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Abstract

Rail temperature is the main effector of train operation. High rail temperature induces rail deformation and because of limited
space for rail deformation, rails are under compressive pressure. When rail deformation is exceeded, rail buckling occurs,
and this causes rail derailment. Although such a rail derailment is infrequent, the casualties of human lives and properties
are catastrophic. To prevent this, the rail industry has been monitoring rail temperature. However, existing representative rail
temperature measurement points (RMPs) are selected without considering thermal deformation, and there is no sufficient
information for selecting RMPs. In this study, we suggest a novel advanced RMP (ARMP) considering rail installation ori-
entation and meteorological conditions. We designed a measurement system for rail temperature and obtained 1-year data of
rail temperature at multiple internal, external rail points and the surrounding environments. We validated our measured data
with field data similar to the climate in which the measurement system was installed. The maximum error and Mean Absolute
Error (MAE) were 3.3 °C and 0.97 °C respectively. We calculated average deformation points (ADPs) and analyzed them
with respect to the energy that the rail receives from the meteorological conditions, which are represented by the cumulative
amount of solar irradiance and installation orientation. Based on the tendency of ADPs, we suggested a simple equation
of ARMP with only one variable, month. ARMP showed high accuracy in measuring rail temperature at two installation
orientations than previous RMPs (R-square: 0.9255, 0.8577 and MAE: 0.21 °C, 0.33 °C). We expect that this study would
contribute to efficient train operation for the precise measurement of rail temperature.

Keywords Rail temperature - Rail deformation - Buckling - Temperature distribution - Temperature monitoring

1 Introduction

High climate temperatures caused by abnormal climate are
detrimental to rail conditions [1-4]. High climate tempera-
ture increases rail temperature, which causes rail defor-
mation. Rail deformation places a rail under compressive
pressure, and rail buckling occurs when the pressure is
exceeded. Rail buckling can stop or delay a train operation
system; in the worst case, it can trigger a train derailment,
resulting in catastrophic loss [5, 6]. The train industry
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usually places a free space between a rail for deforma-
tion to prevent buckling. Recently, the train industry has
been using continuous welded rails (CWRs), which weld
the free space between rails for high-speed trains. CWRs
can provide comfortable and high-speed travel, but lack
of clearance makes CWRs to be compressively stressed
and causes rail buckling [7-9]. Because of the trade-off
relationship between the risk of buckling and CWR use,
the train industry focuses on monitoring rail temperature
to prevent buckling and provide high-speed train services
[10]. When a high rail temperature is detected, actions are
taken to lower it, e.g., spraying water and applying thermal
paint to the rail. In addition, when these actions are dif-
ficult to implement, the train speed is limited to prevent
derailment. In Korea, the high-speed train, Korean Train
Express (KTX), runs under the speed limit regulations that
limit its speed with respect to rail temperature [11]. The
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train should run below 230 km/h at 55-60 °C rail tem-
perature, below 70 km/h at 60—64 °C rail temperature, and
stop running above 64 °C rail temperature. In the United
Kingdom, train speed is also determined by the stress-free
rail temperature. Therefore, the accurate measurement of
rail temperature is crucial for safe [12] and eff icient train
operation.

However, it is difficult to directly measure rail tempera-
ture over an entire network. To alleviate the difficulty, Hunt
and Esveld developed a simple model to predict rail tem-
perature from air temperature to replace direct measurement
[6, 7]. Chapman et al. [11] also proposed a novel model to
predict rail temperature from not only air temperature but
also weather data such as solar irradiance. In addition, a
more complex but more accurate model was proposed by Wu
et al. [13]. These models are based on the strong relationship
between rail temperature and air temperature. However, they
can only be used in limited environments and are difficult to
be used in the real field because of their low accuracy.

Moreover, despite the relevance of accurate measurement,
an rail temperature measurement point is selected and used
in an rail temperature monitoring system without consider-
ing rail deformation according to the surrounding climate,
although rail temperature monitoring is to prevent rail defor-
mation from exceeding the allowable level. To alleviate this
limitation, Hong et al. [14] suggested a representative rail
temperature measurement point (RMP) for the KS-50 N rail
considering meteorological conditions and rail deformation,
which could represent rail temperature over the entire net-
work. They designed an rail temperature measurement sys-
tem and measured rail temperature inside and outside of the
KS-50 N rail at 500 mm and calculated average deformation
according to the surrounding climate. They also analyzed the
average deformation point (ADP) at which the temperature
represents rail deformation by the surrounding climate.

However, the above studies have limitations. First, the
adequacy of the measured data was not evaluated. Data
evaluation should be performed before analysis to evalu-
ate the adequacy of a measurement system. Second, the rail
installation orientation was not considered. Chapman, Hong
and Urakawa’s studies respectively showed that there is a
temperature difference with respect to rail installation orien-
tation because of the sun’s daily path and difference in solar
incidence area [11, 14—17]. Whittingham's study [18] also
showed that there are different patterns of rail temperature
depending on the rail installation orientation. These differ-
ences affect rail deformation and may affect suggesting an
appropriate RMP. Third, their analyses did not include anal-
ysis over time. They analyzed ADP by overall tendency and
weather (sunny, cloudy, and rainy days) but did not consider
time, although rail temperature mainly varies with time. To
efficiently operate a train system and prevent rail buckling
and derailment, it is essential to select an RMP considering

@ Springer KE;E

rail deformation according to the surrounding climate and
its orientation.

In this study, we suggested an Advanced RMP (ARMP)
for the UIC-60 rail, which is commonly used as a high-speed
train track, considering the meteorological conditions and
rail installation orientation. Particularly, we designed and
installed a measurement system that simulates the rail’s real
environment of operation at Chungnam National Univer-
sity (CNU), Yuseong-gu, Daejeon, Republic of Korea, and
measured rail temperature and surrounding climate data.
We compared the measured rail data with data measured at
the Daejeon train station, Yuseong-gu, Daejeon, Republic
of Korea, to evaluate our data’s adequacy. We analyzed the
rail temperature data and showed the difference with respect
to installation orientation. We performed deformation analy-
sis using the finite element method (FEM) and calculated
ADP. We analyzed ADP with respect to time and month and
showed its tendency, which is siginificantly influence rail
temperature measurement. Based on the ADP tendency, we
suggested the ARMP. The ARMP has a simple second-order
equation with one variable, month. It showed high accuracy
and reliability, with 0.9255 and 0.8587 in R-square at 0°
and 90° installation orientations, respectively. Also, we sug-
gested Fixed Representative rail-temperature Measurement
Point (FRMP), which may user preferred, and it also showed
high reliability (MAE, ARMP showed 0.21 and 0.33 at each
direction). We expect that the suggested ARMP and FRMP
of UIC-60 rail will be used in the rail maintenance field,
especially monitoring system of rail temperature including
predicting rail t and support efficient rail operation.

2 Methods

This study was conducted in three major steps: (1) the
measurement and verification of data, (2) rail deformation
analysis and ADP calculation, and (3) ARMP suggestion
(Fig. 1). We designed measurement system for obtaining
dataset of rail temperature and its surrounding environment.
After measurement, dataset was verified with real-field data-
set at Okcheon station, Republic of Korea. With verified
and filtered dataset, FEM analysis and ADP calculation was
conducted with ANSYS and Python. We analyzed ADP by
the energy rail gets and its installation orientation and sug-
gest ARMP. The details are described below.

2.1 Measurement System

Measuring rail temperature of a rail in operation is difficult
because of safety issues. We designed a measurement sys-
tem similar to the actual railroad at CNU, as shown Fig. 2a,
b. The designed system was installed where the shadow
effect was minimized to imitate the open environment of
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a rail system. We used four 500-mm UIC-60 rails, which
are mainly used as a high-speed track in Korea, and
installed these rails in a two-way direction: two rails in the
north—south direction (0° orientation) and two rails in the
east—west direction (90° orientation). Each rail was installed
on a ballast and concrete sleeper. We used resistance tem-
perature detectors (RTDs) and K-type thermocouples to
measure rail temperature; each rail had multiple measure-
ment points (Fig. 2¢). On rails 2, 3, and 4 (Fig. 2d), 16 meas-
urement points were designed; we installed RTDs at eight
interior points and eight surface points. On rail 1, 29 meas-
urement points were designed; we installed RTDs at 10 inte-
rior points and K-type thermocouples at 19 surface points.
Details of the measurement points are shown in Additional
file 1: Figure S1. Particularly, we slightly ground a rail
surface, attached an RTD and K-type thermocouple at the
surface using heat-transferable epoxy, and taped to fix the
RTD’s position. For interior measurement points, we drilled
holes on rails and inserted RTDs and K-type thermocou-
ples. Then, we filled the holes with heat-transferable epoxy,
which helped the sensors measure internal rail temperature
accurately. We employed a weather station (Vantage Pro2,
Davis) to measure weather data simultaneously. Specifically,
we measured air temperature, solar irradiance, wind speed,
humidity, and rainfall at the weather station. At the weather
station, RTDs and thermocouples were connected to a data
acquisition system, and the system measured rail and climate
data in a 10-min sampling time.

2.2 Data Verification and Rail Temperature Analysis

Data verification that the designed measurement system
measures field rail temperature is needed before analyzing
rail temperature and longitudinal deformation. We verified
our measured data by comparison with rail temperature data
measured at Okcheon, Republic of Korea. The Okcheon data
were measured in an open environment in which the shadow
effect is minimized and is similar to our measurement envi-
ronment at CNU. The Okcheon data have been used for oper-
ating train systems. Therefore, we set the Okcheon data as
true values of rail temperature and verified our data using
the mean absolute error (MAE) index. Because the measure-
ment sites differ, we selected sunny day data and compared
rail temperature at the same point.

After verifying our data and the adequacy of the designed
system’s representativity, we analyzed the rail temperature
difference between rails installed at different orientations
(north—south and east—west directions). We compared rails
1-4 at the same measurement point. We selected the com-
paring measurement point at the rail center (90 mm from the
bottom) because measurement points located at the surface
can be easily affected by the sun and surrounding climate
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and can cause an inappropriate comparison without consid-
ering appropriate control variables.

2.3 Calculation of Average Deformation Point (ADP)

One year measurement with a 10-min sampling time could
yield enormous raw data. Using all data for FEM analy-
sis was time-consuming and difficult to observe changes in
deformation. Therefore, we set filtering criteria to filter use-
ful data and perform efficient analysis.

First, we removed data with unexpected errors, e.g.,
measurement system, sensor replacement, sensor calibra-
tion, and data acquisition errors. For missing values meas-
ured incorrectly in less than 20 min (less than two steps
of sampling time), we interpolated them using an average
interpolation method.

Second, we used daytime data measured from 08:00 to
06:00 p.m. We focused on rail deformation, particularly
buckling, so we did not select nighttime data for deformation
analysis because there were only minute rail temperature
variations. However, in summer when sunset was later than
06:00 p.m., we also used data at 07:00 p.m. Meanwhile, in
winter, when sunset was earlier than 06:00 p.m. (very close
to 06:00 p.m.), we exceptionally used data at 06:00 p.m.,
although there was no measured solar irradiance at that time.

Third, to observe significant deformation, we used
O’clock data. Several 10-min sampling data points could
make the analysis complicated and could not show signifi-
cant deformation differences within 10 min because of a
small temperature variation. To avoid these situations and
observe significant changes in temperature and deformation,
we set this term.

Fourth, we did not use temperature data changed below
0.3 °C. Small temperature changes in 60 min could show
minute deformation variations.

With the above criteria, we could improve ADP analysis
accuracy while increasing the efficiency of the total analy-
sis. We performed FEM analysis for thermal deformation
with the FEM software, ANSYS. We designed a model using
Steady-State and Static Structural tools in ANSYS. First,
using the Steady-State tool, we performed temperature inter-
polation to determine the rail temperature distribution with
the interior and surface rail temperature data measured at
UIC-60 rails. Second, we set the model’s boundary condi-
tions and mesh (Additional file 1: Figure S2). We solely
fixed the degree of freedom in the rails’ longitudinal Z-axis
direction during the ANSYS implementation. Meanwhile,
the X- and Y-axis deformation were left free (Fig. 3). The
model’s mesh was generated uniformly in every analysis.
Using the Static Structural tool, we performed thermal
deformation analysis to determine longitudinal deformation
on the rail model, which was critical to rail buckling. Third,
we calculated the rails’ ADPs. ADP is the point that can
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Fig.3 Setting of deformation (a)
analysis on ANSYS (a) inserted
measured data (dot points) and
interpolated temperature on rail
(b) boundary condition

represent a rail’s average deformation and the temperature
that caused the deformation. We used Python code to calcu-
late the rails’ ADPs and displayed the positional data on a
UIC-60 rail image (Fig. 4). In this image, we can obtain the
average deformation line. For the last step, to select an ADP
from the average deformation line, we only used the ADP at
the rail’s centerline (X=0) because of the rail’s symmetri-
cal shape. Consequently, we could select a single ADP per
analysis using only Y coordinate variations.

2.4 Calculation of Advanced Representative
Rail-Temperature Measurement Point (ARMP)

To suggest an ARMP, we performed a statistical analysis
on the calculated ADP data. We selected solar irradiance
(a major heat source on rail), installation orientation, and
time as our analysis parameters. Solar irradiance causes rail
deformation. Installation orientation changes solar incidence
area, causing differences in rail temperature, which induces
different rail deformations. The intensity of solar irradiance
varies with time; thus, time is also a major parameter influ-
encing rail temperature and rail deformation. We analyzed
the tendency of the calculated ADP data with respect to

Average Deformation Line

these parameters and suggested an ARMP; the details are
shown below.

First, we analyzed ADP data with respect to the energy
the rail receives to determine the behavior of ADP with
respect to cumulative energy and installation orientation. We
employed the cumulative amount of solar irradiance (CASI),
which can represent the energy the rail receives with respect
to time, also employed by Hong et al. [13]. We separated
the calculated ADP data with respect to CASI levels. We
set CASI levels to three levels on an average of seasonal
and timely CASI. We set a low level, below 3500 W/m? of
CASI (an average of 1 year’s morning before 10 a.m.); a
middle level, between 3500 and 25,000 W/m? (an average
of 1 year’s daytime); and a high level, above 25,000 W/m?
(usually in a scorching day). With the three CASI levels, we
analyzed each level and found appropriate average points.

Second, we analyzed the calculated ADP data by month.
The former step showed the relationship between ADP and
CASI; thus, in this step, we analyzed the monthly behavior
of ADP. CASI varies daily, but to observe a clear difference,
we set the period for each month. We analyzed the calculated
ADP monthly and realized the tendency of ADP.

Finally, we suggested an ARMP and a fixed representa-
tive rail temperature measurement point (FRMP) from the
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Fig.4 Process of calculating average deformation line and ADP on UIC-60 rail
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analysis. We evaluated ARMP and FRMP by R-square and
MAE to assess their precision. In evaluating temperature
difference, we used measured rail temperature and simply
interpolated rail temperature where it was not measured.

3 Results and Discussion
3.1 Rail Temperature Analysis by Orientation of Rail

We measured rail temperature at multiple points of the rail
and climate data for one year (from July 20, 2018, to July
20, 2019) with a 10-min sampling time. We removed about
21 days of data based on the abovementioned standard, and
most of the data were found in February 2019. As such, the
February dataset is smaller than those of other months. We
collected about 5,200,000 rail temperature and climate data
points.

We verified our data measured at CNU using the Okcheon
data. We selected the data of 13 sunny days at both sites to
verify our dataset. On verification, the MAE of air tempera-
ture was 0.83 °C, and the maximum error was 1.5 °C, indi-
cating that the measurement environments of both sites are
similar. As shown in Additional file 1: Figure S2, rail tem-
perature showed similar patterns at both sites. The maximum
error and MAE were 3.3 °C and 0.97 °C, respectively. These
errors were due to different measurement conditions—instal-
lation orientations. However, a small MAE showed that our
measurement system is representative of rail temperature in
an actual field.

Previous studies have shown that rail temperature differs
with respect to its installation orientation [11-14, 18]. We
compared rail temperature on the same point at different
rail orientations to confirm this. As shown in Fig. 5, the
north—south rail (0° orientation) and east—west (90° orien-
tation) showed differences in rail temperature. In summer,
from June to July, rail temperature difference with respect to
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installation orientation was up to 7.3 °C; it was up to 9.4 °C
in autumn (from September to November) and spring (from
March to May) and up to 9 °C in winter (from December
to February). These differences occur owing to differences
in the rail solar incidence area with respect to installation
orientation. Because of these differences, rail has different
rail temperature distributions at different installation orienta-
tions, thereby causing different RDs at the same time.

3.2 Average Deformation Point (ADP) Analysis

We performed an additional filtering process with filtering
criteria before analyzing RD considering the meteorological
conditions to determine clear differences. We could obtain
15,476 datasets of rail temperature and climate data. After
the filtering process, we performed the FEM analysis with
ANSYS. We performed deformation analysis more than
30,000 times and collected about 16,000 RD data points in
a 60-min interval. We calculated ADPs and analyzed them
with respect to energy and time to suggest an ARMP.

ADP is based on longitudinal RD, which is mainly
affected by the surrounding climate and environment. We
analyzed the behavior of ADP in terms of the energy the
rail receives and selected CASI—a factor that can represent
how much energy the rail receives—as an ADP parameter.
Figure 6 shows the entire ADP data in terms of CASI lev-
els, whereas Additional file 1: Figures S3 and S4 show the
data separated monthly. In the two considered orientations,
ADP converged around 90 mm from the rail bottom. Particu-
larly, at 0° and 90° orientations, the mean of ADP showed
90.07 mm (standard deviation: 20.30 mm) and 85.90 mm
(standard deviation: 15.25 mm), respectively. This differ-
ence is due to the difference in the rail’s solar incidence
area, which causes an imbalance in the rail temperature dis-
tribution and local RD. Therefore, ADP is positioned more
widely where local RD more frequently occurs.

Also shown in Fig. 7, ADP showed different distributions
with respect to CASI levels. We separated ADPs by the sug-
gested CASI levels and analyzed them. At the low CASI
level, when the rail received small energy, ADP showed a
large deviation, indicating that rail temperature increased
locally and deformation occurred locally because of the
small energy. For both installation orientations, the low
CASI level showed the highest deviation. At the mid-CASI
level, ADPs showed the minimum deviation and converged
at 90 mm. ADPs varied more at the high CASI level than at
the mid-CASI level. The results indicate that at the low and
high CASI levels, there is an imbalance of rail temperature
distribution and rail deformation. This imbalance does not
cause unexpected accidents at the low CASI level, whereas
it can cause rail buckling and train derailment at the high
CASI level.
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We also analyzed ADP with respect to month because
CASI varies with time. Additional file 1: Table S1 sum-
marizes the mean and standard deviation of ADP with
respect to month and installation orientation. The results
at the two installation orientations showed that ADP was

around 90 mm but also showed a difference with respect to
its installation orientation. In addition, the results showed
minimum and maximum means of ADP in winter and sum-
mer, respectively. In winter, the sun is positioned near the
perihelion, which means the nearest to the Earth, and CASI
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is the maximum at that time. However, ADP is minimized
because our measurement system is located in the north-
ern hemisphere. In summer, the sun is positioned around
the apex, which means the farthest from the Earth. CASI
is minimized throughout the year, but ADP is maximized
for the same reason as above. These showed that ADP is
governed by the sun’s position and installation orientation.

We also showed the tendency of ADP with respect to
month (Fig. 8). As mentioned above, ADP varied with
respect to energy, which is represented by CASI, and time.
This showed that the mean of ADP differs with respect to
CASI; particularly, it has a linear relationship with CASI.
In other words, the relationship between ADP and CASI can
be simplified by the relationship between ADP and month,
which has a clear difference from CASI. Therefore, we used
this simplified relationship to suggest an ARMP.

3.3 Advanced Representative Rail-Temperature
Measurement Point (ARMP) Analysis

We constructed monthly mean of ADP regression equations
that could calculate the monthly mean of ADP. These equa-
tions are illustrated in Table 1. In Table 1, y represents the
measurement point, and x represents the month. The actual
values of the mean of ADP and the MAE of the mean of
ADP derived by the equations show a difference of 0.21 and
0.33 mm at 0° and 90° orientations, respectively. Rail tem-
perature at these points, is able to represent temperature of
the UIC-60 rail considering its deformation and installation
orientation. As shown in Fig. 9, we suggested this equation
as Advanced Representative rail-temperature Measurement
Point (ARMP). We also calculated mean of these points by
its orientation respectively and suggested these points as
Fixed rail-temperature Measurement Point (FRMP) which
was simply following a previous study of rail-temperature
representative point of KS-50n rail [14]. In comparison
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ARMP showed 22.1% better performance than FRMP in
the respect of MAE. Both ARMP and FRMP showed high
reliability and accuracy and by the purpose or user’s prefer-
ence both suggested points are able to contribute precise rail
temperature measurement. For example, in the train industry,
1 °C of rail temperature can change rail operation speed and
evaluate rail condition, furthermore, decide when to imple-
ment actions to lower rail temperature by rail-engineers. For
an efficient train system, precisely measuring rail tempera-
ture at an appropriate point is required.

4 Conclusion

In this study, we analyzed longitudinal rail deformation and
calculated ADP considering rail installation orientation.
With the calculated ADP data, we analyzed the relationship
between ADP and CASI and determined the tendency of

Table 1 Equation of ARMP and performance of ARMP and FRMP

Equation R? Temperture difference

MAE (°C) Max error (°C)

0° orientation y=-0.475 0.9255 0.21 0.42
x> +6.06
39x+71.
817

90° orientation y=-0.281 0.8587 0.33 0.41
9x>+3.38
15x +81.
493

FRMP y=90 - 0.55 0.73
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ADP by month considering installation orientation, which is
significantly influence rail temperature measurement. Con-
sequently, we suggested ARMP and FRMP for the UIC-60
rails. These points are more sensitive to rail deformation
than conventional measurement points because they are
suggested by considering rail deformation and rail instal-
lation orientation. ARMP and FRMP showed high reliabil-
ity and accuracy (mean absolute error=0.21 and 0.33 and
maximum error=0.42 and 0.41 for 0° and 90° installed
orientations, respectively). We expect that this study will
contribute to the rail industry, especially monitoring rail
temperature and precisely measuring rail temperature, to
prevent buckling accidents band serve efficient train ser-
vices. In future studies, we will consider more variation of
installation orientation to analyze its effects on ADP more
precisely.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12541-022-00747-7.
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