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Abstract: Proactive rail temperature management is vital for ensuring the structural integrity 

and safety of railway infrastructure, particularly to mitigate risks like thermal buckling and 

derailments. Existing empirical models, such as those by Hunt and Whittingham, have 

significant limitations in precision and adaptability, prompting the need for innovative 

approaches that align with modern infrastructure management practices. This study presents 

a novel methodology to optimize rail temperature prediction through time segmentation via 

K-means clustering. This approach represents a significant advancement in life cycle 

performance and risk assessment by providing a scalable, user-friendly solution.  

The proposed model integrates multivariate regression and Python-based automation to 

establish a relationship between air temperature, time, and rail temperature, designed for 

implementation in common spreadsheet tools like Microsoft Excel. Field validation across 

five Amtrak network stations, representing diverse climatic and structural conditions, 

demonstrated high predictive accuracy, with temperature deviations within ±2°C and an R² 

value of 0.943. This research contributes to resilient infrastructure management by enabling 

precise, low-cost temperature predictions, facilitating timely maintenance strategies, and 

enhancing risk-based decision making processes for railway operations. 
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1 Introduction 

Rail is recognized as one of the safest modes of transportation. However, like other 

modes of transport, unexpected heat waves and changing climatic conditions can 

have a significant negative impact on rail systems. These changes can affect the 

geometric stability of the tracks, potentially compromising safety [1]. Therefore, 

systematic track monitoring and proactive management of geometric deterioration 

have become essential strategies to mitigate emerging risks and ensure the 

continued safety and operational integrity of rail networks [2, 3]. Heat-related rail 

failure is one of the most significant threats to rail safety. Different countries use 

various terms to describe heat-related rail failure. For example, in the United States 

of America (USA), it is commonly known as "sun kink," in the United Kingdom 

(UK) as "rail buckling" [4]. In this study, this phenomenon is briefly referred to as 

RTB (rail thermal buckling). Some minor RTB incidents, such as those shown in 

Figure 1.a [5], may be difficult to detect through visual inspection alone. However, 

they can pose a safety risk, particularly at high speeds [6]. In addition, as shown in 

Figures 1.b-f [7-10], some S- or C-shaped RTBs can extend to large dimensions and 

cause derailments even when trains are running at speeds slightly above the 

restricted limits (e.g. 30 km/h). 

 

Figure 1 

RTB samples from various countries; a) Washington, D.C., USA [5], b) Sweden [7], c) Unspecified 

line [8], d) Kahramanmaraş, Türkiye [9], e) Canada [7], f) Unspecified line [10] 

As shown in Figure 1, RTB incidents have become a widespread global problem 

and are no longer confined to specific regions such as continental or desert climates 

[4, 6, 11, 12]. Climate change is a major factor contributing to the increasing 

frequency of RTB incidents, which have intensified in recent decades [11, 13]. 

Another factor contributing to the increasing trend of RTB incidents is the use of 

welded rail joints, which have been examined in detail in the literature [14]. While 

these joints offer significant advantages, they also extend the continuous rail length, 
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thereby increasing susceptibility to thermal expansion and contraction. In the USA, 

over 2,100 train derailments in the last forty years have been associated with track 

buckling, averaging approximately 50 accidents per year [15]. In the European 

Union (EU), Figure 2.a shows the recorded incidents due to lateral misalignment 

and annual temperature anomalies from 2008 to 2018 [6]. On the other hand, 

Ferranti et al. (2016) analysed more than 340,000 heat-related failures and incidents 

in the UK (South East England) from 2006 to 2013, the results of which are shown 

in Figure 2.b [12]. These analyses show a steady annual increase in RTB incidents, 

which correlates with global warming trends. Furthermore, as shown in Figure 2.b, 

some countries report RTB incidents almost all year round, not just in the summer, 

although the highest number of incidents occurs in July.  

 

Figure 2 

The relationship between the track misalignment and annual air temperature records in the EU [6],  

b) Monthly changes in the RTB incidents recorded in the UK [12] 

In summary, this introduction has outlined the critical challenges posed by RTB 

incidents and highlighted the impact of changing climatic conditions and structural 

factors on rail safety. Building on this background, the following section reviews 

the literature on key benchmarks and temperature thresholds essential for the 

effective management of RTB. This discussion provides a foundation for 

understanding how quantitative approaches can be applied to mitigate RTB risks. 



F. Çeçen et al. Optimizing Rail Temperature Management: A Time-Segmented K-Means Approach  
 for Risk Mitigation and Resilient Infrastructure 

‒ 52 ‒ 

2 Benchmarks and Thresholds for RTB Management 

To prevent RTB incidents, railway engineers use two key benchmarks: the Stress-

Free Temperature (SFT) and the Critical Rail Temperature (CRT). The SFT, also 

known as the Rail Neutral Temperature (RNT), is a theoretical temperature at which 

the total stress in the rail, excluding residual stress, is zero. At this temperature, the 

rails in the track are the same length as they would be in an unstressed state. On the 

other hand, CRT values indicate the rail temperature above which RTB is likely to 

occur [6, 8, 16, 17]. These benchmarks (SFT and CRT) have been calculated from 

weather and rail temperature records using the equations given in Equations 1-12 

[11, 18, 19]. 

𝑇𝑎𝑖𝑟𝑎𝑣𝑔 =
𝑇𝑎𝑖𝑟𝑚𝑖𝑛+ 𝑇𝑎𝑖𝑟𝑚𝑎𝑥

2
 

(1) 

𝑇𝑟𝑎𝑖𝑙𝑚𝑖𝑛 = 𝑇𝑎𝑖𝑟𝑚𝑖𝑛  (2) 

𝑇𝑟𝑎𝑖𝑙𝑚𝑎𝑥−1 = 𝑇𝑎𝑖𝑟𝑚𝑎𝑥  𝑥 1.5 (3) 

𝑇𝑟𝑎𝑖𝑙𝑚𝑎𝑥−2 = 𝑇𝑎𝑖𝑟𝑚𝑎𝑥 + 17°C (4) 

𝑇𝑟𝑎𝑖𝑙𝑚𝑎𝑥−3 = 1.228 𝑥 𝑇𝑎𝑖𝑟𝑚𝑎𝑥 +  9.7°C (5) 

𝑇𝑟𝑎𝑖𝑙𝑎𝑣𝑔 =
𝑇𝑟𝑎𝑖𝑙𝑚𝑖𝑛+ 𝑇𝑟𝑎𝑖𝑙𝑚𝑎𝑥

2
 

(6) 

𝑆𝐹𝑇 = 𝑇𝑎𝑣𝑔 + 5°C (7) 

𝑇𝑎𝑙𝑙𝑤𝑚𝑖𝑛 = 𝑆𝐹𝑇 − 3°C (8) 

𝑇𝑎𝑙𝑙𝑤𝑚𝑎𝑥 = 𝑆𝐹𝑇 + 3°C (9) 

𝐶𝑅𝑇𝑎𝑙𝑎𝑟𝑚  = {
𝑆𝐹𝑇 + 10°C , 𝑖𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑏𝑎𝑙𝑙𝑎𝑠𝑡 𝑠𝑢𝑝𝑝𝑜𝑟𝑡, 𝑒𝑡𝑐.
𝑆𝐹𝑇 + 32°C , 𝑔𝑜𝑜𝑑 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑡𝑟𝑎𝑐𝑘

 (10) 

𝐶𝑅𝑇50/100 = {
𝑆𝐹𝑇 + 13°C , 𝑖𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑏𝑎𝑙𝑙𝑎𝑠𝑡 𝑠𝑢𝑝𝑝𝑜𝑟𝑡, 𝑒𝑡𝑐.
𝑆𝐹𝑇 + 37°C , 𝑔𝑜𝑜𝑑 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑡𝑟𝑎𝑐𝑘

 (11) 

𝐶𝑅𝑇30        = {
𝑆𝐹𝑇 + 15°C , 𝑖𝑛𝑎𝑑𝑒𝑞𝑢𝑎𝑡𝑒 𝑏𝑎𝑙𝑙𝑎𝑠𝑡 𝑠𝑢𝑝𝑝𝑜𝑟𝑡, 𝑒𝑡𝑐.
𝑆𝐹𝑇 + 42°C , 𝑔𝑜𝑜𝑑 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑡𝑟𝑎𝑐𝑘

 (12) 

Tairavg : Average annual air temperature, [°C] 

Tairmin : Minimum recorded air temperature (e.g., over last 50 years), [°C] 
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Tairmax : Maximum recorded air temperature (e.g., over last 50 years), [°C] 

Trailmin : Lowest possible rail temperature, [°C] 

Trailmax-1 : Highest possible rail temperature (Hunt Equation 1), [°C] 

Trailmax-2 : Highest possible rail temperature (Hunt Equation 2), [°C] 

Trailmax-3 : Highest possible rail temperature (Whittingham Equation), [°C] 

Trailavg : Average estimated rail temperature, [°C] 

SFT : Stress-free temperature, [°C] 

Tallwmin : Minimum allowed rail temperature, [°C] 

Tallwmax : Maximum allowed rail temperature, [°C] 

CRTalarm : Alarm threshold for rail temperature, [°C] 

CRT50/100 : Threshold for moderate speed restriction (e.g., 50–100 km/h), [°C] 

CRT30 : Threshold for severe speed restriction (e.g., 30 km/h), [°C] 

Railway engineers manage SFT to balance the stresses on the rails—compressive 

forces in summer and tensile forces in winter. By setting SFT midway between these 

extremes, they minimize these stresses [20]. Using historical weather data and 

Equations 1-12, engineers choose installation days with air temperatures close to 

the SFT or pre-stress the rails to match the SFT [11, 18]. In this context, Equation 

1 calculates the average air temperature (Tairavg) by averaging the annual minimum 

(Tairmin) and the annual maximum (Tairmax) temperatures obtained from the long-

term temperature database (e.g., the last 50 years) for the relevant railroad section. 

Equation 2 is used to estimate the lowest possible rail temperature (Trailmin), 

whereas Equations 3 and 4 are used to estimate the highest possible rail temperature 

(Trailmax-1 and Trailmax-2). These equations were proposed by Hunt (1994) [21, 22]. 

Notably, the second equation yields higher rail temperature values at lower air 

temperatures. Although not as widely used as the equations proposed by Hunt 

(1994), an earlier equation by Whittingham (1969), presented as Equation 5, is also 

referenced in the literature [19]. Additionally, Esveld proposed a graphical method 

to estimate rail temperatures under sunny and cloudy conditions [16]. Equation 6 

defines the average rail temperature (Trailavg) as the arithmetic mean of Trailmin 

and one of the maximum values (Trailmax) obtained from the Hunt or Whittingham 

equations. The SFT value is then calculated as 5°C higher than this Trailavg value 

(Eq. 7). If the ambient temperature during installation differs significantly from the 

SFT, the rails are pre-stressed to the SFT length using special equipment. SFT 

values vary from country to country and in some cases from city to city within 

countries. According to the literature [16, 18], SFT values are 25°C in France and 

Switzerland, 27°C in the UK and Spain, 17-22°C in Germany, 13-36°C in Türkiye 

and 35-43°C in the USA. 
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Once these SFT values have been determined, engineers calculate the temperature 

limits within which maintenance or installation work can be safely carried out. 

Equations 8 and 9 are among the most commonly used equations for this purpose. 

These equations calculate the minimum (Tallwmin) and maximum (Tallwmax) 

allowed rail temperatures for maintenance/installation at the railway section, 

respectively. After determining SFT values, CRT values are calculated using safety 

coefficients based on track conditions, such as ballast support. These coefficients 

vary depending on the railway organization, infrastructure, and operating speed. 

Equations 10-12 give values from the literature [11]. When rail temperature 

readings exceed the alarm threshold (CRTalarm) , inspections are intensified and track 

conditions are thoroughly assessed by experts. If temperatures exceed a second 

threshold (CRT50/100), emergency speed restrictions (between 50 and 100 km/h, 

depending on train and track type) are implemented. When temperatures exceed the 

third threshold (CRT30), severe speed restrictions (30 km/h) are imposed and non-

essential services are cancelled. Speed restrictions are necessary because RTB 

incidents usually occur when a train is passing, as rails rarely buckle spontaneously 

even at high temperatures and usually require additional energy input from passing 

trains [11, 12]. Although these restrictions cause delays, they are essential to ensure 

safety and protect life and property [23]. Different definitions/applications of each 

country/railway operator are also possible. According to the active monitoring 

system of Amtrak (USA), the rail temperature set points are 51.7°C for warning, 

52.8°C for alarm, and 57.2°C for critical alarm. In addition to rail temperatures, air 

temperatures are also monitored to ensure safe transport. The air temperature set 

points are 33.9°C for warning, 35.0°C for alarm, and 38.9°C for critical alarm, 

according to the same monitoring system [24]. This is because the temperature 

sensors that are connected to the rails both take local measurements and can easily 

be subject to error or failure. Using Equations 1-12 to determine SFT and CRT 

values can be misleading. Recent studies, like the case in Figure 3, show the 

conventional equations by Hunt and Esveld may not accurately predict rail 

temperatures. For instance, at 23°C air temperature, rail temperatures can range 

from 21°C to 43°C. Equations such as Esveld's (sunny conditions) and Hunt's (Eq. 

4) give high rail temperature predictions (40-42°C), leading to unnecessary 

precautions and economic losses. Conversely, moderate equations may 

underestimate temperatures, increasing the risk of rail track buckling (RTB) and 

accidents. Therefore, it can be concluded that conventional approaches are 

insufficient for effectively preventing RTB incidents. 

Engineers and researchers, recognizing the limitations of conventional equations, 

have developed two new approaches. The first approach uses more complex 

relationships involving variables like wind speed, rail orientation, pressure, 

humidity, and solar radiation, rather than just air temperature. Equation 13, found 

in the literature, contains 28 coefficients and variables. A study compared actual 

rail temperatures in July (9-14 June 2010) with those calculated using Equation 13 

(Trail) and the methods by Hunt and Whittingham. 
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Figure 3 

Air versus rail temperature records for two different railway sections in the UK including the 

numerical empirical equations given the other researchers [16] 

While the complex equation provided better predictions, it still had a 6°C difference 

[19]. Since the detailed descriptions of the 28 symbols used in that equation are 

already provided in the referenced study [19], they are not repeated here to maintain 

clarity and avoid redundancy. 

𝑇𝑟𝑎𝑖𝑙 = 𝛽1µ10 + 𝛽2µ10 + 𝛽3𝑡𝑒𝑚𝑝_𝑠𝑐𝑟𝑛 + 𝛽4𝑑𝑒𝑤𝑝𝑡_𝑠𝑐𝑟𝑛 + 𝛽5𝑠𝑓𝑐_𝑝𝑟𝑒𝑠 +

𝛽6𝑎𝑐𝑐𝑢𝑚_𝑝𝑟𝑐𝑝 + 𝛽7𝑚𝑠𝑙𝑝 + 𝛽8𝑎𝑐𝑐𝑢𝑚_𝑒𝑣𝑎𝑝 + 𝛽9𝑙𝑎𝑡_𝑙𝑖𝑓𝑙𝑥 + 𝛽10ℎ𝑓𝑠𝑓𝑐𝑑𝑜𝑤𝑛 +

𝛽11𝑎𝑣_𝑛𝑒𝑡ℎ𝑠𝑓𝑐 + 𝛽12𝑎𝑣_𝑛𝑒𝑡𝑠𝑤𝑠𝑓𝑐 + 𝛽13𝑎𝑣_𝑜𝑙𝑟 + 𝛽14𝑎𝑣_𝑠𝑒𝑛𝑠_𝑙𝑓𝑙𝑥 +

𝛽15𝑎𝑣_𝑠𝑓𝑐_𝑠𝑤_𝑑𝑖𝑓 + 𝛽16𝑎𝑣_𝑠𝑓𝑐_𝑠𝑤_𝑑𝑖𝑟 + 𝛽17𝑎𝑣_𝑠𝑤𝑖𝑟𝑟𝑡𝑜𝑝 + 𝛽18𝑎𝑣_𝑠𝑤𝑓𝑐𝑑𝑤𝑛 +

𝛽19𝑚𝑖𝑑_𝑐𝑙𝑑 + 𝛽20𝑔𝑠𝑎𝑖𝑟_𝑠𝑐𝑟𝑛 + 𝛽21𝑠𝑒𝑛𝑠_𝑙𝑓𝑙𝑥 + 𝛽22𝑠𝑓𝑐_𝑡𝑒𝑚𝑝 + 𝛽23𝑠𝑜𝑖𝑙_𝑚𝑜𝑖𝑠 +

𝛽24𝑠𝑜𝑖𝑙_𝑡𝑒𝑚𝑝 + 𝛽25max _𝑠𝑐𝑟𝑛 + 𝛽26min _scrn + 𝛽27𝑡𝑙𝑙_𝑐𝑙𝑑 + 𝛽28𝑍0 

(13) 

The second approach is to take advantage of rail temperature monitoring systems. 

Due to the difficulty in obtaining the necessary data for complex equations, such as 

Equation 13, and concerns about the reliability of each input, some 

researchers/organizations have evaluated that such applications are not feasible 

[25]. Therefore, several railway organizations have opted to measure rail 

temperature directly using sensors attached to the rails. While this approach 

provides a more reliable solution in theory, effective management of RTB cases 

requires a sensor network covering the entire rail network. This is because, as can 

be inferred from Figure 3, rail temperatures vary considerably from place to place, 

and using just a few sensors over a long distance would be insufficient. Therefore, 

some railway operators have started to extend these systems by installing numerous 

sensors on their tracks. Although this application involves significant costs for 

sensor installation, operation and maintenance, the importance of the issue and the 

need to make necessary decisions in critical areas forces them to make this effort. 

However, as pilot systems have been tested in the field, some important drawbacks 

have emerged. For example, there are safety concerns, especially on high-speed and 
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electrified lines. Because, the power sources (batteries) of these modular systems 

need to be replaced periodically. In addition, the sensors need to be constantly 

checked to ensure that they are calibrated and working correctly under different 

operating loads and climatic conditions. In addition, it is not always easy to transmit 

data wirelessly via the Internet or satellite along the route of the railway lines. While 

it is possible to address these issues, each solution comes with its own costs, 

deployment challenges and time and labour requirements. 

Therefore, to prevent RTB incidents and to accurately predict, measure and analyze 

rail temperatures, the industry needs a less complex but more accurate/convergent, 

easy to use and freely available quantitative relationship. Although some railway 

organizations measure rail temperatures using sensors attached to the rails, it can be 

beneficial to compare sensor-induced data with numerical predictions. This 

approach helps to continuously monitor and easily address potentially faulty 

sensors. By using one or two input data from meteorological (weather) stations, 

which already exist in almost every town/station, the number of rail temperature 

sensors that need to be installed on railways can be significantly reduced or in some 

cases eliminated. This would also overcome the disadvantage of not having 

historical rail temperature data to determine SFT and CRT. In addition, the use of 

future meteorological forecasts can make rail operations more efficient. 

2 Method 

In this study, a specific Python script was used to achieve the objectives outlined in 

the previous section. This script uses common spreadsheet files (e.g. xlsx files) as a 

database. To generate the required relationships, the spreadsheet files must contain 

at least three columns: time (in clock format, i.e. hh:mm), air temperature and actual 

rail temperature. The script parses the time data into hours and minutes. It then uses 

the air temperature, hour and minute as the "independent" variables, while the rail 

temperature is used as the "dependent" variable. Using the K-means clustering 

algorithm, a common method in machine learning, the script is able to divide the 

24-hour data into a preferred number of segments (time intervals). In this study, it 

was decided to segment the dataset into three parts (K = 3 clusters). The script 

determines the optimal start and end times for each segment using the K-means 

clustering algorithm [26]. After these, a multivariate regression model is trained for 

each time segment. The trained models are then used to predict rail temperatures. 

As a result, three different equations (functions) that best match the actual rail 

temperature values (with high R² values) are determined for the three different time 

segments of the day. These equations are combined into a single output that can be 

used in common spreadsheet software such as Microsoft Office Excel using 

IF/AND functions. While the method of predicting rail temperatures using machine 

learning algorithms has been the subject of several studies in recent years [25, 27], 

the novel aspect of this study is the analysis of measurement days by dividing them 
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into three segments via K-means clustering method and finally presenting the 

results in an easy-to-use and free-for-access numerical formula. Moreover, the 

formula requires very little data (only air temperature and time of day variables) 

and is simple enough to run on a simple spreadsheet or by hand if desired. This 

makes it easy to obtain real-time, predicted or historical rail temperature values 

through simple calculations using the almost ubiquitous time-indexed air 

temperature sensor networks or hourly weather forecasts/records provided by 

meteorological services. 

The newly written Python script uses; 1) the actual rail temperature, 2) time (hour 

& minute; hh:mm), 3) air temperature variables, to generate the resulting numerical 

formula. Once this formula has been generated, no actual rail temperature values 

are required to calculate real-time, predicted or historical rail temperatures. In this 

case study, these three input data sets to generate the formula were obtained from 

the Amtrak's website. This website was developed as part of a Rail Temperature 

Prediction System (RTPS) project carried out in the USA. This project was one of 

the first in this field. This RTPS has been developed by ENSCO within a program 

supported by the Federal Railroad Administration (FRA) to provide more reliable 

decisionmaking when issuing slow orders to manage track buckling risk. The model 

is based on a transient heat transfer process and uses air temperature, solar radiation 

intensity, solar angle, wind speed, sky temperature, and the heat absorptivity and 

emissivity of the rail. Continuous efforts have been made to improve the model 

algorithm. Several valuable experiences have been gained, some of which have 

been shared with the public scientific community [23, 28, 29]. This RTPS was first 

tested on Amtrak's NEC in 2007. Amtrak, officially known as the National Railroad 

Passenger Corporation, provides open access to real-time rail temperature and 

meteorological data through its dedicated website [24]. The data streaming 

frequency (rail or air temperature) is 15-minute intervals and details of the most 

recent data (last 24 hours) can be accessed through this website. 

In this study, the actual rail temperature (the first input variable mentioned above) 

was used to run Phyton scripts (machine learning algorithms) and validate the rail 

temperature predictions. The Amtrak wayside locations have four temperature 

sensors (left and right rails of parallel lines), so there are four different rail 

temperature variables (track 3 S, 3 N, 2 S, 2 N). The raw data from each sensor (rail 

temperature) is considered noisy by the developers [28], so filtering was applied to 

smooth the data. In addition, as discussed by them, significant differences were 

observed between these four sensors, so an average channel was created for the 

RTPS model [23, 28]. This average channel is not included on the Amtrak website 

[24]. In this study, the average of the two lowest sensors was used for analysis. This 

is because, depending on the position of the sun, for example, the western sides of 

the rails are shaded first during the morning and the eastern sides of the rails are 

shaded after midday. As a result, the shaded sides are well represented by the air 

temperature and the entire rail web. Therefore, the average of the two sensors with 

the lowest values (which change dynamically according to the position of the sun) 
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is used in this study. In this study, the outside air temperature data (the other input 

variable mentioned above) was also used to run the Phyton script and predict the 

rail temperatures. This data, along with the other variables (e.g. solar radiation, wind 

direction, wind speed, rain, atmospheric pressure), is streamed from the weather 

stations set up for the RTPS system. Some examples of these stations are shown in 

Figure 4 [28]. 

 

Figure 4 

Several wayside weather stations (highlighted with red circles) along Amtrak's railroad lines [28] 

This study analyzed data from five RTPS monitoring sites: BWI, Prince, 

Wilmington, Albany, and Monmouth stations. GPS coordinates were obtained from 

the Amtrak's website [24] and mapped using Google Earth [30], as presented as an 

example in Figure 5. Each site has unique railroad and climatic conditions: 

• BWI: This station is part of Amtrak’s Northeast Corridor, one of the busiest 

rail lines in the country, and frequently experiences speed restrictions due to 

extreme heat [31]. RTPS monitoring equipment is installed on three parallel 

tracks, with four sensors deployed. Coordinates: 39.19301°N, -76.69493°W. 

The site is surrounded by forest, with no structures providing shade. Similarly, 

SNCF (French National Railways) installs weather stations in shaded 

locations, typically on catenary masts [32]. 

• Prince: Near the ocean, partly surrounded by forest, with two parallel tracks 

and four sensors. Coordinates: 39.56908°N, -76.03831°W. High humidity 

levels were recorded, approaching 100% on some days. 

• Wilmington: Three tracks (two concrete, one wooden sleepers) with four 

sensors installed. Coordinates: 39.74914°N, -75.51888°W. Located between a 

river and a residential area. 

• Albany: On the Amtrak Empire Line, featuring four to five mixed-sleeper 

tracks with four sensors. Coordinates: 42.64388°N, -73.74093°W. Proximity 

to a platform roof may cause artificial shading and wind blocking. 

• Monmouth: Rural area with four parallel tracks. Coordinates: 40.37651°N, -

74.54739°W. No tall structures nearby to block wind or create shade. 
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Figure 5 

Google Earth views of where BWI Station RTPS sensors are located [30] 

As mentioned above, the RTPS data stream frequency is 15 minutes. Therefore, 

data was collected for 20 air temperatures, 20 rail temperatures and 20 time points 

every hour, giving a total of 1,440 data points per day (24 hours). Over a nine-day 

recording period, this resulted in 12,960 input data points being recorded in a 

spreadsheet. After running the script described, this data was found to be sufficient 

to determine the optimal start and end times for three segments of the day and to 

develop three numerical equations for each segment. Notably, all the data was 

collected in July 2024. This month was chosen because, according to various 

literature sources, it has the highest number of track buckling incidents in the 

northern hemisphere [12, 25]. In addition, weather records from meteorological 

institutions show that the analysed sites experienced almost all types of climatic 

conditions during this period, including sunny, cloudy, rainy, dry, windy and calm. 

While the equation developed is primarily applicable during the summer months 

and within certain states in the USA, similar procedures can be applied to other 

states or countries and time periods. By recording the data in a spreadsheet and 

analyzing it with the Python script described, it will be possible to determine the 

optimal start and end times for each segment and to identify the equations with the 

most overlap for each segment. On the other hand, if a single equation can be 

developed to represent these diverse and feature-rich sites, it could potentially be a 

significant achievement and applicable to many other rail lines, both within the 

USA and internationally. 

3 Results 

Figure 6 shows the variations of 4,320 actual rail temperature measurements over 

the course of the day, with different colors representing each station. As observed, 

most of the station data follows a recognizable pattern, with temperature values 

rising and falling systematically. However, the Albany station, in particular, 
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exhibits anomalies on some days that cannot be easily explained. This discrepancy 

will be analyzed in detail in the Discussion section. 

Another notable aspect is the division of the day into three time segments (night, 

day to afternoon, and afternoon to midnight). It is evident that almost all stations 

display a similar trend of stability, increase, or decrease across these segments.  

The start and end times for the time segments were determined using the Python 

script described above to obtain optimal results. As seen in Figure 6: from 00:00 to 

about 08:00, the rail and air temperatures remain close together and approximately 

constant; from 08:00 to 16:00, solar radiation increases as the sun rises, causing 

both air and rail temperatures to rise rapidly and stabilize at a maximum level; and 

from 16:00 to 24:00, both air and rail temperatures exhibit a steady downward trend. 

These observations highlight the different temperature trends during the different 

segments of the day. After performing time segmentation using the K-means 

clustering algorithm in the Python script, a multivariate regression model was 

trained for each time segment using the 12,960 input data points recorded in a 

spreadsheet. As a result, three different equations were determined to best fit the 

actual rail temperature values for the three different time segments of the day. These 

equations are combined into a single output formula that can be used in common 

spreadsheet software such as Microsoft Office Excel using IF/AND functions.  

The combined formula is shown below as Equation 14. The R2 value of this formula 

has been calculated by Phyton to be 0.943. 

 

Figure 6 

Rail temperature data on a station-by-station basis and over a 24-hour time period 
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𝑅𝑎𝑖𝑙_𝑡𝑒𝑚𝑝 =

{
 
 
 

 
 
 
1.0485 × 𝐴𝑖𝑟𝑇𝑒𝑚𝑝 + 0.0870 ×  𝐻𝑜𝑢𝑟 − 0.0011 ×𝑀𝑖𝑛𝑢𝑡𝑒 − 1.7509,   

00: 00 ≤ 𝑇𝑖𝑚𝑒 < 08: 00
 

1.2935 × 𝐴𝑖𝑟𝑇𝑒𝑚𝑝 + 0.8544 ×  𝐻𝑜𝑢𝑟 + 0.0143 ×𝑀𝑖𝑛𝑢𝑡𝑒 − 9.9604,

08: 00 ≤  𝑇𝑖𝑚𝑒 < 16: 00
 

1.2353 × 𝐴𝑖𝑟𝑇𝑒𝑚𝑝 − 1.2080 ×  𝐻𝑜𝑢𝑟 − 0.0159 × 𝑀𝑖𝑛𝑢𝑡𝑒 − 21.3464,

16: 00 ≤  𝑇𝑖𝑚𝑒 < 24: 00

 (14) 

Air_temp : Measured/recorded atmospheric air temperature at given times, [°C] 

Rail_temp : Estimated rail temperature derived from Air_temp at corresponding 

time points, [°C] 

Hour : The hour component of the time variable expressed on a 24-hour clock 

(0–23) 

Minute : The minute component of the time variable (0–59) 

Time : Daily time represented in HH:MM (24-hour) format, used to segment 

the day into three distinct periods 

Figure 7 for BWI station shows the performance of the prediction equation for one 

of the five analysis sites. The air temperature (blue line), actual rail temperature 

(black line) from the Amtrak website [24], and the predicted rail temperature (green 

line) from Equation 14 were evaluated over the 9-day recording period. As seen, 

the actual and predicted rail temperature values overlap to a large extent on all days, 

including 16-17 July 2024, when the air temperature was around 40 °C, or 18-19 

July 2024, when the air temperature was relatively low (29 °C), with a maximum 

difference of 2-3 °C, and the time with the peak temperature also overlaps to a large 

extent. These findings also apply to the Prince, Willington, and Monmouth stations. 

4 Discussion 

In this study, instead of using detailed data and sensors, a novel application was 

preferred that assumes; 1) there is no solar input at night, 2) solar radiation and 

temperature increase from sunrise to mid-afternoon, 3) solar radiation and radiant 

heat decrease from mid-afternoon to midnight, resulting in a gradual cooling of the 

atmosphere and Earth. This "three-segment air temperature-based rail temperature 

regulation" approach is the first known application in the literature that allows 

simple and practical thermal modelling without the need for additional sensors or 

detailed data. For a better interpretation, the differences between the results 

obtained from the Hunt, Whittingham and this study models compared to the actual 

rail temperature values are calculated in Celsius and presented on an hourly basis 

in Figure 8. 
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As can be seen, the newly developed relationship shows that the largest differences 

occur during the transitions between time segments, but do not exceed 2-3°C. This 

value is close to the error of the recently developed complex RTPS or the other 

similar systems [19, 23, 27-29]. Moreover, considering that the air temperature 

represents a broad location and that such variations would be expected if rail 

temperatures were measured across this broad geography, the 2-3°C difference 

might not even be considered a significant error. In fact, Figure 9 shows differences 

of up to 9°C between four closely spaced rail temperature sensors. On the other 

hand, conventional methods show differences of at least 5°C during peak 

temperatures around 15:00-16:00, with these differences increasing significantly at 

other times, approaching 20°C. Another issue is that a significant proportion of the 

differences seen in Figure 8 are from the Albany station data. This is likely to be 

due to the placement of the temperature sensors close to the platform roof and/or 

the rapid cooling of the rails due to rainfall, while the air temperature cools more 

slowly compared to the rails. The methodology used in this study suggests that the 

effect of the first possibility is significantly reduced. This is because, except for the 

days 16-18 July 2024 (7 out of the 9 days of the measurement period), there is a 

significant overlap. This success is remarkable even considering the large 

differences between the four sensors shown in Figure 9. 
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Figure 7  

BWI Station rail temperature (actual and predicted) vs air temperature [°C] graphs  

However, although there is an overlap in the peak temperature values on 16 and 18 

July 2024, the actual rail temperature dropped rapidly due to the subsequent rainfall 

(as can be seen in Figure 10), while the air temperature did not drop as quickly, 

leading to an increased difference as the predicted rail temperature decreased more 

slowly. This suggests that the newly developed model may be weak in capturing 

sudden increases and decreases in rail temperature due to the slower response of air 

temperature. However, this disadvantage is also seen in most of the complex models 

developed to date. The RTPS developers found that the ambient temperature at 

ground level is typically 0.5-1°C higher than the ambient temperature measured 9 

metres above ground [29]. Therefore, by adjusting the location of the weather 

station, a faster response can be achieved in some cases. On the other hand, as 

experienced by the ENSCO developers, the difference between the ambient 

temperature and the sky temperature can lead to overestimation or underestimation 
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of the peak rail temperature on certain days [29]. As seen, even the most advanced 

models developed today are not free from errors, and approximately 2.8°C peak 

value difference is considered normal even on ideal days [29]. Under these 

conditions, it seems that the new numerical method, which uses very little data and 

has been developed with pioneering approaches, is significantly more successful 

than conventional methods and often provides results comparable to modern 

complex models. However, expanding the research is undoubtedly necessary. 

 

Figure 8 

Difference between actual rail temperature and predictions by Hunt, Whittingham, and this study 

 

Figure 9 

Temperature records from four rail temperature sensors in the vicinity of Albany station and the 

differences between each of them and the average 
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Figure 10 

The sudden drop in rail temperature due to rain, in contrast to the relatively slow decrease in air 

temperature and the new air temperature-indexed equation (Albany Station) 

Conclusions 

Railway safety is increasingly affected by global warming and climate change, 

requiring robust and cost-effective strategies for monitoring and predicting rail 

temperatures. Traditional empirical equations, such as those proposed by Hunt and 

Whittingham, often lack precision, leading to either over-cautious measures or 

increased risk of rail thermal buckling (RTB). Conversely, while modern, multi-

variable models and in-situ rail temperature measurements provide higher accuracy, 

they are resource-intensive and challenging to maintain over a system's life cycle. 

This study introduces a novel, practical approach for rail temperature prediction, 

emphasizing simplicity, adaptability, and accuracy. The proposed method aligns 

with infrastructure management priorities by integrating minimal data requirements 

‒ air temperature and time of day ‒ into a user-friendly prediction model suitable 

for widespread use. The findings of the study are summarized as follows: 

• This study is the first in the literature to employ time-segmented modeling, 

leveraging the natural diurnal cycle of solar radiation and temperature 

changes. By dividing the day into night, day, and evening periods, the 

proposed model effectively eliminates the need for additional sensors. This 

innovative segmentation provides a practical and efficient solution that 

contributes to optimising life cycle performance and infrastructure 

resilience. 
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• The study leverages 12,960 data points to apply K-means clustering to 

determine the optimal time segmentation, and then trains regression models 

tailored to each segment. The resulting equations are integrated into a unified 

formula that can be executed in Microsoft Excel, delivering highly accurate 

predictions with an R² value of 0.943. This approach supports effective risk-

based decision making by providing accessible and reliable temperature 

forecasts. 

• The model exhibits accuracy comparable to complex Rail Temperature 

Predicting Systems (RTPS), with deviations maintained within ±2-3°C 

across transitions between time segments. This level of precision 

significantly outperforms conventional methods, which often show errors 

exceeding 5°C, particularly during peak temperature periods. 

• The model is less effective at capturing sudden temperature changes caused 

by events such as rain, a limitation also shared by many advanced models. 

However, improving the placement of weather stations can enhance the 

model’s responsiveness. Field validation conducted across a range of 

climatic conditions has demonstrated the robustness of this approach. 

• Although this methodology was initially developed for summer conditions 

in certain regions of the USA, it can be adapted for use in different 

geographic and temporal settings. By recording and analyzing data using the 

provided Python script, users have the flexibility to adjust segment timings 

and tailor equations to suit the needs of local infrastructure. 

• While the diurnal thermal patterns examined in this study reflect typical 

conditions of temperate climate zones, the underlying methodology ‒ 

particularly the data-driven time segmentation ‒ remains adaptable to 

nonstandard climatic regimes. This flexibility arises from the model's 

reliance on observable temperature trends rather than fixed assumptions. 

Furthermore, the approach could be further generalized through geographic 

segmentation, where an additional variable ‒ based on climatic or latitudinal 

clustering ‒ guides the selection of region-specific equations within 

spreadsheet-based applications. Such extensions, supported by local data 

collection or existing climate records, would maintain the model’s 

operational simplicity while enhancing its applicability across broader rail 

networks. 

In conclusion, the proposed model strikes a balance between simplicity and 

accuracy, providing a practical, cost-effective alternative to both traditional and 

modern approaches. Its potential to optimize rail temperature management and 

support proactive maintenance strategies suggests promising applications. 

However, limitations of the model in capturing abrupt temperature changes 

highlight the need for further research to improve its adaptability and accuracy 

under varying conditions. Improving the placement and density of nearby weather 

stations is expected to improve the model’s accuracy and responsiveness without 
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compromising its simplicity or field applicability. Therefore, future studies should 

focus on refining this approach to address these limitations and improve its 

effectiveness across different scenarios. 
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