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1. Introduction

In the past decades, the longitudinal ballastless track in
high-speed railway were constructed in more and more 
distinguished railways over all the world, due to their high 
stability, durability, and low maintenance (Ren et al. 2021). 
Most of the longitudinal slab tracks are built on the viaduct 
to ensure the standard maximum grade of the line, and the 
simply-support concrete box girder with a span of 32 m is 
the primary bridge structure at current, for example, there 
are 87.7% (about 175.4 km) of the bridge foundation in the 
famous Beijing-Tianjin Inter-city Railway (Su et al. 2019). 
The Beam End, Mid-Span, and Wide-Narrow Joint are 
important locations in the ballastless track-bridge structure 
since they are the key force-transfer parts when the loads 
act on the track structure (Zhao et al. 2021). In order to 
improve the long-term operational safety, the structural 
damage of longitudinal slab track-bridge structure should be 
accurately evaluated, especially for the Beam End, Mid-
Span, and Wide-Narrow Joint. 

The temperature gradient in the longitudinal slab track is 
an important characteristic impact on the ballastless track-
bridge structure, which could lead to huge thermal stress 
accumulation inside the track slab (Guo et al. 2022, Zhou et 
al. 2023a, 2021). The temperature field is mainly governed 
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by meteorological factors with respect to Ambient 
Temperature (AT), Solar Radiation (SR), Wind Speed (WS), 
Relative Humidity (RH) (Cai et al. 2019, Lu and Wang 
2023). In order to reveal the heat transfer mechanism of the 
slab track under various meteorological factors, Yang et al. 
(2017), and Zhou et al. (2023a) established the transient 
analysis of heat transfer models of the longitudinal slab 
track and found that the stronger solar radiation and the 
higher ambient temperature are the main factors causing the 
internal higher temperature of the track, especially when the 
thermal contrast of the ambient temperature is higher than 
0.5°C. In addition, Zhou et al. (2022b) studied the thermal 
effect of CRTS Ⅱ slab track under various environmental 
temperatures conditions using the huge environmental 
testing chamber and found the heat transfer principles of 
multi-layer concrete structures under different 
environmental temperatures conditions (Zhou et al. 2022b, 
2023b). However, these meteorological factors are highly 
dependent on the site-specific conditions and cannot be 
easily generalized, which leads to an obvious temperature 
gradient in the longitudinal slab track not easily predicted 
by the heat conduction equations (Zhang et al. 2022, Zumin 
and Fujian 2014). Based on the monitoring field data, many 
scholars studied the internal temperature characteristics of 
the longitudinal slab track and the relationship between 
track slab surface temperature and ambient temperature by 
using various statistical methods, for example, the nonlinear 
regression method (Lou et al. 2018, Yu et al. 2020), a 
quartic polynomial and exponential distribution model (Xu 
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et al. 2022, Liu et al. 2023), Fourier series function (Dai 
and Su 2016, Dai et al. 2018). Their results reveal the 
nonlinear distribution of temperature gradient and the 
correlation relationship between the internal temperature 
and specific external factors by fitting equations. However, 
the correlation relationship among these meteorological 
factors become more complex due to global warming, 
which poses great challenges for traditional statistical 
methods to effectively predict the internal temperature field 
in track structures subjected to various meteorological 
factors (Dai et al. 2022, Xin et al. 2022). Therefore, it is of 
great importance to explore a high-efficiency data-driven 
method to accurately predict the temperature field in 
longitudinal track-bridge structures under various 
meteorological conditions. 

Based on the field monitoring data, some basic machine 
learning algorithms are used to predict the temperature field 
in longitudinal ballastless track structures in recent years. 
Guo et al. (2018) established the fore-warning model of 
track temperature gradient classification based on the 
support vector machine and calculated the warming 
threshold of themeteorological parameters. Xin et al. (2022) 
developed a hybrid convolutional neural network-support 
vector machine (CNN-SVM) approach to explore the 
relationship between the structural thermal characteristics 
and interfacial properties. The predicted accuracy in the 
0.65 m length mortar void conditions is higher than 
90%. Ma and Gao (2021) proposed a hybrid model 
integrating traditional and machine learning models, 
including the wavelet transform, convolutional neural 
network, and long-term memory. The proposed model 
perfectly captures the nonlinear characteristics based on 
three indicators of average Root Means Square Error 
(RMSE), Mean Absolute Error (MAE), and Pearson 
Correlation Coefficients (PCC). Furthermore, Shi et al. 
(2022) predict the vertical temperature gradient of the track 
slab with various machine-learning techniques due to solar 
radiation. It is found that the categorical boosting-based 
hybrid approach has the best prediction performance. 
Furthermore, compared with various machine learning 
methods, deep learning methods have a higher accuracy rate 
to predict the temperature field in the track-bridge structures 
(Shi et al. 2022, Wang et al. 2021, Zhang et al. 2020a). In 
addition, the Recurrent Neural Network (RNN), the 
Artificial Neural Network (ANN), and the Convolutional 
Neural Network (CNN) are the three basic types of deep 
learning methods in data-driven prediction based on a great 
deal of monitoring data. CNN and ANN are designed for 
exploring the spatial correlation and hidden features from 
tons of collected data. The Long Short-term Memory 
(LSTM) is typical of RNN, which is designed for mining 
the long-term temporal correlation in monitoring data. 
However, they predict the effect of the temperature field in 
track-bridge structure by using these popular different 
neural network methods subjected to various meteorological 
factors that should be further tested. 

Since the internal temperature field of a ballastless track 
could be affected by many factors, such as meteorological 
factors, geographical factors, material factors, etc. Only the 
effects of meteorological factors on internal temperature are 

investigated in this paper. This paper aims at evaluating the 
performance of three typical data-driven prediction 
approaches to internal temperature in ballastless track-
bridge structures under various meteorological conditions. 
Firstly, the field platform of an automatic small weather 
station and temperature sensors installed in a longitudinal 
ballastless slab track-bridge structure were introduced, and 
the temperature prediction models of three neural network 
methods are established. Secondly, the characteristics of 
four meteorological factors and internal temperature are 
analyzed, respectively. Finally, the prediction effects of 
internal temperature of three important locations under 
various meteorological conditions are compared by using 
three neural network methods. The present study could help 
improve the evaluation thermal performance of the 
ballastless track to guarantee line safety of China’s high-
speed railway in long-term operation. 

 
 

2. Methodology 
 
The temperature prediction approach in ballastless 

track-bridge structures under various meteorological 
conditions includes the following steps: (1) establishing a 
long-term field online measured platform to collect real-
time data on four meteorological and internal temperatures; 
(2) analyzing the characteristics of four meteorological 
factors (AT, SR, WS, RH) and internal ballastless 
temperature of track slab and base plate, as well as their 
correlation relationship; (3) enrolling the predictive models 
of three neural network methods, including the ANN, 
LSTM, and CNN; (4) validating three predict models 
through the special training and testing date, after the data 
collection and preprocessing; (5) comparing the predict 
effects of the internal temperature of three important 
locations (e.g., midspan, beam end, and wide-narrow joint) 

 
 

 
Fig. 1 Calculation flow of the temperature prediction 

approach 
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Table 1 Meteorological parameters of the automobile small weather station 
Meteorological parameters Measurement range Resolution ratio Accuracy 

Ambient temperature -50-100℃ 0.1℃ ±0.5℃ 
Wind speed 1-67 m/s 0.1 m/s +5% 

Wind direction 0-360° 1° +7° 
Relative humidity 1~100% 1% +3~4% 

Rainfall 0-7 mm/min 0.2 mm +4% 
Solar radiation 0-1800 W/m2 1 W/m2 +5% 

 

 
(a) 

  
(b) (c) 

 

  
(d) (E) 

Fig. 2 The detailed installation of the automobile weather station and internal temperature sensors. (a) the measured 
three locations of long-term meteorological and temperature field platforms. (b) the equipment of a weather 
station; (c) three temperature sensors installed at the Beam End; (d) three temperature sensors installed at the 
Mid Span; (e) three temperature sensors installed at WN Joint 

85



 
Hanlin Liu, Wenhao Yuan, Rui Zhou, Yanliang Du, Jingmang Xu and Rong Chen 

under five different meteorological conditions, as well as 
the predict effects of the internal temperature by using three 
neural network methods. The calculation flow of the 
temperature prediction approach is drawn in Fig. 1. 

 
2.1 Measurement experiment tests 
 
The experimental area of Shandong section was selected 

in the Beijing-Shanghai high-speed railway (BSHSR). The 
BSHSR is finished in 2011 and designed with a typical 
longitudinal slab ballastless track in China. Also, the long- 
term meteorological and temperature real-time monitoring 
device was set up near the line with a distance of 50 m. As 
described in Fig. 2(a), an automobile weather station of the 
Vantage Pro2 from DAVIS manufacturer (Fig. 2(b)) was 
utilized for real-time, remote, and continuous monitoring of 
the meteorological factors (AT, SR, WS, RH). The 
measurement indicators of the weather station are listed in 
Table 1. 

As three important sections of the ballastless track-
bridge structure with a 32 m span simply-supported box 
girder, a beam end section (Beam End), a mid-span section 
(Mid Span) section and a wide-narrow joint at mid-span 
(WN Joint) are selected to measure their internal 
temperature distribution. The distance between the WN 
Joint and the Mid Span is 36 m, and the distance between 
the Mid-span and the Beam End is 16 m. The ballastless 
track consists of multi-layer components in the vertical 
direction, in which two interfaces between the track slab 
and CA mortar, the CA mortar and base plate are two 
important parts of heat conduction. Thus, the bottom of the 
rack slab and base plate are selected as the measuring 
locations. As shown in Figs. 2(c)-(e), the thermistor 
thermometer sensors were embedded in the longitudinal 
slab tracks with 11 sensors in total, since another 
thermometer sensor was installed at the surface of the 
bridge to measure the surface temperature. It should be 
noted that No.7 is installed on the bridge nearby the slab to 
collect the ambient temperature and three temperature 
sensors was arranged at the bottom of the track slab, at the 
middle and bottom of the base plate for three locations, 
respectively. The wireless temperature data loggers of 
NT78-Li-C50 from Minden Electronics Technology 
manufacturer were used to record the real-time, remote, and 
continuous data from the field. Furthermore, the sensor has 
a measurement range of -30℃ to +120℃, and a resolution 
ratio of 0.1℃ to measure the internal temperature of the 
track-bridge structure. In addition, the collection time of 
these meteorological factors and internal temperature also 
started from January 1th 2021 to August 30th 2022 at the 

 
 

same time. Both the sampling frequency of meteorological 
factors and internal temperature are collected at an interval 
of 10 minutes through wireless data loggers. 

 
2.2 Neural network architectures 
 
2.2.1 Testing cases of the prediction methods 
In internal temperature prediction of the track structure, 

meteorological parameters are adopted as the input 
parameters of testing cases, and the internal temperature is 
used as output parameters. As listed in Table 2, five testing 
cases for temperature prediction are selected to analyze the 
impact of different meteorological conditions on internal 
temperature prediction. Since the ambient temperature has a 
strong correlation with the internal temperature, the ambient 
temperature is the mandatory input parameter in five cases. 
There are 15000 groups of monitoring datasets for every 
meteorological parameter and corresponding track plate 
temperature measured from January 2021 to August 2022 
were enrolled, of which 70% random data were selected as 
the training model samples and 30% data were used to 
validate the training results. All the raw datasets were 
normalized before the model training. To verify the 
feasibility of these predicted models, all parameters are 
used in the internal temperature dataset in the fifth case, and 
the simulation experiment was carried out on the software 
Anaconda by using Python 3.9. The model calculation times 
of five cases will also be recorded. 

The evaluation metrics are often utilized to assess the 
performance of deep learning methods in terms of accuracy 
and reliability. For example, the Root Means Square Error 
(RMSE) presents the accuracy of predicted values (Eq. (1)). 
It uses the same dimension and describes the relationship 
between the predicted and actual values. Different from 
RMSE, Mean Absolute Error (MAE) is the average of the 
absolute difference. It is a real error, which is less impacted 
by the outliers than RMSE. R2 is equal to 1 - MSE (model)/ 
MSE (Baseline model). The evaluation criteria of RMSE, 
MAE and 𝑅ଶ are selected to comprehensively describe the 
accuracy of different prediction methods. When the RMSE 
and MAE are smaller, and the R2 is close to 1, which show 
that the predict accuracy of the testing cases is better. 

 𝑅𝑀𝑆𝐸 = ඨ1𝑁෍ ൫𝑦௣௜ − 𝑦௜൯ଶே௜ୀଵ  (1) 

 𝑀𝐴𝐸 = 1𝑁෍ ൫𝑦௣௜ − 𝑦௜൯ே௜ୀଵ  (2) 

 
 
 

Table 2 Five testing cases of temperature prediction with various input combinations 
Case number Ambient temperature Wind speed Solar radiation Humidity Internal temperature 

Case 1 √    √ 
Case2 √ √   √ 
Case3 √  √  √ 
Case4 √   √ √ 
Case5 √ √ √ √ √ 
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𝑅ଶ = 1 − ∑ ൫𝑦௣௜ − 𝑦௜൯ଶே௜ୀଵ∑ ሺ𝑦௜ − 𝑦തሻଶே௜ୀଵ  (3) 

 
where N is the quantity of monitoring data, 𝑦௣௜ is the ith 
predicted values, 𝑦ത is the mean of actual values, and y is 
the actual value. 
 

2.2.2 Temperature prediction effect by the ANN 
model 

The artificial neural network (ANN) model has been 
used for a wide range of predict applications in recent years. 
Since the ANN technique does not require any 
mathematical knowledge of the input parameters and is able 
to provide a more effective solution for a variety of 
problems (Joseph Manoj et al. 2019, Meenal and 
Selvakumar 2018). The ANN is consisting of various 
neurons and establishes the structure based on the logical-
mathematical structure. It stimulates the changeable weight 
correlation between various neurons and input, hidden, and 
output layers. Fig. 3(a) shows a typical ANN structure to 
predict the internal temperature in longitudinal slab tracks 

 
 

under experimental case 5 with consideration of four 
meteorological factors. An input layer, different fully 
connected layers, and an output layer are the main structure 
of a multi-dimension ANN model, in which each 
hiddenlayer has a number of 50 neurons. 

 
2.2.3 Temperature prediction effect by the LSTM 

model 
The recurrent neural networks (RNN) have a critical 

difference in the transformer, convolutional, and 
feedforward architecture. It added a series of undefinable 
number hidden layers and included various deep recurrent 
networks with considering the learning architectures. LSTM 
model is a typical RNN, which could effectively solve the 
time series data gradient vanishing and long-term 
dependency. Unlike other RNN models, LSTM uses long-
term memory results by considering the backpropagation 
neural network (Cossu et al. 2021). Thus, it could model 
time series, and the outputs of these series depend on the 
minimize the training error and various layers (Zhang et al. 
2020b). Fig. 3(b) is a typical structure of the LSTM model 
to predict the internal temperature in longitudinal slab 

 
 

 

 
(a) 

 

 

(b) 

Fig. 3 Mapping model for five input parameters. (a) ANN; (b) LSTM; (c) CNN 
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tracks under experimental case 5 with consideration of four 
meteorological factors. An input layer, an LSTM layer with 
100 neurons, and an output layer are the main structure of a 
LSTM model. 

 
2.2.4 Temperature prediction effect by the CNN 

model 
CNN is a typical feed-forward neural network, which is 

fully considering sparse connectivity, shared weight, and 
feature extraction. The characteristics of convolutional 
networks owe the matrix multiplications enrolling in the 
convolution neural network (Lee et al. 2020). Fig. 3(c) is a 
typical structure of the CNN model to predict the internal 
temperature in longitudinal slab tracks under experimental 
case 5 with consideration of four meteorological factors. In 
this paper, we selected the CNN model with mainly consists 
of meteorological parameters series, fully connected layers 
(no activation function, relu activation function), and output 
parameters. The 1d convolutional layer employs the 
Rectified Linear Unit to feature extraction for 
meteorological parameters, which has 50 neurons in every 
layer. The meteorological input parameters were enrolled 
with the neural network model trained, and increased the 
efficiency of the training function within the hidden layer. 

 
 

3. Results of meteorological and temperature 
measurement 
 
3.1 Characteristics of four meteorological factors 
 
The time-dependent variations of four meteorological 

factors with AT, SR, RH, and WS are the key influential 
factors of internal temperature prediction in the track 
structure. The monitoring data of the above four 
meteorological factors are observed in 18 months, with a 
total of 55000 data for every meteorological factor. In the 
data pre-processing, we separated the ambient temperature 
into the winter with low temperature and the summer with 

 
 

high temperature. As an example, Fig.4 describes the 
characteristics of these four meteorological factors under 
the winter period from January 17th to 24th 2021, and the 
summer period from August 1th to 8th 2022, respectively. 
The ambient temperature increases to the maximum at the 
daily maximum temperature plateau from 12:00 AM and 
4:00 PM and then decreases from 7:00 pm to 11:00 pm. The 
minimum temperature was -5℃ on the night of January 
17th, while the maximum temperature was 39℃ in the 
midday of August 1th. Moreover, the average temperature of 
the winter and summer periods are about 6℃ and 32℃, 
respectively. Solar radiation continuously rises from 8:00 
am to 1:00 pm with the maximum values close around 1:00 
pm, while its value approaches zero during the night hours. 
The maximum value of solar radiation is about 640 W/m2 at 
the midday of January 19th and about 1250 W/m2 at the 
midday of J August 6th. It should be noted that the large 
solar radiation was recorded on all sunny days, and some 
random outliers were noticed on cloudy or rainfall days. 
There are existing a synchronization between the ambient 
temperature and solar radiation, the times of the extreme 
ambient temperatures are close to those of the extreme solar 
radiation. The wind rose diagrams show that the maximum 
wind speed during the winter and summary are different. It 
shows that summer has a stronger wind speed than winter. 
Also, the wind direction has great change during summer, 
especially for the southwest (WS) and Northwest (WN) 
directions. In addition, the maximum and minimum of the 
relative humidity during these days are about 100% and 
11.6%, respectively. The average value of the relative 
humidity during the winter days and summer days are 56.5 
% and 75.6%, respectively. Thus, the climate condition in 
summer is high temperature and humidity. 

 
3.2 Characteristics of internal temperature 

at three locations 
 
In the measurement data in 18 months from January 

2021 to June 2022, the minimum and maximum value of 

 

(c) 

Fig. 3 Continued 
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ambient temperature are 17th January 2021 and 01th August 
2022, as illustrated in Figs. 5(a)-(d). During the winter day 
from 5 am to 12 pm on 17th January, the surface temperature 

 
 
has first slowly increasing before about 8 am, and the 
internal temperatures of the track slab and base plate rapidly 
increase after about 10 am with the surface temperature 
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Fig. 4 The characteristics of four meteorological parameters under the winter and summer. 
(a)-(b) Ambient temperature; (b)-(c) Solar radiation; (d) Wind rose diagram; (e)-(f) Relative humidity 
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near the most rapid increasing after 8 am. Then, the internal 
temperatures of the track slab and base plate gradually 
decrease after 4 pm with the surface temperature decreasing 
after about 4 pm. For example, the maximum and minimum 
values of No. 3 at the beam end on the day are about 6℃ at 
4 pm and -2℃ at 3 am, respectively. Most of the internal 
temperatures of the track slab and base plate ranging from -
2℃ to 10℃ are smaller than those of the surface 
temperature during the daytime. Meanwhile, the internal 
temperature at the bottom of the track slab (e.g., No.3, 
No.6, No.10) is slightly larger than the center of the base 
plate (e.g., No.2, No.5, No.9), while they are much larger 
than at the bottom of the base plate (e.g., No.1, No.4, No.8). 
For instance, the peak values at the center and bottom of the 
base plate (No.2 and No.1) reaches about 4.5℃ and 2℃, 
respectively. Among three locations, the internal 
temperature at the mid-span is the smallest while the 
temperature at the beam end is the largest. 

During the summer day from 0 am to 12 pm of 01th 
August, the internal temperatures of the track slab and base 
plate firstly decrease to the minimum values at 8 am and 
then increase to the peak values at about 4 pm, and finally 
gradually decrease at the night. For example, the maximum 

 
 

and minimum values of No.3 at the beam end on the day are 
about 46℃ at 4 pm and 30℃ at 7 am, respectively. The 
phenomenon of time lag was obvious compared with the 
surface temperature and internal temperatures, and the 
internal temperature during the daytime was larger than the 
surface temperature. Interestingly, the peak values at the 
center and bottom of the base plate (No.2 and No.1) reach 
about 42.5℃ and 34.5℃, respectively. Both the 
temperature values at the bottom of the track slab and the 
center of the base plate are larger than those at the bottom 
of the base plate. Besides, the internal temperature at the 
beam end of the bridge is also the largest, which is slightly 
larger than those of the two midspan locations. Thus, the 
temperature gradient in the vertical direction of the track 
structure could be appeared due to the daily temperature 
change, especially at the beam end of the bridge. 

 
3.3 Correlation relationship among four 

meteorological factors 
 
As shown in Fig. 5(e), the relationships between 

ambient temperature and internal temperature of the track 
slab at three locations are an exponential function with the 
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Fig. 5 The temperature distribution in track structure and Correlation 
(a) track slab temperature records at the minimum temperature 
(c) track slab temperature records at the maximum temperature
maximum temperature day. (e)-(g) the fitting equation between
of track slab at mid-span, beam end, and wide-narrow joint; (h)
during summer of AT, SR, and WS; (i) oblique plane with three
WS; (j) correlation coefficients with AT, SR, WS, and RH 
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Eqs. (4)-(6) with the best fitting determination coefficients 
of R2 = 0.98 as follows. 

 𝑦 = −23.326 𝑒ି ೣభఴ.భమାଷଵ.ଶ଻     at the mid-span (4) 
 𝑦 = 𝑒ଵ.ସହ଼ି଴ଵଷ௫     at the beam end (5) 
 𝑦 = 𝑒ଵ.଺ଷ଺ାି଴.଴ଽଽ௫     at the wide-narrow joint (6) 
 
Where x and y are the ambient and internal temperature, 

respectively. The internal temperature of the track slab at 
three locations presents a nonlinear increment as the 
increase of the ambient temperature, and the relationships 
have small differences at the three locations. 

Three-dimensional relationship among the AT, WS, and 

SR under the summer and winter are illustrated in Figs. 
 
 

5(f)-(g), respectively. The oblique plane is observed in the 
three-dimensional diagram, which indicates there are 
existing correlation among AT, WS, and SR factors to some 
extent. In the winter, the range of the AT, WS, and SR 
belong to -4.5-13.5℃, 0-10 m/s2, and 0-600 W/m2, 
respectively. In the summer, the AT, WS, and SR range from 
14.5-40℃, 1-7 m/s2, and 0-1200 W/m2, respectively. The 
characteristics of AT, SR, and WS in the oblique plane 
could reflect the effects of heat conduction, heat radiation, 
and heat convection of the slab track, respectively. Their 
correlation relationship in different seasons is helpful to 
understand the prediction performance of different factors. 

The Pearson correlation coefficient is used to evaluate 
the linear correlation of two data sets of normal continuous 

  
(e) (f) 

 

  
(g) (h) 

 

  
(i) (j) 

Fig. 5 Continued 
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variables (Zhou et al. 2016). 𝑋,𝑌 represents the sample 
which contains n sample values ( 𝑥ଵ, 𝑥ଶ, … , 𝑥௡ ) and 
(𝑦ଵ,𝑦ଶ,𝑦ଷ, … ,𝑦௡). Eq. (5) is used to calculate the Pearson 
correlation coefficient. 

 𝜌 = ሺ𝑁 ∑𝑥௜𝑦௜ − ∑𝑥௜𝑦௜ሻඥ𝑁𝑥௜ଶ − (∑𝑥௜)ଶඥ𝑁𝑦௜ଶ − (∑𝑦௜)ଶ (7) 

 
Here, the value of 𝜌 belongs to [−1, 1]. It shows that 𝜌 

closer to 1 represents the positive correlation of 𝑋 and 𝑌. 
Also, the 𝜌  closer to −1, it means the 𝑋  and 𝑌  are 
negative correlations. If the 𝜌 = 0, the linear correlation 
between 𝑋 and 𝑌 is independent. 

 
 
 

With considering the Pearson values, the correlation 
relationship among the four meteorological factors with AT, 
SR, RH, and WS is further studied. Fig. 5(h) shows that the 
correlation coefficient between the AT and SR is the largest 
with the 𝜌 = 0.85, followed by the correlation coefficient 
of 𝜌 = 0.77 between the AT and WS, while the correlation 
coefficient between the AT and RH is very small with the 𝜌 = 0.13. It shows that humidity is a relative independence 
factor. In conclusion, three meteorological parameters (e.g., 
AT, WS, SR) have strong correlation relevance, which is 
selected to the input parameters of internal temperature 
prediction in longitudinal slab track. 
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Fig. 6 The ANN prediction results of the Track slab (T) and Base-p
(a)-(b) RMSE result; (c)-(d) MAE result; (e)-(f) R2 result 
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4. Results of various neural network architectures 
 
4.1 Temperature prediction effects of three 

locations 
 
4.1.1 Results of the ANN model 
Fig. 6 compares the predicted results of three indicators 

(e.g., RMSE, MAE, and R2) at three locations of the 
ballastless track-bridge structures under five testing cases 
based on the ANN model. It should be noted that the ‘T’ 
and ‘B’ represent the sensor installed in the longitudinal 

 
 

track slab and base plate. As for the predict results of track 
slab, their RMSE and MAE for the three locations are close 
to each other, and most of the R2 value at the mid-span in 
the track slab is slightly larger than that at the beam end. As 
for the base plate, the RMSE and MAE in the base plate at 
the WN Joint are much larger than those of two other 
locations at case 2. Furthermore, the R2 value in the base 
plate at the mid-span of the bridge is the highest, whereas 
the R2 value in the base plate at the WN Joint of the bridge 
is the smallest except in case 1. Both the RMSE and MAE 
of their values of case 5 are the smallest, followed by case 3 
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Fig. 7 The LSTM prediction results of Track slab (T) and Base-plate (B) in three locations under five testing cases. 
(a)-(b) RMSE result; (c)-(d) MAE result; (e)-(f) R2 result 
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and case 2 are the largest. The R2 values of case 3 are close 
to those of case 5, and the R2 values of case 2 are the 
smallest, respectively. The predicted effects of four factors 
together and only the wind speed as the input parameters 
are the best and the worst, respectively. It is noted that the 
predicted effect of only solar radiation on the internal 
temperature could be easily identified from case 3 as the 
input parameter. As a consequence, the ANN model in the 
base plate has the best and the worst accuracy at the mid-
span location and the WN Joint, respectively. 
 

4.1.2 Results of the LSTM model 
The predicted results of indicators RMSE, MAE, and R2 

 
 

in three locations of the track-bridge structures under the 
five testing cases are also compared based on the LSTM 
model. Fig. 7 indicates that the RMSE, MAE, and R2 values 
of the track slab at three locations are also close to each 
other, in which the R2 value at the WN Joint of the track 
slab is slightly larger than that at the mid-span. It is noted 
that the RMSE and MAE in the base plate at the WN Joint 
are much larger than those of two other locations. The R2 
value in the base plate at the mid-span of the bridge is the 
largest, whereas the R2 value in the base plate at the WN 
Joint of the track slab is the smallest. Therefore, the LSTM 
model has the best and the worst prediction accuracy at the 
mid-span and the WN Joint location in the longitudinal slab 
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Fig. 8 The CNN prediction results of Track slab (T) and Base-plate (B) in three locations under five testing cases. 
(a)-(b) RMSE result; (c)-(d) MAE result; (e)-(f) R2 result 
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track, respectively. 
 
4.1.3 Results of the CNN model 
The predicted results of indicators RMSE, MAE, and R2 

in three locations of the track-bridge structures under the 
five testing cases are also compared based on the CNN 
model. Fig. 8 illustrates that the RMSE of the track slab at 
the mid-span is the smallest, whereas the RMSE of the base 
plate at the beam end is the smallest among the three 

 
 
 

locations. Interestingly, both the MAE of the track slab and 
base plate at the mid-span are the largest. The R2 value in 
the track slab at the mid-span of the bridge is the largest, 
while the R2 value in the base plate at the beam end is the 
largest. As a result, the predicted accuracy of the CNN 
model has the best effect for the track slab at the mid-span 
location and in the base plate at the beam end of the bridge, 
respectively. 
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Fig. 9 The indicators of RMSE, MAE, R2, and calculation time comparison from ANN trained under five 
experimental cases. (a) ANN track slab; (b) ANN base plate; (c) LSTM track slab; (b) LSTM base plate; 
(e) CNN track slab; (f) CNN base plate 
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4.2 Temperature prediction effects of 
meteorological parameters 

 
4.2.1 Results of the ANN model 
Figs. 9(a)-(b) shows the average indicators values (e.g., 

Calculation time, RMSE, MAE, and R2) of three locations 
under five cases in the ANN prediction model. In particular, 
the RMSE and MAE of case 5 in the track slab and base 
plate are the smallest among the five cases, followed by 
case 3, and the RMSE and MAE of case 2 are the largest. In 
addition, the R2 value of case 5 in the track structure 
reaches the largest value of about 0.8, and the R2 value of 
case 2 in the base plate is the smallest value of about 0.5. 
The R2 value of case 4 in the track slab and base plate is 
still larger than those of case 1. Nevertheless, the 
calculation time of case 2 of the track slab is much smaller 
than in other cases, and the calculation time of case 2 of the 
base plate is slightly smaller than in other cases. Thus, the 
prediction accuracy of the wind speed as the input 
parameter is the worst, and the predicted effect of the 
humidity is also poor. The predicted accuracy is improved 
after considering solar radiation as the input parameter, and 
thus the ANN predict model could effectively the internal 
temperature in the longitudinal slab track structure. 

 
 

4.2.2 Results of the LSTM model 
The average indicator values of the Calculation time, 

RMSE, MAE, and R2 in the track slab and base plate in the 
LSTM prediction model are also compared in Figs. 9(c)-(d). 
Although the RMSE and MAE of case 5 are slightly smaller 
than those of case 3 in the track slab, both the RMSE and 
MAE values of case 1 are close to those of case 2. As for 
the internal temperature in the track slab under five cases, 
the R2 value of case 5 is close to those of four other cases, 
while the calculation time of case 5 is much larger than 
those of four other cases. Likewise, the RMSE and MAE of 
case 5 and case 3 in the base plate are much smaller than 
those of case 1 and case 2. The R2 values in the base plate 
of five cases are about 0.75, which are also close to those of 
the track slab. Both the predicted accuracy of the LSTM 
model without and with the wind speed as the input 
parameter is the worst, whereas the predicted accuracy is 
the best when solar radiation is selected as the input 
parameter. In addition, the calculated time of case 5 in the 
base plate is also much larger than those of four other cases, 
but the LSTM in the base-plate structure needs to cost extra 
time (11%) to get better results. As a result, the LSTM 
model also effectively predicts the internal temperature in 
the longitudinal slab track structure, in which the predicted 
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Fig. 10 The average predict results comparison among three models under five testing cases. (a) Average RMSE 
results in track slab; (b) Average Calculation time in track slab; (c) Average RMSE in the base plate; (d) 
Average calculation time results in the base plate 
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accuracy of the LSTM model when four meteorological 
factors (Case 5) are selected as the input parameters, 
especially for solar radiation. 

 
4.2.3 Results of the CNN model 
The predicted effects of the internal temperature in the 

track slab and base plate under five testing cases are further 
compared in Figs. 9(e)-(f), which includes the average 
indicator values of Calculation time, RMSE, MAE, and R2, 
respectively. As for the internal temperature in the track 
slab, the RMSE, MAE, and calculation of the time in case 5 
are much larger than those of the four other cases. 
Interestingly, the RMSE of case 4 is close to those of case 3, 
and the MAE of case 4 is the smallest among the five cases. 
Although both the RMSE and MAE of case 4 in the track 
slab are the smallest, the calculated time of case 5 is the 
largest about 74.5 s. Similarly, all of the RMSE, MAE, and 
calculated time of case 5 in the base plate is the largest, 
while the RMSE and MAE of case 4 are slightly smaller 
than those of the four other cases. Besides, the R2 value of 
case 5 is even smaller than 0.5, and the R2 value of case 4 is 
the largest. Hence, the average predict accuracy of the CNN 
model is the worst when four meteorological factors are 
selected for the input parameters at the same time, which 
does not agree with the real predicted effect of the 
meteorological factors in the longitudinal slab track 
structure. Since the CNN model could lead to the key 
features are discard and feature over-extracting after 
considering more and more meteorological factors as the 
input parameters, which indicates that the CNN model is 
not suitable to predict the internal temperature in the track 
structure. 

 
4.3 Temperature prediction effect of three 

prediction methods 
 
In order to compare the predicted effects of the internal 

temperature by using the CNN, ANN, and LSTM model, 
the average indicator values of RMSE, and calculation time 
are compared, respectively. Fig. 10(a) shows that most of 
the RMSE values in the track slab by using the CNN model 
are the smallest except for case 5, and the RMSE values by 
using the ANN model are slightly larger than those of the 
LSTM model, except for the case 4. However, the RMSE 
with case 4 is only higher than 0.1 with LSTM. It could 
consider it has the same performance in case 4. Fig. 10(b) 
plots most of the architecture calculation times in the track 
slab by using the various model, in which the LSTM and 
ANN are the largest and smallest of five cases, respectively. 
Furthermore, all of the RMSE values in the base plate by 
using the ANN model are slightly larger than those by using 
the LSTM model, especially for case 2. Considering all 5 
cases, the MAE values in the base plate also have the same 
change rules as those of RMSE values. Fig. 10(c) also 
presents that the RMSE values by using the LSTM model 
are also slightly larger than those of the ANN model. 
Besides, all of the calculated times by using the ANN model 
are smaller than 65 s in every case, while the calculated 
times by using the LSTM model are much higher than those 
of the LSTM model and ANN model (Fig. 10(d)). In 
summary, the LSTM model shows the best prediction 

accuracy in the track slab and base plate under considering 
four meteorological factors, and the prediction accuracy of 
four meteorological factors as the input parameters is worse 
than that of the input parameter with a single 
meteorological factor for the CNN model. Notably, the 
calculation time by the LSTM is longer than those of ANN 
and CNN architectures (save 67% compare with LSTM, 
save 43% compare with CNN). 

 
 

5. Conclusions 
 
This paper systematically compares the predicted effects 

of the internal temperature of three locations by using the 
ANN, LSTM, and CNN models, through the field-measured 
platform of four meteorological factors and internal 
temperatures in track-bridge structures. The major 
conclusions are summarized as follows: 

 
 In the 18 months, the correlation coefficient between 

the ambient temperature (AT) and solar radiation 
(SR) is the largest, and the influence of the four 
meteorological factors (AT, SR, WS, RH) on the 
internal temperature predict in the track structure 
successively becomes smaller. 

 The predicted accuracy at the mid-span location by 
using the ANN and LSTM model is close to two 
other locations. Both the ANN and LSTM model 
have the best and worst prediction accuracy in the 
base plate at the mid-span and WN Joint locations, 
respectively. 

 The predicted effect is the best when the four 
meteorological factors are input parameters, and the 
predicted effect of the solar radiation on the internal 
temperature could be easily identified by using the 
ANN and LSTM model. 

 The LSTM model shows the best prediction 
accuracy in the temperature field prediction, while 
the ANN model has a higher computing efficiency 
and the CNN model is not suitable to predict the 
internal temperature under four meteorological 
factors. 

 
Three basic deep-learning methods are implemented to 

predict the internal temperature of three locations in 
longitudinal track structures under various meteorological 
conditions. More and more regional and deep learning 
methods of field tests will be used to improve the prediction 
approach in further studies. Also, besides the 
meteorological factors, the accuracy of prediction could 
also be influenced by geographical factors, material factors 
and etc. It still needs further consideration of other 
external/internal impact factors. The last, finite element 
analysis of the heat conduction process will also be 
combined to reveal the mechanism of the temperature load 
effects in the longitudinal track structure. 
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