adopts the RNN-Transformer structure, which has pronounced its state-of-the-art performance in relative works. Comparisons
with various baseline methods reveal that the high-dimensional reservoir in the ESN is uniquely capable of recognizing the frequency
characteristics of trackside noise. Besides, the Transformer structure is also proved to possess the superior ability in capturing the
amplitude of the long series data, which is a challenge for RNN-based methods presented in this work. By combining the strengths of
both approaches, the proposed Echoformer embeds the reservoir as the echo states to the Transformer to formulate the RNN-
Transformer framework. In the reconstruction task, the echo state embedding first project the input signal, i.e., acceleration recor-
ded on the rail track, to a sparse and high-dimensional latent space. This inputted features then go through the self-attention blocks to
further establish the mapping between the trackside noise and track vibrations.

The Echoformer is amenable in reconstructing the rolling noise, delivering high-quality and robust predictions on the testing
dataset, while also demonstrating strong generalization on the validation dataset. The key conclusions are summarized as follows:

(1) The proposed Echoformer outperforms the listed baseline methods, namely, the vanilla Transformer, the ESN and ESDN, and
the bi-directional LSTM. The MSE of the predicted trackside noise by the Echoformer is 25.95 for the near field noise, and 0.123
for the far field noise.

(2) The Echoformer demonstrates robust reconstruction capabilities despite incomplete or noise-polluted data. When the input
acceleration channels were reduced to a single sensor, the prediction MSE increased by 12.79 for the nearfield case and 0.039
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for the far field case. For the noise-polluted scenario, with a 70 % noise level, the MSE increased by 7.12 for the near field and
0.033 for the far field.

(3) The generalization ability was validated using data from a separate noise monitoring project. The proposed Echoformer per-
formed well in capturing noise levels within the critical frequency range of railway rolling noise. The errors in the predicted L,
and Lo values are 1.25 dB and 1.11 dB.

In general, this work is an elementary attempt that proved the feasibility of reconstructing trackside noise through the track vi-
bration. The developed surrogate model achieves high-quality predictions on the same urban metro line. However, its performance on
other lines is less ideal. This is likely due to the fact that the generation of rolling noise is influenced by a wide range of factors. Even on
the same line, rolling noise can vary over time as rail corrugation worsens due to wheel-rail contact. A more comprehensive surrogate
model, capable of generalizing across different metro lines, could be developed by considering all relevant factors. At present, the
established model is only suggested to be used on the original rail line which produces the training dataset, as it fulfills the two
motivations of this work: compensate the monitoring data loss and facilitate the development of track vibration control devices.
Furthermore, regarding the distinct mechanism of squeal noise on curve tracks, Echoformer requires further development to handle
both straight and curved tracks simultaneously.

Regarding the modeling method, one notable drawback of Echoformer is its high memory consumption, as the reservoir signifi-
cantly expands the dimensionality of the feature space. With the current training set, it requires nearly 30 GB of GPU memory.
However, since the reservoir functions as a sparse feature extractor, a substantial portion of the feature space consists of zero values.
Therefore, developing a more efficient representation of the reservoir is a highly desirable direction for future work.
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