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Abstract:



Safety at highway rail grade crossings (HRCs) continues to be a serious concern despite improved safety practices. Accident frequencies remain high despite increasing emphasis on HRCs safety. Consequently, there is a need to re-examine both the design practices and the safety evaluation methods at HRCs. Previous studies developed accident prediction models by incorporating highway, crossing inventory, rail, and vehicle traffic characteristics, but none of these factors considered population in the vicinity of HRCs. This study developed a binary logit regression model to predict accident likelihood at HRCs by incorporating various contributory factors in addition to population (based on census blocks 2010) within five miles of crossings. Previous North Dakota accident data from 2000 to 2016 was analyzed and used in the model development. The model results show that the number of daily trains, the maximum typical train speed, the number of through railroad tracks, and the number of highway/traffic lanes all affect accident likelihood. The presence of pavement markings in the form of stop lines helps reduce accident probability, while populations within five miles of HRCs have a positive relationship with crash likelihood. This study will help transportation agencies improve HRC safety.
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1. Introduction


North Dakota (ND) has observed a significant decrease in the frequency of highway rail grade crossing (HRC) accidents over the past few decades. According to the Bureau of Transportation Statistics (BTS), there are 4723 HRCs in the state of ND [1]. Among these HRCs, 73.6% are public, 26% are private, and 0.4% are pedestrian. Numerous efforts have been undertaken to improve safety at these HRCs, including improvements under the Federal Highway Administration’s railway-highway crossings program (Section 130) and including HRCs on an annual list of proposed highway safety improvements by the ND Department of Transportation [2,3]. In addition, a goal of the Federal Railroad Administration (FRA) includes reducing HRC incidents through multiple dedicated programs such as the Risk Reduction Program [4] and the Railroad Safety Management Program [5]. These efforts reduced ND HRC accidents up to 82% between 1975 and 2016, as can be seen in Figure 1 [6]. This decrease has been observed despite increases in travel miles and traffic volume on both highways and railroads.


Figure 1. Highway railroad crossing accidents in North Dakota from 1975 to 2016 [6].
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According to the FRA, a motorist is 20 times more likely to die in a crash involving a train compared to a crash between motor vehicles. HRC accidents cause not only injury and death, but also economic loss. The families of people injured or killed in HRC accidents must cope with both suffering and medical costs. Therefore, it is important to conduct a comprehensive study to identify crucial factors that contribute to the occurrence of accidents at HRCs. HRC accidents occur as a result of complex combinations of several contributing factors including roadway and railroad track geometry, rail characteristics, vehicle and traffic characteristics, driver characteristics, time of day, environmental and weather conditions, etc.



Various studies have been carried out to explain the relationship between accident frequency (number of accidents during specific period of time) and associated factors for predicting HRC accident likelihood. Efforts to improve HRC safety have long emphasized an ample understanding of these crash occurrences. Most collisions at HRCs occur as a result of motorists’ actions, while a small number occur due to signal or crossing gate failures. To reduce accidents and further improve safety, the safe operation of vehicles, railroad signals, and safety features at HRCs is necessary.



Current estimates indicate that both highway and railroad infrastructure in the ND are being improved to accommodate greater speeds and a larger traffic volume. With these advancements, further improvements to HRC safety are a huge challenge requiring ongoing research. Engineering improvements alone are only a part of the solution. According to the Transportation Research Board report [7], there is a significant misperception among a large part of the travelling public regarding grade crossing dangers and confusion about the meaning of various warning signs. Highway users sometimes misjudge approaching train speeds and are tempted to ignore the flashing lights and/or drive around lowered gates. Almost 80% of the fatalities at HRCs occur when drivers ignore warning devices. An increase in educational activities about the safety of HRCs reduces the number of crashes [8]. To significantly improve the safety of HRCs, a combination of education, engineering, and enforcement approaches must be employed.



According to the ND Department of Transportation, the priority indices incorporated into the HRC improvements ranking procedure include traffic volume, train volume, warning device, number of tracks, sight distance, approach grade, crossing angle, crossing condition, and road/track alignment. However, the ranking procedure does not consider some other important variables such as population and weather. To the best of the authors’ knowledge, there are crash prediction models developed by various researchers with different variables, but very few have used weather (an important factor in the ND), and none used population as contributory factors.



The objective of this paper was to develop a prediction model for HRC accidents that incorporates various contributory factors, particularly population. Statistical relationships between accident likelihood and contributory factors will be developed and examined. Understanding the significant factors that contribute to the occurrence of preventable crashes at HRCs is necessary for developing countermeasures to reduce injuries and fatalities. This study will help both transportation agencies and railroad companies better understand HRCs safety by identifying the major contributory factors. It will also help safety researchers and professionals make decisions for improving safety at HRCs.




2. Literature Review


The subject of HRC safety along with the risks has been widely studied throughout the world over the past years, mostly with an emphasis on user safety. Accident risk can be examined in two ways: accident frequency and accident severity [9]. As far as the latter is concerned, numerous studies have been conducted by different researchers including [10,11,12,13,14,15]. The Federal Highway Administration (FHWA) asks every state to develop and implement a highway safety improvement program (HSIP) which is comprised of three stages: planning, implementation, and evaluation. According to Ogden [16], the operation and safety improvements at HRCs include these same three stages and HRCs are often included in states’ HSIPs.



Previously, various models were developed to predict the crash frequency at HRCs. Lu and Tolliver [17] developed six different models (the Poisson, the Negative binomial (NB), the Gamma, the Conway-Maxwell-Poisson, the Bernoulli, and the hurdle Poisson) by using data from ND for predicting public HRC accidents. They concluded that Bernoulli, hurdle Poisson, and Conway-Maxwell-Poisson are appropriate for analyzing ND HRC accidents because of under-dispersion (when sample mean is greater than sample variance) of the data. Zheng et al. [18] used a decision tree approach for predicting accidents at ND HRCs and found that train speed, highway, and railroad traffic volume were significant variables. They also found that advance train detecting devices and warning systems are sometimes useful in reducing accident likelihood. Similarly, Warner et al. [19] developed a new HRC priority formula for Texas by using 12 different variables. They validated the NB regression model with data from 9108 crossing accidents and found that their newly developed formula performed better than the old priority index formula.



According to the Manual on Uniform Traffic Control Devices (MUTCD), at least one crossbuck sign should be present at every HRC where the highway and railroad intersect each other [20]. Similarly, the use of a stop sign is suggested at those HRCs that are without advance traffic control devices, and if two or more trains use the crossing per day [16]. A study by Raub [21], using 10 years (1998–2007) of crash data from the FRA accident database for seven Midwestern states, compared accident rates at four crossing types: gates, flashing lights, stop signs, and crossbucks. The study revealed that crossings with stop signs had much higher collision rates compared to other crossing types, particularly when millions of crossing vehicles were utilized to calculate the collision rate.



In recent years, researchers have developed various generalized linear models (GLM) to analyze the association between accident frequency and contributory parameters. The discrete, random, and nonnegative nature of accident frequency influences the selection of accident prediction models. Because of the non-negativity and discrete nature of accident data, mostly Poisson regression has been used for modeling. According to Zhang et al. [22], the nonnegative and discrete nature of crash frequency data make it suitable to be modelled using GLM. However, GLM, despite having the necessary components for accident description, faces several data challenges, having a potential error source in the form of specifying incorrect statistical models which may result in erroneous predictions and descriptive variables [23]. Under- or over-dispersion are the two most conventional issues which crash data possess. Occasionally, crash data exhibit under-dispersion where the sample mean is greater than sample variance [24]. Most of the time, the crash database shows over-dispersion where the sample mean is smaller than sample variance and arises due to the ambiguity connected with observed and unobserved parameters [25]. Because of the discrete data modeling approach requirement of the mean being equal to the variance, these problems can be challenging [23]. In the case of over-dispersion, the available adjustment of the NB model can be made to the Poisson model to accommodate the over-dispersion [23]. On the other hand, less familiar models like the gamma probability count model can be used for treating under-dispersion [24].



The literature review reveals that most of the research conducted in the past has focused on identifying and quantifying the relationship between accident likelihood and various factors. To the best of the authors’ knowledge, these contributory factors include traffic conditions, environmental conditions, warning devices, and crossing inventory characteristics, but no researcher has included population. According to FRA and National Highway Traffic Safety Administration (NHTSA) statistics, three out of four accidents at HRCs occur within 25 miles of a person’s home and 50% of the accidents at HRCs within five miles of a person’s home [26]. Therefore, taking into account the later statistics of NHTSA, this study investigates the effects of population located within a five-mile radius of HRCs along with other contributing factors on accident likelihood.




3. Methodology


3.1. Data Source


Data to support this study were obtained from four major resources:

	
ND Geographic Information Systems Hub (NDGIS Hub) [27]



	
Office of Safety, Federal Railroad Administration (highway-rail crossing inventory)



	
Office of Safety, Federal Railroad Administration (highway-rail crossing accident/incident database)



	
United States Census Bureau [28]








The geographic locations of HRCs were obtained from NDGIS Hub in the form of a point shape file that provided HRC coordinates along with other important information such as the grade crossing identification number. The HRC inventory database provided information about traffic conditions, including annual average daily traffic (AADT) and infrastructure equipment such as stop signs, crossbucks, gates, flashing lights, and bells. The accident/incident database provided information about each accident such as time, location, and conditions of occurrence. Population for the year 2010 was obtained from the U.S. Census Bureau in the form of a census block which is the finest geographic unit for census. One-mile and five-mile buffers were created around each HRC using ArcMap 10.4. The layers containing census blocks (i.e., population) and buffers were intersected with each other to obtain the common area and extract the desired population. Finally, to obtain the total population within two different buffers, the census blocks within a one-mile radius and a five-mile radius of HRCs were dissolved separately. Figure 2 shows the data extraction process.


Figure 2. Highway rail grade crossings in North Dakota with five-mile buffers.
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The authors carefully examined and filtered the data for possible outliers and missing data. The inter-correlations among explanatory variables were also tested and found to be not severe. During the population data extraction process, an assumption was made that people living near two different HRCs will mostly use the HRC nearest to them. Therefore, based on the assumption made, it may be noted that the census blocks shared by two different HRC buffers were assigned to the closest HRC to avoid the duplication of population. To create a new dataset, common fields of HRC identification numbers were used to include the required information from all the datasets.



The required information about previous accidents at HRCs in the ND was extracted from years 2000 to 2016. A total of 324 accidents were recorded from a sample of 4723 public and private HRCs. Fifteen predictor variables, including annual average daily traffic (AADT), number of daily total trains (TRAINTRFC), maximum typical train speed (MAXSPD), functional classification of highway (HWYCLASSCD), number of highway lanes (TRAFICLN), number of through railroad tracks (MAINTRK), highway pavement (HWYPVD), pavement markings (PAVMRKID), smallest crossing angle (XANGLE), crossbucks (CROSBUK), stop signs (STOP), bells (BELLS), flashing lights (FLASHLGT), gates (GATES), and population (POP10) were identified and selected (see Table 1).


Table 1. Predictor variables description.





	Variable
	Description
	Field Value





	AADT
	Annual average daily traffic
	Numeric



	TRAINTRFC
	Number of daily total trains
	Numeric



	MAXSPD
	Maximum typical train speed
	Numeric



	HWYCLASSCD
	Functional classification of highway (rural/urban)
	Category/Binary



	TRAFICLN
	Number of highway lanes
	Numeric



	MAINTRK
	Number of through railroad tracks
	Numeric



	HWYPVD
	Is highway paved or not?
	Category/Binary



	XANGLE
	Smallest crossing angle
	Category (0°–29°, 30°–59°, 60°–90°)



	CROSBUK
	Crossbucks (present or absent)
	Category/Binary



	STOP
	Stop signs (present or absent)
	Category/Binary



	BELLS
	Bells (present or absent)
	Category/Binary



	FLASHLGT
	Flashing Lights (present or absent)
	Category/Binary



	GATES
	Gates (present or absent)
	Category/Binary



	POP10
	Population in 2010 based on census block (1 mile and 5 miles buffers)
	Numeric



	PAVMRKID
	Pavement Markings
	Category (None, Stop lines, RR crossing symbols, Dynamic envelope)









Figure 3 shows the statistics for HRC accidents in the ND from years 2000 to 2016. The crash frequency at 4723 HRCs ranges from 0 to 4, while the mean frequency is 0.08. The variance of accidents is 0.11, which is greater than the mean of accidents and makes the data over dispersed. There are 4399 HRCs with a zero crash frequency and two crossings with four crash frequencies.


Figure 3. Summary statistics of HRC accidents in North Dakota from 2000 to 2016.
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3.2. Model Development


Once the cleaning of data was complete, the next step was to select the appropriate model form for the prediction of accidents. For this purpose, a review of previous research efforts for modeling accidents frequencies was carried out to help determine the appropriate model form. In the current study, the response (or dependent) variable of accident (1) or no accident (0) is dichotomous using a binary variable. The binary logit model is extensively used in highway safety investigations where the response variable is binary [29,30]. The model takes the natural logarithm of the likelihood ratio such that the response variable is 1 (accident) as opposed to 0 (no accident). The resulting probabilities can be easily converted to accidents per year by letting Π1 and Π0 represent the probabilities of response variable categories, accident and no accident, respectively. The binary logit model is given as:
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(1)




where

	
Y = binary response variable



	
α = intercept to be calculated



	
βi = estimated vector of parameters



	
χi = vector of explanatory variables
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(2)







In Equation (1), the maximum likelihood estimation technique is used to estimate the parameters. The unit increase in explanatory variable χi, while keeping all the remaining factors constant, will increase the likelihood ratio by exp (βi). This represents the relative magnitude by which the response outcome (accidents) will increase or decrease while considering a unit increase in the explanatory variable. The probability of accident (Π1) is given by:
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(3)







Similarly, the probability of no accident (Π0) is given by:
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(4)







One of the critical tasks in model development is to identify and select the appropriate factors that may affect the likelihood of accidents at HRCs. While selecting various contributory factors, two approaches were considered. In the first approach, related research was studied where different factors had been tested. In the second approach, more emphasis was on the local settings in ND to help identify additional variables that can possibly influence accident likelihood. Both were considered when choosing factors to investigate.





4. Results and Discussion


The binary logit regression model was used to estimate the relationship between significant explanatory variables and accident frequencies. The software package R was used for model development. For the model, as the input, a total of fifteen explanatory variables were used to predict accident likelihood at HRCs. The input variables show various characteristics of traffic, railroad, roadway, and crossing inventory attributes. The explanatory variables which were tested at different significance levels and became insignificant included annual average daily traffic (AADT), functional classification of highway (HWYCLASSCD), highway pavement (HWYPVD), smallest crossing angle (XANGLE), crossbucks (CROSBUK), stop signs (STOP), flashing lights (FLASHLGT), and gates (GATES).



Table 2 shows the results of the binary logit model, presenting significant explanatory variables, their coefficient estimates, standard errors, and p-values. Positive values of the coefficient estimates for predictor variables express their positive contribution to the probability of accidents at HRCs. The McFadden pseudo R2 value, proposed by McFadden, is a statistical measure for testing the goodness of fit of the model, and was 0.12 in this case [31]. As stated earlier, the maximum likelihood estimation technique is used in the logistic regression for parameter estimates. L0 is the likelihood function value for a null model (a model without predictor variables or when the values of all predictor variables are zero) and LM is the likelihood function value for a model to be estimated. The McFadden pseudo R2 is given as:
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(5)




where Ln is the natural logarithm. The underlying principle of Ln(L0) is similar to that of the residual sum of squares in linear regression. Allison [32] prefers the use of McFadden pseudo R2 for measuring the goodness of fit over other pseudo R2 such as Cox and Snell R2.


Table 2. Binary Logit regression model results.





	
Variable

	
Coefficient

	
Standard Error

	
p-Value






	
Constant

	
−5.7270

	
0.3452

	
≤0.0001

	




	
TRAINTRFC *

	
0.0512

	
0.0109

	
≤0.0001

	




	
MAXSPD *

	
0.0206

	
0.0042

	
≤0.0001

	




	
TRAFICLN *

	
0.6738

	
0.1529

	
≤0.0001

	




	
MAINTRK ***

	
0.4455

	
0.2009

	
0.0266

	




	
PAVMRKID-Stop lines **

	
−0.0009

	
0.0003

	
0.0017

	




	
BELLS ***

	
0.0628

	
0.0291

	
0.0311

	




	
POP10-five miles buffer ***

	
0.0001

	
0.0007

	
0.0176

	




	
Observations

	
4723

	




	
McFadden Pseudo R2

	
0.12

	








* Significant at 0.001 significance level; ** Significant at 0.01 significance level; *** Significant at 0.05 significance level.








The explanatory variables that became significant or contribute to accident likelihood include the number of daily total trains, maximum typical train speed, traffic/highway lanes, number of through railroad tracks, pavement marking, bells, and population within five-mile buffers. There could be several explanations for the positive relationship between number of daily total trains (TRAINTRFC) and accident probability. This is intuitive, as the potential for conflicts at HRCs is directly related to higher train volumes. This positive relationship might be due to the reduced visibility at night or more likely, drivers may be impaired or otherwise fatigued.



The maximum typical train speed (MAXSPD) also became significant. This is expected, because at a higher train speed, the train requires more time and distance to slow down or stop ahead of an HRC when the need arises. At a higher speed, detecting an obstacle on the railroad track becomes difficult due to a decrease in reaction time. On the other hand, at lower speeds, train operators may be able to slow sufficiently to prevent an accident.



The number of highway lanes (TRAFICLN) at crossings has a positive relationship with the probability of accidents. According to the model results, for example, the probability of accidents at a four-lane highway will be 14.3% greater than the probability of accidents at a two–lane highway. Again, this is intuitive because a greater number of highway lanes at crossings will lead to a higher potential for crashes. Similarly, the number of through railroad tracks (MAINTRK) at crossings has a positive relationship with accident likelihood. The greater the number of through railroad tracks, the higher the accident likelihood. This and the earlier findings related to maximum train speed are most likely related because a greater number of through railroad tracks are required for trains to operate at higher speeds. Although, these variables are intuitively correlated, their low standard errors and p-values negate the presence of multicollinearity.



Pavement markings at railroad crossings (PAVMRKID) have a negative relationship with accident probability, i.e., the presence of pavement markings decrease accidents probability. This is directly intuitive because seeing pavement markings (stop lines) will make the drivers more cautious about crossing the HRC. Note that pavement marking is a categorical variable with four different levels, out of which stop lines were found to negatively affect the likelihood of accidents. This might be related to the reason that drivers are more acquainted with stop lines compared to other types of pavement markings.



The presence of bells (BELLS) at the HRCs has a positive relationship with accident likelihood. One of the many purposes of bell installations at HRCs is to alert drivers before crossing HRCs so they can avoid any possible incident. As bells are advanced warning devices, which are installed to improve safety at HRCs that are accident prone. The significance of bells in the current model indicates that either HRCs are accident prone or the bells might have been installed in response to the occurrence of accidents. The populations (POP10) within a five-mile radius of HRCs are significant. This is intuitive because greater populations in the vicinity of HRCs might result in higher trip generation and the greater usage of crossings, increasing the probability of accidents. These trips may be residential trips, i.e., trips originating or ending as a function of economic or social attributes of households.



As can be seen in Figure 4, census block groups are used for better visualization of populations. The census block groups with a black color represent areas that are most populous, having 2501–20,400 persons per census block group. Those with a light grey color represent the least populous areas, with 0–500 persons per census block group. The red points indicate locations of HRCs that had accidents from the years 2000 to 2016, while their sizes show the accident frequencies. For example, the biggest red points represent HRCs that have had four accidents during the aforementioned duration of time. Five-mile buffers around each HRC can also be seen with the population they contain. Figure 4 shows that most of the HRCs that have had crashes are located close to census blocks with greater populations such as Fargo, Grand Forks, Bismarck, and Minot. Although ND has a lower population than many other states, it is interesting to see the positive relationship between population and accident likelihood at HRCs.


Figure 4. Highway rail grade crossing accidents locations in the North Dakota.
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To check the sensitivity of population sizes, the radii of buffers were decreased from five miles to one mile, and populations were extracted again using the aforementioned procedure. The model was rerun by replacing the five-mile buffers with one-mile buffers. However, populations within the one-mile buffers became insignificant by a p-value of 0.2361. This clearly shows that the size of population does affect the accident likelihood at HRCs, i.e., the greater the population around HRCs, the higher the accident probability.




5. Conclusions


Crashes at highway rail grade crossings are economically and socially critical for two modes of transportation. The safety of HRCs has been investigated by numerous researchers in previous years. Various studies have considered different contributing factors to quantify their impact on HRC accidents, but none had considered population within the vicinity of HRCs. According to NHTSA statistics, 50% of accidents at HRCs occur within five miles of a person’s home. The relative scarcity of investigation on this subject motivated our study. Therefore, in the current research, an effort has been made to study the effects of population and other contributing factors on the likelihood of HRC crashes. The development and investigation of the statistical relationship between various variables and the likelihood of crashes at HRCs helped achieve the study objective.



The results of the binary logit regression model revealed seven significant predictor variables, including population, within a radius of five miles of HRCs. The number of daily total trains, maximum typical speed of train, number of highway lanes, and number of through railroad tracks have positive relationships with accident likelihood. The likelihood of crashes at HRCs can be reduced by enforcing safe operating speed limits for trains in populous areas. The presence of pavement markings in the form of stop lines decreases the probability of crashes. Therefore, according to the study results, pavements at HRCs should be marked with stop lines. It has also been observed that most of the accidents occurred at HRCs that are located in populous areas. This shows that the greater the population in the vicinity of HRCs, the higher the likelihood of accidents. Therefore, the positive relationship between population and the probability of HRC accidents supports the NHTSA statistics. The awareness of the dangers of HRCs among people living within their vicinity should be improved through education. On the basis of an assumption made about people using the nearest HRC, this study has a limitation of considering the number of people associated with any one HRC. Keeping in mind the study findings regarding population, priority for safety improvements should be given to the HRCs that are located in highly populous areas. Also, while planning the routes for railroad tracks, populous areas should be avoided as much as possible.



In future studies, the aforementioned assumption can be excluded from the research as people can use any HRC instead of associating them with the closest HRC. Although this research focused on ND, future research can be extended to the national level or other populous states. As the sizes of buffers have a correlation with population densities, it would be interesting to see how the sensitivity of buffer sizes affects HRC crashes in more populous states. This study can help transportation agencies identify accident-prone HRC locations and plan future safety improvements.







Author Contributions


I.U.K. and E.L. conceptualized and designed the work. I.U.K. collected the data and refined it with the help of M.A.K. I.U.K., E.L., and M.A.K. developed the model. I.U.K. prepared the manuscript, and all reviewed and commented on the draft and approved the final manuscript.




Acknowledgments


The authors thank the anonymous reviewers for their constructive comments and suggestions. Ihsan Khan and Muhammad Khan thank the National University of Sciences and Technology (NUST, Pakistan) for sponsoring their PhD programs. Thanks also to the Mountain-Plains Consortium which is sponsored by the U.S. Department of Transportation through its university transportation centers program.




Conflicts of Interest


The authors have no conflicts of interest related to this manuscript or the research upon which it is based.




Abbreviations




	ND
	North Dakota



	HRC
	Highway Rail Grade Crossing



	BTS
	Bureau of Transportation Statistics



	FHWA
	Federal Highway Administration



	HSIP
	Highway Safety Improvement Program



	MUTCD
	Manual on Uniform Traffic Control Devices



	FRA
	Federal Railroad Administration



	GLM
	Generalized Linear Models



	NHTSA
	National Highway Traffic Safety Administration



	GIS
	Geographic Information System



	AADT
	Annual Average Daily Traffic



	MPC
	Mountain Plains Consortium







References


	1. 
Bureau of Transportation Statistics. Highway-Rail Grade Crossings by Type. 2013. Available online: https://www.rita.dot.gov/bts/sites/rita.dot.gov.bts/files/publications/state_transportation_statistics/state_transportation_statistics_2015/chapter-2/table2_12 (accessed on 25 May 2017). [Google Scholar]

	2. 
Federal Highway Administration. U.S. Department of Transportation, Safety. Available online: https://safety.fhwa.dot.gov/hsip/xings/ (accessed on 25 May 2017).

	3. 
North Dakota Department of Transportation. North Dakota State Rail Plan. Available online: https://www.dot.nd.gov/divisions/planning/docs/railplan.pdf (accessed on 25 May 2017).

	4. 
Federal Railroad Administration (FRA). Available online: http://www.fra.dot.gov/Page/P0049/ (accessed on 17 April 2018).

	5. 
Federal Railroad Administration (FRA). Available online: http://www.fra.dot.gov/Page/P0442/ (accessed on 17 April 2018).

	6. 
Federal Railroad Administration. Office of Safety Analysis. Available online: http://safetydata.fra.dot.gov/OfficeofSafety/Default.aspx (accessed on 5 June 2017).

	7. 
Lerner, N.D.; Llaneras, R.E.; McGree, H.W.; Stephens, D.E. Traffic Control Devices for Passive Railroad-Highway Grade Crossings, National Cooperative Highway Research Program; Report 470; Transportation Research Board: Washington, DC, USA, 2002. [Google Scholar]

	8. 
Savage, I. Does Public Education Improve Rail-Highway Crossing Safety? Accid. Anal. Prev. 2006, 38, 310–316. [Google Scholar] [CrossRef] [PubMed]

	9. 
Ayyub, B.M. Risk Analysis in Engineering and Economics, 2nd ed.; Chapman & Hall/CRC: New York, NY, USA, 2014. [Google Scholar]

	10. 
Fan, W.; Haile, E.W. Analysis of Severity of Vehicle Crashes at Highway-Rail Grade Crossings: Multinomial Logit Modeling. In Proceedings of the Transportation Research Board 93rd Annual Meeting, Washington, DC, USA, 12–16 January 2014. [Google Scholar]

	11. 
Hao, W.; Daniel, J. Driver Injury Severity Study at Highway-Rail Grade Crossings in the United States. Transp. Res. Rec. 2013, 2384, 102–108. [Google Scholar] [CrossRef]

	12. 
Hu, S.R.; Li, C.S.; Lee, C.K. Investigation of Key Factors for Accident Severity at Railroad Grade Crossings by Using a Logit Model. Safe. Sci. 2010, 48, 186–194. [Google Scholar] [CrossRef] [PubMed]

	13. 
Khattak, A. Severity of Pedestrian Crashes at Highway-Rail Grade Crossings. In Proceedings of the Transportation Research Board 92nd Annual Meeting, Washington, DC, USA, 13–17 January 2013. Paper No. 13-4587. [Google Scholar]

	14. 
Hao, W.; Daniel, J. Motor Vehicle Driver Injury Severity Study under Various Traffic Control at Highway-Rail Grade Crossings in the United States. J. Saf. Res. 2014, 51, 41–48. [Google Scholar] [CrossRef] [PubMed]

	15. 
Hao, W.; Kamga, C.; Yang, X.; Ma, J.; Thorson, E.; Zhong, M.; Wu, C. Driver Injury Severity Study for Truck Involved Accidents at Highway-Rail Grade Crossings in the United States. Transp. Res. Part F Traffic Psychol. Behav. 2016, 43, 379–386. [Google Scholar] [CrossRef]

	16. 
Ogden, B.D. Railroad–Highway Grade Crossing Handbook, 2nd ed.; Federal Highway Administration, US Department of Transportation: Washington, DC, USA, 2007.

	17. 
Lu, P.; Tolliver, D. Accident Prediction Model for Public Highway-Rail Grade Crossings. Accid. Anal. Prev. 2016, 90, 73–81. [Google Scholar] [CrossRef] [PubMed]

	18. 
Zheng, Z.; Lu, P.; Tolliver, D. Decision Tree Approach to Accident Prediction for Highway–Rail Grade Crossings: Empirical Analysis. Transp. Res. Rec. 2016, 2545, 115–122. [Google Scholar] [CrossRef]

	19. 
Warner, J.E.; Park, E.S.; Lee, D.; Weissmann, A. Development of a New Highway-Railroad Grade Crossing Priority Formula for Texas. In Proceedings of the Transportation Research Board 95th Annual Meeting, Washington, DC, USA, 10–14 January 2016. Paper No. 16-5427. [Google Scholar]

	20. 
Manual on Uniform Traffic Control Devices (MUTCD); Federal Highway Administration: Washington, DC, USA, 2003.

	21. 
Raub, R. Examination of Highway-Rail Grade Crossing Collisions Nationally from 1998 to 2007. Transp. Res. Rec. 2009, 2122, 63–71. [Google Scholar] [CrossRef]

	22. 
Zhang, Y.; Xie, Y.; Li, L. Crash Frequency Analysis of Different Types of Urban Roadway Segments Using Generalized Additive Model. J. Saf. Res. 2012, 43, 107–114. [Google Scholar] [CrossRef] [PubMed]

	23. 
Lord, D.; Mannering, F. The Statistical Analysis of Crash Frequency Data: A Review and Assessment of Methodological Alternatives. Transp. Res. Part A Pol. Pract. 2010, 44, 291–305. [Google Scholar] [CrossRef]

	24. 
Oh, J.; Washington, S.P.; Nam, D. Accident Prediction model for Railway-Highway Interfaces. Accid. Anal. Prev. 2006, 38, 346–356. [Google Scholar] [CrossRef] [PubMed]

	25. 
Lord, D.; Park, P.Y.J. Investigating the Effects of the Fixed and Varying Dispersion Parameters of Poisson-Gamma Models on Emperical Bayes Estimates. Accid. Anal. Prev. 2008, 40, 1441–1457. [Google Scholar] [CrossRef] [PubMed]

	26. 
National Highway Traffic Safety Administration. U.S. Department of Transportation. Available online: https://www.nhtsa.gov (accessed on 3 June 2017).

	27. 
North Dakota Information Technology Department. Geographic Information System Hub. Available online: https://www.nd.gov/itd/statewide-alliances/gis (accessed on 7 June 2017).

	28. 
United States Census Bureau. Available online: https://www.census.gov (accessed on 7 June 2017).

	29. 
Simoncic, M. Road accidents in Slovenia involving a pedestrian, cyclist or motorcyclist and a car. Accid. Anal. Prev. 2001, 33, 147–156. [Google Scholar] [CrossRef]

	30. 
Valent, F.; Schiava, F.; Savonitti, C.; Gallo, T.; Btusaferro, S.; Barbone, F. Risk factors for fatal road traffic accidents in Udine, Italy. Accid. Anal. Prev. 2002, 34, 71–84. [Google Scholar] [CrossRef]

	31. 
McFadden, D. Conditional logit analysis of qualitative choice behavior. In Frontiers in Econometrics; Zarembka, P., Ed.; Academic Press: New York, NY, USA, 1974; pp. 105–142. [Google Scholar]

	32. 
Allison, P.D. Logistic Regression Using SAS: Theory and Application, 2nd ed.; SAS Institute: Cary, NC, USA, 2012; ISBN 1599946416. [Google Scholar]





















© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file4.png
Highway rail grade crossings with buffers

S ORI G

Zd Nimunii\S) >

@ .-%32:@%% o R c;\‘ & (L ) %7&

NN~ =N O
A= ), @R

o Z AN

ﬁ‘*)‘og < < A OO

O CN N NN

b, )'_ A ‘ Ul =y
N~ A N SRR
- \g"\(gb.../lw” SONS
« <

'/

WTARIZ(N

BN )‘
\\ b
3 N
\

)

_ \W) ,
‘/, > U= Z2A A
(oot QR
ke
A

csE ) PSS e R
‘a N A A 7 W i g f‘! J S SN Q. - }/;“\‘, 2 1\ )"'f\‘ -:/f)

> b g AN A " b N/ . e
AL ANX ANY/ - '
\'?\ : N "(‘g"‘\‘}k \

‘ L ’\/ A""ﬁ' B 250 )\ i “éﬁ
S N e S D
Ko i T, Vo i e A

4 &

Highway rail grade crossings

HRC location

E 5 miles buffer
0 25 50 100 Miles
Population 2010 - Census Blocks | ! ! | l ! | 1 | 1in =34 miles






nav.xhtml


  safety-04-00022


  
    		
      safety-04-00022
    


  




  





media/file2.png
105

90

Accidents
N (@) ~d
(2] (@] (2]

w
o

=
192

197519771979198119831985198719891991199319951997199920012003200520072009201120132015

Year





media/file5.jpg
s frequency

Observed acci

4399

Summary statistics of HRC accidents in North Dakota

20002016
Mean 00838
Sthev 03372
Variance 01140
Skewness  4.8760
Kurtosis 29.0800
N 4723
Minimum 00000
265 Maximum  4.0000
i s
_—
1 2 3

HAC accidents rate





media/file3.jpg
Highway rail grade rossings with buffrs

[y e crosings
- ko
| Smiss
Popusen 2010 Conss ks T3






media/file9.png





media/file1.jpg





media/file7.jpg
Highway rail grade crossing accidents locations in ND

5 o

N b .
by ot Grade Cromings

US s swegmars

[






media/file0.png





media/file8.png
] _ Highway rail grade crossing accidents locations in ND

\ L
= | ™ i\ y
—— T,
- 7 T i
—— ,-" o
£ W ! ] J
[ N -
i A 1 5 -
e —R T
b \ & AL = — { \\\ | | 2 /’ ™, =5
/ ; P ) A & o oy AN\ \
0 o | - [ = 5/ it } 2\;‘1 3 ]
" HE Y95 = \_V¥ /) - ¥
0/ J A - 7o \ %
- o= 4 e
Br i 7 R =,
':fi? e ) | ; ) \\Lf"' ) e FEa . -
{1 3|1 o ¢ WA P S, 4 o =)
0 3 / : , = - - L/
i - :.} 7 it . [ '. ™~ ,I G S \_/f ._\ 4
A RETR 1o, N . - (ZANN
- o o
1 — g, e
% Y = ,-""'\;\-\—-.\ \'\' ==
G R ¥ i
\ bk 1 = e o
N e, [0, 16 = o \
‘ S P e /
s & i .y i, -
=y S — i A \Ill
= \ | /
~ SN N4 B
o W i -
. Ny N %
T . 47 RN N 4
\ 1 g
| 0 "l N g N B
et | I
0 | y
S i = T _'_W_w i = A e -
)
T R s o =
4" [ - Y ?\ 1) = o v 5 }:l “l
! : \ o 3 7
S I'ﬂ \\__\ S L - 3)\ & A i 7 o
Dee 25 TR 9
ek fl e
‘fjf
i )
i /
. 7 )
P il -
/ ! \ ey =
1 o _"«\ : 2 -\-,
e \ LEAARY ~=" )\ g/ o
— 28 ok S A = P 4 )
\ 4L ! e : B
T "~ o B ] T T kl Al L Wi T - '.\
. - . e
Highway Rail Grade Crossings

——— Railroad HRC Accidents Ccensus Block Groups 2010
—— U.S. and State Highways Crash Frequency Population 2010
[ ] 5 miles buffers with population e | 0 - 500

501 - 1,000

I 1,001 - 1,500
B 1,501 -2,500 0 20 40
I 2,501 - 20,400 |

8%

=W

80 Miles
[N IR AR NN N N N 1 inch = 33.38 miles






media/file6.png
Observed accidents frequency

5000
4500
4000
3500
3000
2500
2000
1500
1000
500 —

4399

Summary statistics of HRC accidents in North Dakota

2000 - 2016

Mean 0.0838
StDev 0.3372
Variance 0.1140
Skewness 4.8760
Kurtosis 29.0800
N 4,723
Minimum 0.0000

265 .

48 9 Maximum 4.0000
1 2 3

HRC accidents rate






