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Abstract

The General Regression Neural Network (GRNN) is one of the algorithms of Artificial Neural Networks (ANN)
that receives much attention in prediction applications. This research used the GRNN to predict the temperature-
induced deformation of unballasted track structures based on experimental data considering external weather
conditions, such as sunshine duration, rain conditions, daily maximum temperature, daily minimum temperature,
and daily average wind speed. The GRNN network predicts the average absolute error of the prediction results
(0.0318 °C), the maximum absolute error (1.7729 °C), and the GRNN prediction sample mean squared error
(0.070701). The average relative error is 0.32%. The finding of this study shows that the GRNN prediction
method has good accuracy and robustness. Furthermore, it can promote the research of unballasted track
temperature fields that are related to concrete structures.
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1 Introduction from high-temperature area to low-temperature area.
Figure 1 shows a heat transfer mechanism regarding to
an unballasted slab track [5], [6]. When the temperature

load action on around surface of the unballasted
slab track in distribution forms a nonlinear thermal

1.1 The CRTS-II unballasted

The CRTS-II unballasted slab track has been widely

used in China. It has been modified from the Bogl
unballasted track system, the German continuous
welded rail system [1], [2]. The problems of unballasted
slab track, produced by a prestressed concrete slab,
have the factors with the effect on the structure or
environmental loads, such as vibrational, noise,
meteorology utilizing temperature, rain, snow, wind,
solar radiation, and increase construction prices causing
continual influence degradation of unballasted slab
track properties [3]-[5]. However, heat transfer in the
temperature exchange is absorbed and exhaled by solar
radiation steadily directly or reflected transfer energy

conducting expansion with stress and strain and causes
flexural deformation slab track structure due to a
temperature load [3], [7], [8]. The significant influence
to design the unballasted slab track is the temperature
load [9]. The ambient air temperature convection is a
natural environmental source that affects temperature
variations over the concrete slab track section depth
and width. The experimental field study observed the
temperature gradient in the unballasted track structure
[3]. Temperature-induced deformation brought a
significant consideration in the unballasted track [3].
Many researchers have a focused observation on the
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Figure 1: Mechanism of heat transfer unballasted
slab track.

behavior of concrete slab tracks due to temperature
change producing a mechanical process by performing
experiments on a sample and then by comparing it
with a mathematical model to determine the statistical
factor causing the transformation processes leading to
deformation. Based on the experiment, most factors
resulted from temperature load mode when considering
the temperature gradient within the axial force, therefore,
the temperature load affects the track structure's
stability and smoothness. The track damage can directly
threaten the safety of train operations.

1.2 The artificial neural network (ANN)

The artificial neural network (ANN) is a system that
mimics the human brain's processing [10]. ANN
becomes a new essential step due to Al (Artificial
Intelligence) development with functions that can
understand and learn a range of knowledge, such as
awareness, learning, reasoning, and solving problems.
With these capabilities used, Al is now using in almost
every industries, from the marketing level to the supply
chain, finance, and food processing. Compared to
other aspects of applying to machine learning and
deep learning algorithms, Al applications must use
the ANN model, as shown in Figure 2, like how the
nervous system works in the human brain. These
networks have 'Neurons' that connect to the nervous
system' and communication. They use parallel
processing to understand and learn from the big data that
is continually received from sources. The algorithms

Figure 2: Artificial neuron model.

used to learn from the example and experience based on
the principles that everything has a pattern indicating
the possibility of that thing to and implement this
pattern. It can be applied to predict the prospects,
for example, using machine learning to predict sun
radiation's effect in an unballasted track from the past
and the present data. Therefore, as mentioned above,
ANN combines artificial intelligence procession with
a nonlinear numerical, such as logic, mathematical
statistics, neural computing, and emblematic. Using
algorithms can create a mathematical model to replace
mathematical calculations and legal complexity and to
increase predictions' efficiency under enormous data
with fewer error values. As a result of this ANN, the
property makes it very suitable for predictive use due
to data accuracy [10].

1.3 General regression neural network (GRNN)

GRNN is an alternative algorithm to predict
statistical, mathematical nonlinear structures with
high parallelism. Although, there is scattered
information in the measurement area, many dimensions,
but the algorithm provides a smooth transition
from one observed value to another. The algorithm
used a pattern for any regression. In contrast,
the algorithm makes regression where the target
variable is continuous. Moreover, many researchers
have proposed the GRNN algorithm as a more
suitable algorithm than FFNN, CENN, and ELMNN
[10]-[13]. Because there are determination processes
that are advantages over regression modeling,
uncomplicated techniques applied in the relationships
between the input and output assimilated are variables
into the connection weights of the network [12], [14]-
[19]. Therefore, they can fit to complex nonlinear
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Figure 3: GRNN model.

models, but not specified in advance and several
predictive function stages in making models. About
advantage in choosing the prediction simulation
model algorithm with the GRNN algorithm (Figure 3),
it is modeled based on time series and temperature
probability of estimating the expected data analysis in
field experiment data to predict accuracy. Therefore,
it is essential that these studies focused on the effect of
the temperature resulting in the CRTS II Unballasted
slab track's deformation by observation, collection of
meteorological data, and data analysis techniques for
time series to create an intelligent model [17], [20].

2 Materials and Methods

Unballasted track temperature field experiment,
continuous observation field experiment of temperature
on CRTS I unballasted slab track for four months on the
passenger was dedicated. The geographical coordinates
of the observation site are 28°N and 115°E by Central
South University. The sampling tool is a temperature
sensor embedded in the joints of the unballasted track
structure, as shown in Figure 4(a). The collecting
temperature gradient data at time interval is half an
hour in 5 observation points A, B, C, D, E, and the
observation positions correspond to 4 ¢cm, 12 cm
from the surface of the track plate, 4, 14, and 32 cm
from the base plate's surface as shown in Figure 4(b)
[4], [21]-[24]. During the observation period, the
number of sunshine hours in this area is 0~10.7 h.
The daily average wind speed is 0.6~5.6 m/s, the
daily minimum temperature is —5~25 °C, and the daily
maximum temperature is 5~35 °C. The sunny and rainy
weather is cross-distributed. All these data are shown
in Figure 5.

Rail Track plate

(a)
® Temperature Measuring Point
A @
Track plate
5 @
c @
Baseplate © @
E @
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Figure 4: (2) CRTS Il unballasted slab track configuration,
(b) Location of the temperature sensor.

3 GRNN Modeling Prediction

GRNN Modeling Prediction due to the experimental
data is a nonlinear relationship [25]. Therefore, it
is more complicated to directly characterize the
regression relationship in the generalized regression
neural network. The input layer's function identifies
input variables and passes the input vector to the
pattern layer, as shown in Figure 6 [15], [16], [26]. The
number of neurons in this layer is an equation to the
input vector's dimension [11]. The number of neuron
nodes in the pattern layer equals the number of neuron
nodes in the input layer, equal to the input sample's
dimension. The expression of the transfer function is
as follows Equation (1):

(X -X) (X-X)
26°

:|,i=1,2,...,n (1)

The hidden layer needs to perform two types of
summation on the data passed down by the pattern
layer Equations (2) and (3). It is precise because of
two types of summation: in explaining the generalized
regression neural network principle, the final output

q, = eXP{
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Figure 5: (a) Maximum daily temperature, (b) lowest daily temperature, (¢) Daily average wind speed, (d) Daily
sun radiation, and (¢) Comparing temperature distribution.
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The basic principle of generalized regression neural
networkisto find they value corresponding to the maximum
probability. The input vector X'is the relevant basis for
network calculation and evaluation; the initial condition Predicted Temperature
for obtaining Y's predicted value is the input vector X. Figure 6: GRNN Prediction model.
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Figure 7: The actual distribution of temperature at the
measuring points of the test set.

The expression of the predicted value Y in output
value Y where f (X, Y) is the joint density distribution
function of random variables X, Y. is as follows:

. [” .y
Y=EYX)=2=2—"""
" .y )
The selected variable within the measurement data
time establishes the neural network, daily maximum
temperature, daily minimum temperature, sunny, and
daily average wind speed. Sunshine duration is an
independent variable, an input parameter.

4 Results and Discussion
4.1 The experimental data

Figure 7 depicts the distribution of the experimental
temperature data of the field experiment on points
A, B, C, D, and E by selecting 100 dataset that was
randomly selected from 4100 observation data.
Figure 8 represents the GRNN prediction model based
on the data within the regression analysis on points
A, B, C, D, and E in 100 sets of output test data. The
prediction results' average absolute error is 0.0318 °C,
the maximum absolute error is 1.7729 °C, and the
GRNN prediction sample mean squared error is
0.070701. The average relative error is 0.32%. The
most distributed errors are between —0.5 and 0.5 °C,
as shown in Figure 9. These are the error between the
actual temperature distribution at the measuring points

Temperature/°C

(1] 10 20 30 40 50 60 70 80 a0 100
Testsample

Figure 8: GRNN prediction result of the temperature
distribution of the test set samples.

Error temperature/°C

1] 10 20 30 40 50 60 70 80 a0 100
Test sample
Figure 9: The distribution of prediction errors of the
test set samples.

of'the test set (Figure 7) and GRNN predicting results
(Figure 8). There are specific differences in each
measuring point's prediction errors due to the different
measurement errors and temperature changes. Based
on the above GRNN model with the data analysis, the
temperature gradient of the ballastless track structure
in this area is summarized and analyzed. There is an
apparent nonlinear relationship in the temperature
of the ballastless track. Figure 10 shows the field
experimentation elicited through experiment untraining
data compared with the GRNN model elicited through
training data that shows each error by randomly
selected. It can be seen that GRNN has more minor
error data than field experimentation. There is also
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Figure 10: Comparison of the untrained field
experimented error and GRNN model error.

an error value that is narrower and more precise.
The GRNN model method can obtain the better data
analysis than the traditional testing method.

4.2 Performance of GRNN prediction model

The GRNN shows that the prediction results of the
GRNN model, the maximum absolute error is 1.327 °C.
The concentrated errors are between —0.5 and 0.5 °C,
which all errors are within a reasonable range
compared with a randomly divided up the 100 target
timesteps by cross-validated with a data set of 70%
for learning, 15% for model validation, and 15% for
model testing with problem definition y(t) = f(x(t-1),
x(t—d). Performance of the GRNN Prediction Model
(Figures 11-14) shows the regression R-values of
the training, validation, and test data were 0.7836,
0.77906, 0.76786, and 0.74324, respectively [20].
The histogram shows the frequency distribution of
prediction errors of GRNN using data sets between
training, cross-validation, and test represented in
Figure 15. It can be seen that the data behavioral in
the prediction model have linear regressions correlated
to the output of the model, and this confirms the
reliability of the model based on GRNN.

5 Temperature-Induced Deformation

Temperature-induced deformation from the thermal
expansion theory, the temperature coefficient of
concrete expansion is more diminutive than steel in the
region of 15-20 °C and even higher around 100 °C [3],

0.3

0.66"Target + 0.042

Output ~

03k

Validation: R=0.7836

O Data

0.2 0 02
Target

Figure 11: Result of random sample in the network.
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Figure 13: Regression result from test data.
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[23], [27]. If concrete is heated rapidly, the structure
expands, corresponding to a more considerable
value of the temperature changing makes expansion
and shrinkage reduction [23], [27]. Due to the slow
heat transfer of concrete, each temperature value of
the lower structure of the unballasted track usually
corresponds to two temperature load distribution
states. One is that the surface of the track slab has a
significant degree of heat transfer, and the temperature
of'the corresponding position shows different degrees.
On the other hand, the state where the degree of
heat dissipation on the track surface is large and the
corresponding position's heat dissipation rate was
the cause of difference of the unballasted track in
this area concentrated are between —5 °C and 5 °C.
The unballasted track section was separated into two
parts, the base plate, and the track plate. Because of

the isolation layers, when the temperature increases,
the less-flexible structures layer can slip of structural
parts and increase the internal stress to be the cause of
deformation in that section. After a structure changes
its shape, it can lead to structural cracking if the
temperature gradient increases. In this research, the
overall influence of the temperature deformation
difference on deflection and deformation of the
unballasted track is in a controllable range. The GRNN
prediction model, based on the network model itself,
can perform qualitative analysis on the ballastless
track's meteorological parameters.

6 Conclusions

Based on the temperature field experiment's data
analysis, the prediction results' average absolute
error is 0.0318 °C, and the maximum absolute error is
1.7729 °C. The GRNN prediction sample mean squared
error is 0.070701, and the average relative error is
0.32%. The GRNN Prediction Model's performance,
shown in the training's regression R-values, was
0.7836, 0.77906, 0.76786, and 0.74324, respectively
indicates that the training was accurately correlated.
The network model's error and the measurement
data's limitations show a correlation coefficient that
the training was accurately correlated. The degree
of influence on the temperature field action mode is
different degrees of cross-influencing factors among
the influencing factors are converted effectively. The
meteorological factors' effective conversion is to
realize various factors' indicators and quantify the
meteorological factors. This study found that the
GRNN prediction method has good accuracy.
Temperature-induced deformation in the unballasted
track in this area concentrated are small has changed
the overall influence of the temperature deformation
effect on the deflection and deformation of the
unballasted track is within a controllable range. Based
on the GRNN prediction model, ambient temperature
can be used to calculate the data to predict the
emergence of temperature-induced deformation in
the unballasted track. It can be seen that the GRNN
model method is more effective than the full-scale
traditional testing methodology. It economizes the
cost, time, and labor of testing as an alternative
method for testing in artificial intelligence (Al) for
railway engineering in the 21st century.
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