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Abstract: The uneven distribution of the temperature field in the track structure, caused by various meteorological factors such
as extremely low temperatures and snowfall, leads to significant temperature loads and is the primary cause of damage to China
Railway Track System (CRTS) III ballastless tracks in cold regions during service. In this study, to predict the temperature of
the track structure accurately, we analyzed meteorological data collected from Shenyang, China, and identified the factors that
had the most effect on the track temperature field. We propose a temporal convolutional network (TCN)-based temperature field
prediction model for ballastless tracks (TCN-Track model), which enhances the ability to extract and fuse local and global features
from complex long-term meteorological data. The results indicate that the proposed TCN-Track model performs well in predicting
track temperature fields from meteorological data, with a mean absolute error (MAE) ranging from 0.26 to 0.39, a root mean
square error (RMSE) ranging from 0.32 to 0.50, and correlation coefficient (R) values ranging from 0.888 to 0.985. Compared
with a long short-term memory (LSTM) model, the MAE of the TCN-Track model is reduced by 89.17% and the RMSE by
88.51%. This method offers a new solution for accurately predicting the temperature field of ballastless tracks in cold regions,
aiding in predicting and preventing track damage caused by low temperatures.

Key words: Cold regions; CRTS III ballastless tracks; Temperature prediction; Meteorological variables; Time prediction model

1 Introduction (CRTS) III ballastless tracks are used extensively in

high-speed railways in cold regions, supporting speeds

China’s climate is complex and diverse, with cold
regions covering nearly 50% of the country’s land area
(Ren et al., 2021). Typical cold regions include North-
east China, Qinghai-Xizang Plateau, Xinjiang Uyghur
Autonomous Region, etc. Currently, the total operat-
ing mileage of ballastless tracks in these cold regions
exceeds 8000 km, encompassing high-speed railway
lines such as the Harbin-Dalian, Harbin-Qiqihar, and
Shenyang-Dandong lines (Ren et al., 2022, 2024b). De-
veloped by integrating the advantages of other ballast-
less track structures, the China Railway Track System
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of 350 km/h or more (Yu et al., 2019; Wang et al., 2022;
Zhao and Che, 2022; Du et al., 2023). The track struc-
ture comprises steel rails, fasteners, a prefabricated track
slab, self-compacting concrete layers, a geotextile iso-
lating layer, and a base plate (Fig. 1). During its service
life, the CRTS III ballastless tracks in cold regions face
prolonged exposure to cold environments, resulting in
issues such as cracking due to concrete shrinkage stress
concentration, changes in the geometric state of the bal-
lastless track structure, interlayer displacement and sep-
aration caused by upward mapping, and track surface
deformation (Sun et al., 2023; Xie et al., 2023; Chen
et al., 2024). The main cause of these issues is the
uneven temperature distribution within the track struc-
ture due to meteorological factors, such as extremely
low temperature and snowfall, leading to significant
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Fig. 1 CRTS III ballastless track structure

temperature loads. Conventional methods for monitor-
ing the temperature-field status of track structures are
costly and insufficient for providing low-temperature
warnings. Therefore, it is essential to conduct temper-
ature prediction research on CRTS III ballastless tracks
in cold regions, based on meteorological factors, to
ensure their durability and reliability in severely cold
environments.

Scholars, both domestically and internationally,
have conducted studies on temperature field predic-
tions for concrete structures. Results have shown that
the temperature of concrete structures is influenced
by environmental conditions and material properties
(Berwanger and Symko, 1976; Mirambell and Aguado,
1990; Chong et al., 2009; Wang, 2010). Analytical so-
lutions derived through mathematical methods, such as
the Laplace transform and separation of variables, can
quickly predict the short-term temperature distribution
of concrete structures. Based on this research, Wang
et al. (2023) used Bayesian hypothesis testing to es-
tablish a temperature prediction model for track struc-
tures. Ou and Li (2014) and Ou et al. (2015) derived
an analytical solution for the temperature field of bal-
lastless track structures based on solid heat transfer
principles and verified its accuracy with measured data.
Using only a single meteorological factor can result in
unstable prediction accuracy. To improve accuracy,
Yang et al. (2015) studied the surface temperature of
a CRTS I twin-block ballastless track in Chengdu,
China through an on-site physical model test and pro-
posed an empirical formula for the maximum surface
temperature of the track bed slab in winter. However,
because this method considers only two meteorologi-
cal factors, there is still room for improvement. To
address this, Liu et al. (2020) examined the effects of
meteorological factors such as temperature, solar radi-
ation, and wind speed on the temperature distribution of
an asphalt support layer (ASL) using on-site data and
numerical simulation, revealing the characteristics of the
temperature distribution within the ASL. Jin (2020)
furthered this research by establishing a temperature

field prediction model suitable for both sunny and
cloudy weather, demonstrating that comprehensive con-
sideration of multiple meteorological factors can more
accurately predict ballastless track temperature. Simi-
larly, Hong et al. (2019) included the sun’s position in
the energy balance equation to predict the ballastless
track temperature, underscoring the importance of con-
sidering multiple meteorological factors. Most tem-
perature prediction models for track structures use em-
pirical formulas and statistical analyses. While they can
roughly predict temperature field trends in different re-
gions, these methods have significant limitations in ad-
dressing the complex nonlinear relationship between
meteorological data and track temperature, involving
numerous thermodynamic parameters, simplifications,
and assumptions. In complex environments and ex-
treme weather conditions, prediction errors can be large.
Machine learning models can automatically cap-
ture and learn complex nonlinear relationships with-
out explicit mathematical expressions, effectively iden-
tifying complex patterns and potential factors influ-
encing temperature changes (Ye et al., 2024). This ca-
pability makes machine learning highly effective for tem-
perature prediction. Hong et al. (2021) and Kanjanun
et al. (2021) used meteorological parameters such as
temperature, wind speed, and solar radiation as input
features for machine learning models to predict bal-
lastless track temperatures, significantly improving pre-
diction accuracy through powerful pattern recognition.
Zhou et al. (2024) analyzed the impact of different
meteorological factors on temperature prediction for
CRTS 1I ballastless tracks using artificial neural net-
work (ANN), convolutional neural network (CNN),
and long short-term memory (LSTM) models, com-
paring their predictive performance under various con-
ditions. Liu HM et al. (2018) and Ngamkhanong and
Kaewunruen (2022) studied the temperature field in-
side a slab track using back propagation (BP) neural
network and ANN models, and established tempera-
ture prediction models for track structures. These
studies underscore the enormous potential of machine
learning to predict ballastless track temperatures.
Although there have been advances in predicting
the temperature field of track structures, there are still
limitations in cold regions: (1) Many models consider
the impact of only current meteorological data on the
temperature field of track structures, ignoring the cu-
mulative effect of past meteorological data, such as
temperature, solar radiation, and snowfall. (2) Current



mainstream temperature prediction models, such as BP
and ANN, predict temperature only at a specific mo-
ment and do not meet engineering requirements. (3)
The ballastless tracks are a multi-layered structural sys-
tem, and predicting the temperature of the track sur-
face alone cannot grasp the overall mechanical behav-
ior. To address these deficiencies, in this study, we
aimed to understand the temperature state of the multi-
layered structure of ballastless tracks in cold regions
and implement early warnings for the ballastless track
structure’s temperature field, ensuring the safe opera-
tion of high-speed railways. We introduce a tempera-
ture prediction method for ballastless tracks in cold re-
gions, using a temporal convolutional network (TCN)-
based temperature field prediction model for ballast-
less tracks (TCN-Track model). TCN-Track model fully
accounts for the cumulative effect of meteorological
data, with its robust capability to extract and integrate
both local and global features of such data. By train-
ing and testing the TCN-Track model with data col-
lected from Shenyang, China, we have achieved accu-
rate predictions of the future temperature states of the
multi-layered ballastless track structure. This advance
offers a reliable method for early warning systems con-
cerning temperature stress in ballastless track struc-
tures, thereby enhancing the safety and operational eff-
iciency of high-speed railways in cold regions.

2 Meteorological and track temperature data
collection

During the service life of ballastless tracks, they
undergo constant alternating changes in external mete-
orological factors (Ren et al., 2024a). Factors, such as
temperature, solar radiation, and snowfall, induce tem-
perature changes in the track structure through vari-
ous heat transfer methods (Anjali et al., 2019; Arasu
et al., 2022; Shrivastava et al., 2023). A long-term
monitoring test plan is required to identify the key me-
teorological factors for predicting the temperature field
of the track structure.

2.1 Test plan for monitoring the temperature field
of a ballastless track

To facilitate long-term monitoring of tempera-
ture and associated meteorological parameters at key
track structure locations in cold regions, it is crucial

J Zhejiang Univ-Sci A 2026 27(1):43-57 | 45

to select a test site that embodies a typical cold cli-
mate. According to the Chinese design code for heat-
ing, ventilation and air conditioning of civil buildings
(MOHURD, 2012), regions with a coldest-month av-
erage temperature of <—10 °C are classified as “severe
cold zones”. After a comprehensive review of histori-
cal weather data and on-site investigations, Shenyang
was identified as an ideal location. In Shenyang, the
average temperature during the coldest month ranges
from -20 to —10 °C, with annual minimum tempera-
tures dropping to between —35 and —-20 °C. This com-
bination of factors confirmed that Shenyang is highly
representative of the severe cold conditions needed for
this study.

To avoid boundary effects on the scaled model, a
1:1 full-scale model of the CRTS III ballastless tracks
was constructed at the test site (Fig. 2). As a unit struc-
ture, the CRTS III ballastless tracks are significantly
influenced by temperature gradients, particularly by
vertical temperature variations (Liu et al., 2023; Zhou
et al., 2023). To ensure that temperature measurements
were representative, appropriate testing locations needed
to be selected. Consequently, five measuring points were
established along the vertical direction at the center of
the track structure (Z,, Z,, Z,, Z,, and Z,). Temperature
sensors included both probe and surface-mounted types,
and data were collected using a 48-channel integrated
automated W2000 low-power temperature acquisition
system. The probe type, a stable Pt1000 platinum therm-
istor temperature sensor, monitored temperatures with-
in the track structure within a range of —50 to 200 °C.
Surface-mounted temperature sensors monitored sur-
face temperatures within the same range, with a mea-
surement accuracy of 0.20 °C. Long-term meteorolog-
ical data, including temperature, solar radiation, and
wind speed, were collected using a Davis 6162C auto-
mated weather station. The collected meteorological
data and track temperature field data provided a ro-
bust foundation for subsequent track temperature field
prediction models.

2.2 Analysis of temperature field monitoring data
for the ballastless track

The monitoring period extended from November
13,2022, to February 6, 2023, with data measured every
half hour, resulting in 20440 meteorological data
points and 20440 track structure temperature data points.
This method preserves the temperature variation pattern
while eliminating certain measurement errors (Xu et al.,
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2017). Periodic temperature changes directly affected
the track structure temperature. Fig. 3 shows the tem-
perature and track temperature data, revealing a con-
sistent overall trend. A strong correlation between tem-
perature and plate surface temperature is evident. Spa-
tially, as the depth increased, the influence of tempera-
ture on track structure temperature weakened, showing
nonlinear characteristics. Temporally, the occurrence of
the lowest track structure temperature lagged behind the
temperature, mainly because of the variable thermal
conductivity coefficients of each ballastless track layer

(b)

Automatic weather station

in cold regions. Typically, the track structure exhibits
external heat and internal heat during daytime warm-
ing, and external cold and internal heat during night-
time cooling. The maximum temperature difference be-
tween the surface temperature of the track plate and the
atmospheric temperature can reach 16.8 °C. The sur-
face temperature of the track is often higher than the
atmospheric temperature, which is attributable to the
track’s larger thermal capacity, which absorbs more
heat, and its high thermal inertia, resulting in a lower
cooling rate (Esper et al., 2024).
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Fig. 4 presents the results identifying the main
meteorological factors affecting the temperature of the
track structure. Solar radiation is the main source of
heat for buildings and their surroundings. In the moni-
toring area, the daytime solar radiation intensity was
about 300 W/m? and peaked at 413 W/m?. The daily
solar radiation reached its maximum around 12:00, with
less radiation in the morning and evening, concentrated
mainly between 8:00 and 16:00. A higher solar radia-
tion intensity results in more heat being absorbed by
the track structure, leading to higher temperatures, which
is consistent with the literature (Zhang et al., 2022; Lou
and Shi, 2023). Fig. 4a shows an average wind speed
of 0.5 m/s, with a maximum of 4 m/s. Wind speed de-
termines the convective heat transfer coefficient at the
boundary of the track structure, which affects the heat
transfer rate. However, the low wind speeds during the
monitoring stage mainly affected the track plate sur-
face. High rainfall typically causes erosion and dam-
age to structures. However, during this monitoring peri-
od of low rainfall, its impact on the track structure tem-
perature was the main concern. The maximum rainfall
recorded was 2.2 mm, which caused rapid temperature
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changes in the track structure on rainy days. The max-
imum snowfall during this period was 0.6 mm. Snow
coverage acts as insulation, reducing the heat exchange
between the track structure and the environment. The
high reflectivity of the snow’s white surface further
decreased the solar radiation heat received by the track
structure.

3 Track temperature prediction model

In this section, we introduce a temperature pre-
diction method for ballastless tracks in cold regions
based on meteorological factors. This method is based
on time prediction models such as TCN and LSTM and
incorporates a multi-head attention mechanism, fully
utilizing the advantages of each model, such as TCN’s
parallel processing ability and long sequence depen-
dency capture ability, LSTM’s memory and ability to
handle nonlinear relationships, and the multi-head at-
tention mechanism’s global feature extraction ability,
aiming at improving the accuracy, robustness, and gen-
eralization ability of prediction. By combining the
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advantages of these models, it is possible to predict the
temperature changes in ballastless tracks more effec-
tively in cold regions.

3.1 Network structure

Considering the accuracy and computational cost
of temperature prediction, time-series models such as
TCN and LSTM were optimized, leading to the devel-
opment of the TCN-Track model for predicting track
temperature. The overall network structure is illustrated
in Fig. 5. The ballastless tracks are directly exposed to
the atmospheric environment, where heat transfer oc-
curs through three main mechanisms—conduction, ra-
diation, and convection—as governed by the basic prin-
ciples of heat transfer. Meteorological factors, includ-
ing temperature, solar radiation, wind speed, rainfall, and
snowfall, fundamentally influence the track’s thermal
behavior: temperature reflects the current thermal state;
solar radiation is the main heat source warming the
track; wind speed modulates convective heat exchange
between the track and its surroundings; rainfall alters
surface moisture and the effective thermal conductivity;

snowfall, due to its distinct thermal properties, forms
an insulating layer that absorbs heat during melting.
Inconsistent data ranges and proportions between
different feature values may lead to issues such as
reduced training speed and decreased model perfor-
mance. Therefore, it is necessary first to normalize
the input meteorological data to accelerate model con-
vergence. Subsequently, the data are fed into a TCN
module consisting of multiple layers, where each layer
contains the dilated causal convolution, rectified lin-
ear unit (ReLU) activation function, weight normali-
zation, and dropout mechanism to ensure stable prop-
agation of information flow while capturing features
at different time scales. After each layer of TCN out-
put, the feature transformation layer (CWR) adjusts the
number of channels through 1x1 convolution to match
the input requirements of the LSTM encoding module.
LSTM models long-term dependencies through memory
units and gating mechanisms, while the gated recurrent
unit (GRU) uses reset and update gates to improve
computational efficiency. The two work in parallel to
enhance the expressive power of temporal patterns.
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However, because LSTM and GRU rely mainly on se-
quence information, it is difficult to comprehensively
model global dependencies. Therefore, a multi-head
attention mechanism is introduced after their output,
which calculates the correlation between different time
steps in parallel through multiple attention heads, en-
abling the model to focus dynamically on key time steps
and enhance feature expression through weighting and
enhancement. Finally, the attention outputs of each
layer are mapped to the target dimension through fully
connected layers, completing the final prediction task.

3.2 Temporal convolutional network

TCN is a variant of CNN (Bai et al., 2018; Hewage
et al., 2020) that uses causal convolution, dilated con-
volution, and unbiased padding specifically for pro-
cessing temporal data. The TCN structure is illustra-
ted in Fig. 6. In TCN, causal convolution is used to en-
sure that the output at time step ¢ is computed based
solely on data from time step ¢ and earlier, thereby
preventing any influence from data at time step #+1 or
later. This approach is grounded in the fundamental
principles of CNN. The core concept of CNN is to apply
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convolutional kernels in a sliding-window fashion over
the input data, whereby local regions are weighted and
summed to extract salient features. Mathematically, this
convolution operation is represented in Eq. (1):

Yi= zki'xt—ia (1)

where y, denotes output at time step ¢z, k, denotes the
ith convolutional kernel, n denotes the convolution
kernel size, and x, denotes the input sequence at time
step ¢. Each output y, is obtained by weighting and
summing the inputs from the current time step and the
preceding 7—1 time steps. The weight-sharing mecha-
nism inherent in CNN significantly reduces the num-
ber of parameters and imparts translational invari-
ance, enabling the network to recognize similar local
patterns regardless of their position within the input
sequence. Additionally, CNN uses a local receptive
field design, which confines the focus to small seg-
ments of the input data, thereby effectively capturing
local correlations. As these local features are propa-
gated through multiple convolutional layers, they are
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Fig. 6 Structure of the TCN model



50 | JZhejiang Univ-Sci A 2026 27(1):43-57

gradually integrated into higher-level abstract repre-
sentations. This hierarchical feature extraction not only
enhances the model’s ability to represent complex
patterns but also facilitates parallel computation, there-
by greatly improving computational efficiency.

Zero-padding was used to fill the ends of the data,
preventing discrepancies in input and output sizes
caused by the coverage range of the convolution ker-
nel. This method ensures temporal alignment and pre-
serves edge information. The number of zeros filled in
each layer was calculated using Eq. (2).

P=(n-1)-d, (2

where P denotes the number of zeros filled in, and d
denotes the expansion rate. Mainstream gated recur-
rent neural networks often require computing data at
time step 7—1 and before calculating data at time step
t, leading to inefficiency. Although traditional CNNs
can perform efficient parallel computing, they focus
mainly on local data features, making it challenging to
extract key features from longer time-series data. Dila-
tion convolution addresses these issues by setting the
dilation rate to skip specific step sizes during convolu-
tion operations while maintaining the convolution ker-
nel size. This approach expands the receptive field of
the TCN without increasing the number of parame-
ters, as shown in Eq. (3).

n—1
V= Dk X g A3)
i=0

Capturing dependencies in longer time-series typi-
cally requires larger convolutional kernels and more
layers to expand the receptive field, which can in-
crease the risk of overfitting and degrade model per-
formance. To counter this, the TCN network incorpo-
rates a residual module to prevent gradient vanishing
and uses dropout regularization to reduce the risk of
overfitting.

3.3 Gated recurrent neural networks

The LSTM is a variant of the recurrent neural net-
work (RNN) that incorporates a forget gate, input gate,
and output gate to enhance its functionality (Liu J et al.,
2018; Ghimire et al., 2023). LSTM retains the RNN’s
capability to process temporal data while better captur-
ing long-term dependencies, avoiding issues of gradient

explosion or vanishing. The calculation formula is
shown in Eq. (4).

fi=a Wy [h,_, X1+b),
i=c(W,-[h,_,. X,1+b,),
C=tanh(W,- [h, ,, X,] +b.),
C=f-C._,+i-C,
O,=0(Wy-[h,_,, X,1+b,),

h,=0,-tanh (C,),

“)

where f denotes the forgetting memory factor, rang-
ing from 0 to 1, i, denotes the input memory factor at
time step ¢, ranging from 0 to 1, C, denotes candidate
memory cells at time step ¢, C, denotes memory cells
at time step ¢, O, denotes the output memory factor at
time step ¢, ranging from 0 to 1, W, W, W, and W,
denote the weights, b, b,, b, and b, denote the bias
terms, X, denotes the input at time step ¢, 4, denotes
the output at time step ¢, and ¢ denotes the sigmoid
function.

As shown in Fig. 7 and Eq. (4), LSTM’s infor-
mation flow is controlled mainly by three memory
factors: the forgetting memory factor f, the input mem-
ory factor i, and the output memory factor O, These
factors were generated by applying a sigmoid func-
tion to X, and /_,, differing only in their weight param-
eters. Specifically, f, determines which information
from the previous time step will be retained, i, deter-
mines whether candidate memory cells generated
through tanh operations will update the historical in-
formation, and O, dictates which information will be
output. The values of these memory factors range from
0 to 1, with 0 indicating complete abandonment and 1
indicating full retention.

GRU is a variant of RNN, with a network struc-
ture as shown in Fig. 8. Similar to LSTM, GRU uses
a gating mechanism to control information flow, but it
has fewer parameters, a simpler structure, and higher
computational efficiency. GRU’s gates are the reset
gate and the update gate. The forget gate and input gate
in LSTM are combined into an update gate, and GRU
lacks independent memory cells. The calculation for-
mula is shown in Eq. (5). Based on Fig. 8 and Eq. (5),
the reset gate determines which input information com-
bines with the previous output, while the update gate
controls the input information.
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where Z, denotes the update gate weight coefficient at
time step ¢, R, denotes the reset gate weight coefficient
at time step ¢, h, denotes the candidate state at time step
t, W,, Wy, and W, denote the weights, and b,, b,, and
b, denote the bias terms.

3.4 Multi-head attention

The attention mechanism assigns different weights
to the input sequence, allowing the model to focus on

significant parts while reducing the effect of less im-
portant parts, greatly enhancing the model’s global fea-
ture extraction ability. The multi-head attention mecha-
nism comprises multiple independent self-attention
mechanisms, which better capture potential relation-
ships between features from various perspectives. Its
network structure is depicted in Fig. 9.

The input matrix is first transformed linearly to
produce three matrices: queries (@), keys (K), and
values (V). These matrices capture different aspects of
the input features by projecting them into distinct sub-
spaces. To enable the model to attend to various as-
pects of the input from different representation sub-
spaces, O, K, and V are then split along their last di-
mensions into /4 smaller matrices, yielding 4 separate
sets of (@, K, V) for i=1, 2, ---, h. For each head, the
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Fig. 9 Structure of the multi-head attention model

self-attention mechanism computes an attention score
matrix using the scaled dot-product operation (Eq. (6)).
After processing through each head independently, the
outputs of all /& heads are concatenated along the fea-
ture dimension. This concatenated matrix is then passed
through a final linear transformation, which integrates
the diverse information captured by the different heads
into a unified representation.

T
D,=Attention(Q,,K,,V,) =softmaX(Q;K /Lh V,, (6)

k

where @, denotes the Ath query matrix, K, denotes the
hth key matrix, V), denotes the Ath value matrix, d, de-
notes the dimension of the key matrix, and D, denotes
the output of the Ath head.

4 Prediction results and analysis of the
temperature field of the ballastless tracks

In this section, we introduce the evaluation met-
rics for the track temperature prediction model, the
model parameter settings, and a comparison of the
model prediction results.

4.1 Evaluation metrics

We evaluated the model’s performance using three
metrics: root mean square error (RMSE), mean abso-
lute error (MAE), and correlation coefficient (R). The
RMSE, which is sensitive to larger errors, reflects the
model’s prediction accuracy in extreme weather con-
ditions in cold regions but is easily affected by outli-
ers. The calculation formula is shown in Eq. (7). The
MAE treats each error equally, providing a simple and

intuitive measure. The calculation formula is shown in
Eq. (8). R evaluates the linear correlation between pre-
dicted and true values. The calculation formula is shown
in Eq. (9). These metrics comprehensively reflect the
performance of the track temperature field prediction
model.

1< -
FOYCR AN ™
i=1
1< N
EMA=gz|yi—yi|a 3
i1

PYEEIIE

/_ﬁ(yi—y)zﬁ(ﬁi—y*f

R=

)

where E,, denotes the RMSE, E,,, denotes the MAE,
v, denotes the ith predicted value, p, denotes the ith true
value, n denotes the total number of samples, y denotes
the mean of predicted values, and y denotes the mean
of the true values.

4.2 Model parameters

The TCN-Track model code, developed using the
PyTorch deep learning framework and Python, runs on
an 15-12490F CPU, NVIDIA GeForce RTX 4060 Ti
GPU, and Windows 10 operating system. The input
feature matrix size is 64x192x5, where 64 represents
the batch size, 192 is the time window size, and 5 is
the number of features. This setup predicts the track
temperature for a particular day based on meteorologi-
cal data from the previous four days. The initial learn-
ing rate is set to 0.001, and the optimizer used is Ad-
amW, an Adam optimization algorithm variant that
achieves regularization effects without additional weight



decay parameters. The main activation functions are
ReLU and tanh. Relevant literature (Lea et al., 2017;
Bai et al., 2018) indicates that TCN shows minimal
performance improvement with increasing layers and
carries a risk of overfitting. Thus, to balance prediction
accuracy and computational time, TCN was set to
three layers. Dividing the dataset into training and val-
idation sets effectively prevents overfitting and ensures
model robustness. In this study, 80% of the data were
used for training and the remaining 20% for validation.

Selecting the appropriate loss function is crucial
for improving model performance. Common loss func-
tions for temperature prediction include the mean
squared error (MSE), MAE, mean absolute percent-
age error (MAPE), and Huber loss (Sadhukhan et al.,
2022; Yang et al., 2022). MSE is sensitive to outliers,
while MAE is robust and less affected by large errors.
MAPE’s high sensitivity to values close to zero makes
it unsuitable for temperature prediction of ballastless
tracks in cold regions. Huber loss combines the ad-
vantages of MSE and MAE, using MAE to accelerate
loss reduction when errors are large and MSE to main-
tain sensitivity when errors are small. Thus, we selected
Huber loss (L) as the loss function, with the calculation
formula shown in Eq. (10), where ¢ is the hyperpa-
rameter set manually.

1 . .
) E(y—y)z, ly-yl <o,
L(y,y)= (10)

oly-pl- %52, otherwise.

4.3 Prediction results

To investigate the impact of different numbers of
training epochs on the performance of track tempera-
ture field prediction models, the numbers of training ep-
ochs were set to 100, 150, 200, 250, and 300. The opti-
mal results are highlighted in bold in Table 1. The
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results show that measuring points Z,, Z,, and Z,
achieved the best prediction outcomes at 250 training
epochs, while points Z, and Z, reached optimal results at
200 and 150 training epochs, respectively. Further in-
creases in the number of epochs lead to minimal changes
or even deterioration in prediction results, indicating a
risk of overfitting.

As the depth of the track structure increases, tem-
perature changes become more pronounced, enabling
the model to capture these variations more accurately.
Consequently, deeper track structures yield more pre-
cise temperature predictions and require fewer epochs.
At 250 epochs, the prediction results for measuring
points Z, and Z, deteriorate slightly but remain within
an acceptable range. Therefore, in this study, we set
the number of epochs to 250 for the subsequent tests.

The size of the convolutional kernel directly af-
fects the model’s receptive field, feature capture ability,
and computational efficiency. A kernel that is too small
may cause the model to overly focus on local features,
hindering its ability to capture global information. Con-
versely, a kernel that is too large can significantly in-
crease the parameter count and the risk of overfitting.
Therefore, determining the optimal convolution kernel
size is crucial. As shown in Table 2, the overall per-
formance is optimal when the convolution kernel size
is 9, and further increasing the kernel size decreases
the model’s performance. The test data encompassed
five days from January 29, 2023, to February 2, 2023.
Fig. 10 displays the prediction results for measurement
points Z,, Z,, Z,, Z,, and Z,, showing good overall pre-
diction accuracy for the track structure temperature.
For subsequent model comparisons, the number of ep-
ochs was set to 250, and the kernel size to 9.

To demonstrate the superiority of the TCN-Track
model, it was compared with six other time prediction
models and evaluated comprehensively using RMSE,
MAE, and R as indicators. The results are shown in

Table 1 Prediction results of different numbers of training epochs

Number Z, Z, Z, Z, Z,

ofepochs RMSE MAE R RMSE MAE R RMSE MAE R RMSE MAE R RMSE MAE R
100 6.13 569 0.795 532 525 0.807 3.89 327 0811 0.69 0.56 0.872 036 036 0.829
150 2.73 208 0.836 089 0.80 0939 1.18 093 0.898 0.62 049 0.881 0.32 0.32 0.839
200 0.84 0.69 0944 0.69 0.64 0944 062 049 0923 051 0.39 0.888 039 036 0.834
250 0.77 0.62 0980 0.64 0.53 0.961 0.62 0.49 0934 0.51 042 0.884 043 036 0.830
300 081 0.62 0974 0.64 0.58 0942 0.79 0.60 0900 0.66 0.53 0.875 0.86 0.80 0.807

The units of RMSE and MAE are both °C
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Table 2 Prediction results of different convolutional kernel sizes

Kernel Z, Z, Z, Z, Z,
size MAE RMSE R MAE RMSE R MAE RMSE R MAE RMSE R MAE RMSE R
3 062 0.77 0965 053 064 0961 049 062 0934 042 051 0884 036 043 0.830
6 049 0.61 0978 045 055 0968 046 056 0910 038 047 0918 030 034 0.837
9 039 050 0985 038 047 0974 037 045 0931 034 042 0.895 0.26 0.32 0.888
12 048 059 0984 048 058 0981 039 047 0926 039 048 0.839 025 031 0.861
15 046 057 0984 045 053 0982 039 046 0955 039 048 0.878 030 036 0.850

The units of RMSE and MAE are both °C
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Table 3. For the GRU, LSTM, and GRU-LSTM models, = TCN-GRU models, the number of epochs was set to
the number of epochs was set to 400, and the convolu- 400 with a convolution kernel size of 9. The correla-
tion kernel size was 3. For the TCN, TCN-LSTM, and tion coefficient of the model in this study is only lower
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Table 3 Model comparison
Measurement point GRU TCN LST™M TCN-LSTM
MAE RMSE R MAE RMSE R MAE RMSE R MAE RMSE R
Z, 3.51 412 0770 249 320 0.782  3.60 435 0833 1.80 2,14 0922
Z, 2.46 292 0851 1.81 220 0.686 1.56 1.96 0.732 1.12 1.34 0914
Z, 1.48 1.74 0860 1.50 1.69 0872 1.29 1.56  0.821 0.90 1.00  0.962
Z, 1.08 132 0722 1.34 1.49  0.700 1.59 1.79 0710 0.35 045  0.826
Z, 1.00 1.08 0.767 131 1.35 0704 1.15 1.31  0.704 0.28 035 0.866
Measurement point TCN-GRU GRU-LSTM TCN-Track
MAE RMSE R MAE RMSE R MAE RMSE R
Z, 1.44 1.82 0938 2.29 291 0901 0.39 0.50 0.985
Z, 1.36 .71 0937 1.71 205 0911 0.38 047 0974
Z, 0.91 .10 0.904 1.32 1.53  0.908 0.37 045 0931
Z, 0.67 082 0882 1.49 1.64 0.832 0.34 042 0895
Z, 0.58 0.65 0821 0.73 081 0.798 0.26 032 0.888

The units of RMSE and MAE are both °C

than that of the TCN-LSTM model at measurement
point Z,, but it still reaches 0.931. The indicators for
other measurement points are significantly better than
those of other models. Compared to other models,
the TCN-Track model showed a decrease in MAE
of 3.61%-89.17%, a decrease in RMSE of 6.67%—
88.51%, and an increase in R of 1.45%—-29.57%.

5 Conclusions

In this article, we present an in-depth investiga-
tion into the prediction of track structure temperature
fields. We introduce a method for predicting temper-
ature fields for CRTS III ballastless tracks in cold
regions, based on on-site measurement data from
Shenyang. We offer innovative ideas and techniques
for predicting the temperature of ballastless tracks on
high-speed railways in cold regions. The specific con-
tributions are as follows:

(1) The on-site measured data from Shenyang were
systematically analyzed across time and space dimen-
sions, exploring the effects of temperature, solar radia-
tion, wind speed, rainfall, and snowfall on the track
temperature field.

(2) The TCN-Track model incorporates the cu-
mulative effects of meteorological factors and improves
feature extraction by merging TCN, LSTM, and GRU
models with a multi-head attention mechanism, achiev-
ing precise temperature predictions for multi-layer track

structures. The model predicts the daily temperature
for each layer of the ballastless track structure with an
MAE between 0.26 and 0.39, an RMSE between 0.32
and 0.50, and an R between 0.888 and 0.985.

(3) Compared to models like TCN, LSTM, and
GRU for predicting track temperature fields, the TCN-
Track model reduced the MAE by 3.61%—89.17%,
reduced the RMSE by 6.67%—88.51%, and increased
the R by 1.45%-29.57%.
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