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a b s t r a c t 

Highway-rail grade crossing (HRGC) crashes in non-divided two-way traffic scenarios have caused 

numerous fatalities and injuries over the years. Although crucial to the safety of multimodal trans- 

portation systems, these crossings have received little attention and previous studies did not fully 

account for the unobserved heterogeneity and its potential interactive effects. To bridge these 

gaps, the HRGC crashes occurring between 2019 and 2020 in the United States were collected 

from the Federal Railroad Administration’s Office of Safety Analysis System. A random parame- 

ters logit model with heterogeneity in means was developed to investigate the impact of multiple 

factors associated with crossings, crashes, drivers, vehicles, and the environment. The present 

study indicates that did not stop behavior generates the random parameter with heterogeneity 

in means that is influenced by the dark and land with commercial power indicators. Further- 

more, the findings show that factors such as estimated vehicle speed > 25 MPH, train speed > 

45 MPH, going around the gate, old driver, female driver, motorcycle, and the driver was in ve- 

hicle indicators would increase the likelihood of more severe injury outcomes in HRGC crashes. 

Notably, the adverse crossing surface and truck indicators demonstrate unexpected marginal ef- 

fects by reducing the likelihood of severe injury outcomes at non-divided two-way traffic HRGCs. 

This study emphasizes the importance of considering unobserved heterogeneity in the context 

of HRGC crashes. The findings can serve as a foundation for developing targeted interventions 

aimed at enhancing road and railway safety. 

 

 

 

 

 

1. Introduction 

Highway-rail grade crossing (HRGC) crashes are a significant public safety concern as they are responsible for numerous fatalities

and injuries each year. According to the Federal Railroad Administration, in 2021, there were 2,146 accidents at HRGCs, result-

ing in 122 fatalities and 419 injuries in the United States ( Federal Railroad Administration, 2021 ). Highway–rail grade crossings

(HRGCs) are intersections where roadways cross railroads at the same level, and the interaction between non-divided two-way traf-

fic highways and railways can be particularly dangerous. These types of road entities are characterized by their lack of a physical

barrier between opposing lanes of traffic. The Federal Railroad Administration reports that around 95% of HRGC accidents occurred 

at non-divided two-way traffic HRGCs, indicating the necessity to further analyze accidents at these crossings ( Federal Railroad 

Administration, 2021 ). 
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Despite being critical for the smooth operation and safety of multimodal transportation systems, non-divided two-way traffic 

HRGCs are rarely explored specifically in previous studies. Most of them focused on the crashes that occurred on the non-divided

two-way highway and highway crossings only. For instance, Lombardi et al. (2017) investigated the factors contributing to age- 

related risks and involvement rates in fatal vehicle crashes that occurred at intersections in the United States. The findings revealed

that a significant proportion of fatal crashes occurred at four-way intersections and non-divided two-way traffic ways were equally

distributed between daylight and night-time conditions. Liu and Fan (2021) proposed a partial proportional odds model for examining 

the factors contributing to the severity of head-on crashes. Their analysis also revealed that head-on collisions occurring on two-

way non-divided roadways were associated with more severe injuries than those on one-way roads. In a recent study conducted

by Mahmud et al. (2022) , the authors examined the safety risks associated with overtaking maneuvers on a bi-directional undivided

two-lane highway in a heterogeneous traffic environment. The findings revealed that the speed difference between the overtaking and

overtaken vehicles was a significant factor influencing the probability of severe conflicts. As indicated by Calvi et al. (2023) , different

types of median separation on two-lane rural roads can significantly affect driving behaviour (lateral positions and trajectories) and

associated risks. Moreover, crashes are found to more commonly occur on non-divided two-way roads compared to other road types

due to mixed traffic environments ( Mahmud et al., 2022 ). Combining all road types (i.e., two-way traffic, divided traffic, and one-

way traffic) when analyzing the injury severity of HRGC crashes can result in erroneous conclusions and improper countermeasures. 

Therefore, it is necessary to conduct separate studies focusing at non-divided two-way traffic HRGCs and investigate the factors 

affecting crashes in the context of this predominant traffic type. 

2. Literature review 

Regarding the safety of HRGCs, extensive studies have been conducted on crash frequency analysis, injury severity modeling, 

crash risk prediction, and risk mitigation measures evaluation ( Gao et al., 2021 ; Kutela et al., 2022 ; Liu et al., 2022 ; Yan et al., 2023 ).

A range of analytical techniques using statistical and data-driven approaches have been utilized to identify factors contributing 

to crashes and make predictions based on aggregated crash records or their subsets. For example, Hao et al. (2015) utilized an

ordered probit model to explore the effect of age and gender on motor vehicle driver injury severity at HRGCs, and the analysis

found that there were noteworthy variations in behavioral and physical characteristics between male and female drivers who were

involved in accidents. In a comparative study conducted by Ghomi et al. (2016) , the severity of vulnerable road users involved

in HRGC crashes was assessed using three different methods, namely, an ordered probit model, association rules, and tree-based 

methods. The study results revealed that train speed, older road users, nighttime conditions, and female drivers were more likely to

be associated with severe crashes. Mathew and Benekohal (2021) adopted the Zero Inflated Negative Binomial model and Empirical 

Bayes method for each type of warning device to predict HRGC crashes. The predicted values demonstrated better agreement with

the field data in comparison to the newly released Federal Railroad Administration model. Based on the 19-year HRGC crash data

in North Dakota, Gao et al. (2021) used the resampling approach to address the imbalanced data issue and employed several data-

driven approaches to predict HRGC accidents. This study suggested that resample led to a considerable improvement in recall rate

and the proposed deep learning approach exhibits superior predictive performance compared to other machine learning methods. 

Keramati et al. (2020) investigated the public HRGC crash severity in North Dakota from 1990 to 2018 by applying the random

survival forest model. Their results indicated that installing audible devices to crossing with gates and standard flashing lights could

result in a significant reduction of crash likelihood, PDO, injury, and fatal crashes by 49%, 52%, 46%, and 50%, respectively. 

Numerous contributing factors to HRGC crashes have been studied, including crossing characteristics, traffic characteristics, 

vehicle type, driver behavior, pedestrian activity, weather, and visibility ( Jamal et al., 2021 ; Mathew and Benekohal, 2021 ;

Soleimani et al., 2019 ; Wu et al., 2022 ). For instance, Hao and Daniel (2013) utilized a conventional ordered probit model to conduct

an analysis from1997 to 2006 and found that adverse weather conditions, vehicle speed exceeding 50 miles per hour (mph), and

train speed surpassing 50 mph at the time of the collision were all associated with an increased probability of injury or fatality. In a

subsequent investigation carried out by Hao and Daniel (2014) , it was discovered that higher levels of Annual Average Daily Traffic

(AADT) exceeding 10,000 vehicles per day were positively correlated with an elevated risk of injury and fatality at highway-rail

grade crossings. Tjahjono et al. (2019) employed a conventional ordered logit modeling framework to identify determinant variables 

of the injury severity crashes at road-railway level crossings. The analysis outcomes revealed a significant correlation between fatal

crashes and factors such as male drivers, rainy weather, and low traffic volume conditions. 

While these studies have been valuable in identifying factors that contribute to the severity of HRGC crashes, they typically

assumed that the coefficients were fixed for all observations. As a matter of fact, individuals’ physical abilities, risk perceptions, and

reactions to external stimuli differ, resulting in significant variations in the severity of injuries sustained in HRGC crashes. Meanwhile,

it is important to acknowledge that while attempts are made to ensure the update and comprehensiveness of HRGC crash data, the

collection of all pertinent information that could impact the occurrence of crashes is often limited by constraints related to costs and

resources. In the case of HRGCs, several crash-specific features, including the traffic density, average speed, and unexpected pedestrian 

or animal trespassing may pose challenges to recording. Similarly, collecting human factors such as distraction, fatigue, the level of

anxiety during the pandemic, or impairment of the driver may also bring considerable difficulties. This may unavoidably cause the

unobserved heterogeneity ( Mannering, 2018 ), and failing to account for unobserved variables or treating explanatory variables as 

fixed can lead to model misspecification, biased parameter estimates, and incorrect inferences ( Alnawmasi and Mannering, 2019 ; 

Pervez et al., 2022 ). 

Only a few studies have sought to address the methodological challenges arising from the unobserved heterogeneity in the domain

of HRGC crash-related analysis. For example, Kutela et al. (2022) utilized the HRGC crash data spanning from 1999 to 2018 to
2 
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Fig. 1. The spatial distribution of highway–rail grade crossings crashes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

assess pre-crash driver behaviors using a mixed multinomial logit model. The study demonstrated a notable intra-class correlation 

coefficient, underscoring the need to integrate random-effect parameters into the model. Furthermore, the study unveiled that male 

drivers exhibit a tendency to ignore crossing gates, while older drivers tend to halt briefly and proceed before the train has entirely

cleared the crossing. Ahmed et al. (2023) utilized the random parameters multinomial logit models with heterogeneity in the means

and variances to account for the unobserved heterogeneity and spatial instability in the analysis of crash injury severity at HRGC

using the crash data from Texas and California. The results indicated vehicle, train, driver, weather, and crossing characteristics that

could significantly affect injury severity outcomes in state-specific models. 

Given the unobserved heterogeneity arising from various factors has not been fully considered in the context of non-divided 

two-way traffic HRGCs, this study aims to establish an explicit analysis framework for identifying the underlying factors with the

consideration of the unobserved heterogeneity. The structure of this paper is as follows. Section 3 presents the empirical setting

and provides a descriptive statistical analysis of the explanatory variables. Section 4 introduces the method adopted in this study.

Section 5 presents and discusses the model estimation results in detail. Finally, Section 6 concludes the study by summarizing the

key findings, discussing policy implications, and highlighting directions for future research. 

3. Data description 

This study utilizes the data collected from the Federal Railroad Administration’s (FRA) Office of Safety Analysis System. Records 

of crashes that occurred at non-divided two-way traffic HRGCs in the United States from 2020 to 2021 are obtained ( Federal Railroad

Administration, 2021 ). The research data is derived from two sources: (1) the FRA’s Office of HRGC accident data and (2) the

FRA’s Office of current crossing inventory data. The accident database contains comprehensive information on factors such as time,

weather, visibility, vehicle, and demographic characteristics of highway users, while the current highway-rail crossing inventory 

database provides details on each crossing’s location, type, illumination, signals, and traffic conditions. 

In this study, injury severity outcomes are coded using a three-point ordinal scale, with options for 1-Uninjured, 2-Injured, or

3-Killed. This discrete variable is designated as the dependent variable for the subsequent econometric analysis. The information in

the current crossing inventory database is matched to the extracted crash database using the corresponding identification number 

assigned to each crossing to comprehensively identify factors influencing the crash injury severity. Furthermore, the integrated data is

thoroughly verified and cleaned up to remove any crash observations with missing data in variables. The key determinants retrieved

from the augmented database are then classified into crossing characteristics, crash characteristics, driver characteristics, vehicle 

characteristics, and environmental characteristics. Table 1 shows the detailed classification and descriptive statistics of independent 

variables. The final dataset used for analysis consists of 1503 crash records from 2020 to 2021, in which 1,009 individuals were

uninjured (67.13%), 384 individuals were injured (25.55%), and 110 individuals were killed (7.32%). Fig. 1 presents the spatial 

distribution of HRGC crashes that occurred during the study period. 
3 
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Table 1 

Descriptive statistics of independent variables. 

Category Variables Mean Std. Dev. 

Crossing characteristics Private crossing type 0.020 0.144 

Public crossing type 0.980 0.144 

Crossing without signs or signals 0.020 0.142 

Crossing with signs or signals 0.980 0.142 

Unpaved Highway 0.100 0.298 

Paved Highway 0.900 0.298 

Land without commercial power 0.100 0.294 

Land with commercial power 0.900 0.294 

Highway speed limit < = 25 MPH 0.270 0.444 

Highway speed limit > 25 MPH 0.730 0.444 

Annual average daily traffic (AADT) < = 5,000 0.700 0.460 

Annual average daily traffic (AADT) > 5,000 0.300 0.460 

Estimated percent of trucks < = 10% 0.730 0.446 

Estimated percent of trucks > 10% 0.270 0.446 

Industry track 0.050 0.227 

Main track 0.880 0.321 

Siding track 0.010 0.077 

Yard track 0.060 0.230 

Both-side crossing warning 0.950 0.225 

Single-side crossing warning 0.050 0.225 

Crossing without illumination 0.620 0.486 

Crossing with illumination 0.380 0.486 

Dry crossing surface 0.860 0.349 

Adverse crossing surface ∗ 0.140 0.349 

Crash characteristics Estimated vehicle speed < = 25 MPH 0.910 0.280 

Estimated vehicle speed > 25 MPH 0.090 0.280 

Train speed < = 45 MPH 0.840 0.371 

Train speed > 45 MPH 0.160 0.371 

Unobstructed view 0.960 0.194 

Obstructed view 

∗ 0.040 0.194 

Did not stop 0.380 0.486 

Stopped and then proceeded 0.060 0.239 

Stopped on the crossing 0.220 0.415 

Went around the gate 0.140 0.350 

Went through the gate 0.060 0.240 

Other actions 0.140 0.336 

Driver characteristics Middle driver 0.430 0.495 

Old driver 0.320 0.467 

Young driver 0.250 0.434 

Female driver 0.260 0.439 

Male driver 0.740 0.439 

Driver was not in vehicle 0.160 0.364 

Driver was in vehicle 0.840 0.364 

Vehicle characteristics Auto 0.530 0.500 

Bus 0.000 0.036 

Motorcycle 0.010 0.077 

Truck 0.350 0.477 

Van 0.020 0.144 

Other vehicles 0.100 0.294 

Environmental 

characteristics 

Day 0.560 0.496 

Dusk 0.110 0.314 

Dark 0.240 0.427 

Dawn 0.090 0.280 

Clear 0.710 0.456 

Cloudy 0.210 0.406 

Fog 0.010 0.093 

Rain 0.060 0.237 

Sleet 0.000 0.045 

Snow 0.020 0.125 

∗ Adverse crossing surface refers to wet, icy, snowy, slushy, sandy, muddy, or greasy roadway surfaces. Obstructed view is caused by highway 

vehicles, passing train, standing railroad equipment, permanent structure, topography, vegetation, or other entities. 

 

 

4. Method 

The random parameters logit model with heterogeneity in the means and variances is utilized in this study to investigate the

non-divided two-way HRGC injury severity. By allowing relevant parameters to vary across individuals, the underlying mechanism 

and the unobserved heterogeneity that drives traffic accident outcomes can be explicitly uncovered. To determine the specific injury
4 
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severity level n ( n = 1-Uninjured, 2-Injured, or 3-Killed) of observation k , the linear utility function is defined as 

𝑈 𝑘𝑛 = 𝜷𝑘 𝑿 𝑘𝑛 + 𝜀 𝑘𝑛 (1) 

where 𝑈 𝑘𝑛 is the severity function that determines the probability of injury severity 𝑛 in crash 𝑘 , 𝜷𝑘 is the vector of parameters

estimated for injury severity level 𝑛 in observation k which is allowed to vary randomly across observations in the mixed logit

models, 𝑿 𝑘𝑛 is the vector of explanatory variables influencing HRGC injury severities, and 𝜀 𝑘𝑛 is a stochastic error term. 

If the disturbance term is assumed to be generalized extreme value distributed, which allows parameters to vary across observa-

tions, a standard multinomial logit model can be defined as ( McFadden, 1981 ) 

𝑃 𝑘𝑛 = ∫
exp 

(
𝜷𝑘 𝑿 𝑘𝑛 

)
∑

exp 
(
𝜷𝑘 𝑿 𝑘𝑛 

)𝑓 ( 𝜷|𝝋 ) 𝑑 𝜷 (2) 

where 𝑃 𝑘𝑛 is the probabilities of injury severity outcome n in crash k, 𝑓 ( 𝜷|𝝋 ) is the probability density function of vtor 𝜷 and 𝝋 is a

vector of parameters describing the density function, while all other terms are defined previously. 

When the heterogeneity in means and variances exists among random parameters, the vector 𝜷𝑘𝑛 that allows estimated parameters 

to vary across accidents can be defined as ( Ahmed et al., 2023 ; Behnood and Mannering, 2017 ) 

𝜷𝑘𝑛 = 𝜷𝑘 + 𝜹𝑘𝑛 𝒁 𝑘𝑛 + 𝜎𝑘𝑛 exp 
(
𝝎 𝑘𝑛 𝑾 𝑘𝑛 

)
𝜐𝑘𝑛 (3) 

where 𝜷𝑘 represents the mean parameters estimated across all crashes, 𝒁 𝑘𝑛 is the vector of crash-specific variables with the het- 

erogeneity in the mean that determines drivers’ injury severity n, 𝜹𝑘𝑛 is a corresponding vector of estimable parameters, 𝑾 𝑘𝑛 is 

another vector of crash-specific explanatory variables explaining the heterogeneity in the standard deviation 𝜎𝑘𝑛 with corresponding 

parameter vector 𝝎 𝑘𝑛 , and 𝜐𝑘𝑛 is the error term. 

To estimate the random parameters logit model and obtain accurate estimates of the parameters, a simulation-based maximum 

likelihood method with 1000 Halton draws is used in this study ( Halton, 1960 ; Islam et al., 2020 ; Yan et al., 2022 ). Previous studies

have shown that the normal distribution is the best-suited distribution to describe the central tendency and variations of random

variables in crash injury severity modeling ( Ahmed et al., 2023 ; Pervez et al., 2022 ; Waseem et al., 2019 ). Thus, the random parameters

in this study are assumed to follow the normal distribution. To provide an explicit interpretation of the impacts of significant variables

𝑋 𝑘𝑛 on the probabilities of injury outcomes n , marginal effects of the explanatory variables 𝑋 kn on n -th crash injury are calculated as

well ( Washington et al., 2020 ) 

𝜕𝑃 𝑛 ( 𝑘 ) 
𝜕𝑋 kn 

= 𝑃 𝑛 ( 𝑘 ) 
[

given 𝑋 kn = 1 
]
− 𝑃 𝑛 ( 𝑘 ) 

[
given 𝑋 kn = 0 

]
(4) 

To evaluate the model’ performance, four different criteria including log-likelihood, McFadden Pseudo R-squared 𝜌2 values, Akaike 

Information Criterion (AIC), and Bayesian Information Criterion (BIC) are used: 

𝜌2 = 1 − 𝐿𝐿 ( 𝛽) ∕ 𝐿𝐿 ( 0 ) (5) 

𝐴𝐼𝐶 = −2 𝐿𝐿 ( β) + 2 𝐾 (6) 

𝐵𝐼𝐶 = −2 𝐿𝐿 ( β) + 𝐾 ∗ ln ( 𝑁 ) (7) 

where 𝐿𝐿 ( 𝛽) is the log-likelihood at convergence, 𝐿𝐿 (0) is the log-likelihood at zero, 𝐾 is the number of parameters in the estimated

model, and N is the number of observations. 

Specifically, log-likelihood is a measure of how well the model describes the observed data, with higher values indicating a better

fit. The 𝜌2 provides a measure of the proportion of variance explained by the model, with a higher value indicating a better fit. The

AIC and BIC are measures of model complexity, with a lower value indicating a better tradeoff between model fit and complexity

( Akaike, 1974 ; Schwarz, 1978 ). 

5. Results and discussions 

The estimation results of the random parameters logit model with heterogeneity in means are presented in Table 2 , which indi-

cates an overall satisfactory statistical fit with 𝜌2 values being 0.364. All the variables listed in Table 2 are identified as significant

contributors to one category of crash severity at 99%, 95%, or 90% confidence level. This model also obtains suitable AIC and BIC

values. The marginal effects of the significant explanatory factors (arranged by variable classification) affecting crash severities are 

shown in Fig. 2 , where a positive value indicates that a one-unit increase in an explanatory variable increased the severity outcome

probabilities, while a negative value decreases. 

5.1. Heterogeneity in the means of random parameters 

Table 2 shows that the did not stop variable specific to injured category is identified as the random parameter with normal

distribution. The findings indicate that a varying influence of the unobserved characteristics on the injury severities is captured by

this random parameter. The probability density diagram of the random parameter is presented in Fig. 3 . The impact of all explanatory
5 



Q. Ren and M. Xu Multimodal Transportation 3 (2024) 100109 

Table 2 

Model estimation results of random parameters logit model with heterogeneity in means. 

Variables Coefficient t-stat Marginal Effects 

Uninjured [UI] Injured [I] Killed [K] 

Constant [I] − 3.780 ∗ ∗ ∗ − 10.00 

Constant [K] − 4.949 ∗ ∗ ∗ − 11.79 

Random parameter (normally distributed) 

Did not stop [I] 1.351 ∗ ∗ 2.50 − 0.0283 0.0307 − 0.0024 

Standard deviation of parameter distribution 3.195 ∗ ∗ 2.32 

Heterogeneity in the means of random parameter 

Did not stop: Dark [I] − 1.313 ∗ − 1.90 

Did not stop: Land with commercial power [I] − 1.867 ∗ ∗ − 2.32 

Crossing characteristics 

Highway speed limit > 25 MPH [K] − 0.420 ∗ − 1.84 0.0122 0.0049 − 0.0172 

Industry track [UI] 1.143 ∗ ∗ 2.54 0.0063 − 0.0051 − 0.0013 

Yard track [UI] 1.233 ∗ ∗ ∗ 3.05 0.0072 − 0.0059 − 0.0013 

Adverse crossing surface [UI] 0.473 ∗ ∗ 2.09 0.0085 − 0.0064 − 0.0021 

Crash characteristics 

Estimated vehicle speed > 25 MPH [UI] − 0.912 ∗ ∗ ∗ − 3.43 − 0.0128 0.0082 0.0046 

Train speed > 45 MPH [K] 1.728 ∗ ∗ ∗ 7.84 − 0.0282 − 0.0125 0.0407 

Went around the gate [UI] − 0.607 ∗ ∗ ∗ − 3.54 − 0.0198 0.0148 0.0050 

Driver characteristics 

Old driver [UI] − 0.443 ∗ ∗ ∗ − 3.00 − 0.0239 0.0170 0.0069 

Female driver [I] 0.443 ∗ ∗ 2.46 − 0.0142 0.0165 − 0.0023 

Driver was in vehicle [UI] − 2.782 ∗ ∗ ∗ − 7.43 − 0.4092 0.2943 0.1149 

Vehicle characteristics 

Motorcycle [K] 2.110 ∗ ∗ 2.49 − 0.0014 − 0.0008 0.0022 

Truck [UI] 0.646 ∗ ∗ ∗ 3.98 0.0297 − 0.0208 − 0.0089 

Model statistics 

Number of observations (N) 1503 

Number of estimated parameters (K) 18 

Log-likelihood at zero, 𝐿𝐿 (0 ) − 1651.214 

Log-likelihood at convergence, 𝐿𝐿 ( 𝛽) − 1050.897 

AIC 2137.8 

BIC 2233.5 

𝜌2 = 1 − 𝐿𝐿 ( 𝛽)∕ 𝐿𝐿 (0) 0.364 

∗ ∗ ∗ , ∗ ∗ , ∗ represents significance at 99%, 95%, 90% level. 

Fig. 2. Marginal effects of explanatory variables. 
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Fig. 3. Distribution of the random parameter. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

variables on the means and variances of the random parameters is thoroughly assessed to determine the presence of heterogeneity,

and it is found that only the heterogeneity in the means is significant. The present study reveals that the did not stop indicator defined

to injured category produces a random parameter that is normally distributed with a mean of − 3.780 and a standard deviation of

− 4.949. This implies that this variable decreases the likelihood of injured outcomes for 33.62% of the HRGC crashes while increasing

the likelihood of that for 66.38% of these observations. 

Regarding the heterogeneity in means, the dark and the land with commercial power indicators are observed to decrease the

means of heterogeneity in the did not stop indicator for injured outcomes, suggesting there may be an increase in severe injuries. In

the context of HRGC crashes, this result is intuitive since the unique driving condition of the crossings may substantially affect the

drivers’ driving performance under the dark and the land with commercial power indicator ( Diaz-Piedra et al., 2021 ; Dong et al.,

2011 ; Fountas et al., 2020 ). The inadequate lighting conditions and mixed traffic flow in the commercial district could bring serious

obstacles to drivers in dealing with complicated traffic driving scenarios (e.g., the high train speed, obstructed view, or improper

post-accident treatment) and consequently lead to more serious injury severities in such crashes. 

5.2. Crossing characteristics 

The highway speed limit > 25 MPH variable is a significant factor affecting injury severity, with a negative coefficient of − 0.420

in the killed model. The marginal effects imply that this variable may be less likely to result in fatalities (by 0.0459), while it is

associated with a higher probability of uninjured and injured outcomes (by 0.0122 and 0.0049, respectively). This could be because

that higher speed limits on highways are associated with better-designed crossings that have better warning systems ( Chen et al.,

2022 ). Another explanation could be that drivers are more likely to be aware of the potential risks with the presence of speed limits,

which decreases the likelihood of fatal injuries ( Fountas et al., 2021 ). 

The indicators for industry tracks and the yard tracks are both positively correlated with being uninjured in a railway crossing

crash but negatively correlated with being injured and killed, with marginal effects of 0.0063 and 0.0072 for the uninjured category,

− 0.0051 and − 0.0059 for the injured category, while − 0.0013 and − 0.0013 for the killed category, respectively. One possible reason is

that industry tracks and yard tracks typically have lower traffic volumes compared to mainline tracks, which could result in a reduced

likelihood of collisions between trains and vehicles ( Lin et al., 2023 ). What’s more, the maintenance of crossing infrastructures may

be more frequent on industry and yard tracks, thus reducing the risk of accidents caused by malfunctioning crossing signals or barriers

( Zhang et al., 2022 ). 

The coefficient estimates for the variable representing the adverse crossing surface is positive, indicating that such road surface 

may increase the likelihood of being uninjured in a railway crossing crash (by 0.0085), but decrease the likelihood of being injured

and killed (by 0.0064 and 0.0021, respectively). It is noteworthy that adverse crossing surfaces may result in reduced driving speeds

and increased caution among drivers, potentially lowering the likelihood of severe accidents ( Pang et al., 2022 ; Yan et al., 2022 ).

Nevertheless, it is important to note that contradictory results have also been found in previous studies and the discrepancy may be

attributed to the higher frequency of driving errors and dangerous driving behaviors in unfavorable road conditions ( Alnawmasi and

Mannering, 2022 ; Wang et al., 2022 ). As a matter of fact, the relationship between road surface conditions and injury severity can

be complex and can vary depending on several factors, such as weather conditions, traffic volume, and driver behavior. 

5.3. Crash characteristics 

The estimated vehicle speed greater than 25 MPH indicator is found to be negatively correlated with being uninjured in a railway

crossing crash, with a marginal effect of − 0.0128, while being positively correlated with being injured and being killed with a marginal
7 
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effect of 0.0082 and 0.0046. Meanwhile, the train speed greater than 45 MPH indicator is also found to be positively correlated with

the probability of being killed in a railway crossing crash, with a marginal effect of 0.0407, while being negatively correlated with

being uninjured with a marginal effect of − 0.0282 and being injured with a marginal effect of − 0.0125. This could be because higher

speeds lead to less time for the vehicle to react, thus reducing the probability of avoiding a collision ( Ahmed et al., 2023 ; Hao and

Daniel, 2014 ). Additionally, higher train speeds could result in more severe impacts that are more likely to cause fatal injuries to

vehicle occupants ( Hao and Daniel, 2013 ). It is important to note that this result emphasizes the importance of driving at reduced

speed at railway crossings to avoid potential collisions with trains. 

Moreover, the indicator for vehicles that went around the gate is found to be negatively correlated with being uninjured in a

railway crossing crash, with a marginal effect of − 0.0198, while being positively correlated with being injured and being killed with

a marginal effect of 0.0148 and 0.0050, respectively. In fact, vehicles that go around the gate indicate a disregard for safety protocols,

suggesting that the driver may be engaging in other risky behaviors and consequently increase the likelihood of being injured or killed

in a crash ( Ahmed et al., 2023 ). 

5.4. Driver characteristics 

It is found that being an old driver increases the probability of being injured by 0.0170 and the probability of being killed by

0.0069 while decreasing the probability of being uninjured by 0.0239. One possible explanation is that physical and cognitive decline

associated with aging may hinder an older driver’s capacity to respond effectively to unexpected events at the HRGCs ( Ahmed et al.,

2023 ; Alnawmasi and Mannering, 2022 ). Furthermore, older drivers may have a higher prevalence of preexisting health conditions

that can exacerbate injuries sustained in the crash, contributing to an elevated probability of being injured or killed ( Lynch et al.,

2022 ). 

The female driver indicator has a positive coefficient of 0.443 for the injured category. The marginal effects further indicate that

female drivers are more likely to be involved in more serious injury crashes (by 0.0142) due to their susceptibility to traffic accidents

( Islam and Mannering, 2020 ). This finding may be attributed to the difference in driving behavior and patterns between male and

female drivers ( Yan et al., 2022 ). Additionally, the lack of experience, coupled with less exposure to dangerous driving situations,

may also lead to a higher likelihood of mishandling these situations and ultimately result in more severe injuries ( Tement et al.,

2020 ). 

The indicator variable for drivers who were in the vehicle during the crash is found to decrease the probability of being uninjured

by 0.4092 while increasing the probability of being injured and killed by 0.2943 and 0.1149, respectively. It may be due to the

fact that drivers who are inside the vehicle during a crash have a higher likelihood of being directly impacted by the collision, and

therefore are more likely to sustain injuries or fatalities compared to those who are not in the vehicle ( Ahmed et al., 2023 ; Mathew and

Benekohal, 2021 ). This indicator may also reflect situations where the driver is unable to react in time to prevent or minimize the

impact of the collision, leading to a higher probability of being injured or killed. 

5.5. Vehicle characteristics 

The type of vehicles can have substantial impacts on the severity of injuries sustained by the individual involved at non-divided

two-way traffic HRGCs. Specifically, the motorcycle involvement indicator is found to be positively correlated with killed outcomes, 

with the marginal effects suggesting that this variable increases the probability of being killed in a railway crossing accident by

0.0022 while reducing the probability of being injured and uninjured by 0.0008 and 0.0014, respectively. This could be due to the

vulnerability of motorcyclists in accidents, as they lack the protective structure of a vehicle and are more likely to sustain fatal injuries

in the HRGC collision ( Ahmed et al., 2023 ; Das, 2021 ). Meanwhile, the smaller size and higher speed of motorcycles relative to other

vehicles could make them harder to be detected and more prone to accidents at HRGCs ( Li et al., 2021 ). The result also indicates

that truck involvement is positively associated with the uninjured category. It is found that this indicator increases the probability

of being uninjured by 0.0297 while decreasing the probability of being injured and killed by 0.0208 and 0.0089, respectively. One

possible reason could be that trucks are often operated by skilled drivers who adhere to safety regulations and exercise caution when

crossing railway tracks ( Doubek et al., 2021 ). Another possible explanation is that trucks are larger and more durable vehicles that

may provide better protection to their occupants ( Tyndall, 2021 ), potentially reducing the risk of sustaining injuries in HRGC crashes.

6. Conclusions 

Highway-rail grade crossing crashes in non-divided two-way traffic scenarios are a significant public concern and have caused 

numerous fatalities and injuries over the years. Using the HRGC crash dataset collected in the United States from 2019 to 2020, this

study aims to identify the important factors and their heterogeneous impacts that make the injury severity in non-divided two-way

traffic HRGC crashes more severe. The injury outcomes were divided into three categories: Uninjured, Injured, and Killed. A random

parameters logit model with heterogeneity in means was employed in this paper considering crossings, crashes, drivers, vehicles, 

and environmental characteristics. Additionally, the marginal effects were also investigated to gain a better insight into the effects of

these contributing factors on the severity of HRGC crashes. 

The present study found that the did not stop behavior produced varying effects on injury severity outcomes. Therefore, there is a

great necessity for targeted programs to educate drivers about avoiding risky or improper driving behaviors at HRGCs. Besides, clear

signage, visible traffic signals, and proper lane markings should be incorporated into the crossing to enhance visibility and provide
8 
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clear instructions, thus reducing the likelihood of non-stop behavior. In this study, the random parameters’ means were observed to be

associated with the dark and land with commercial power indicators. Installing adequate lights in roadways and crossings is necessary

to improve visibility and reduce the risk of accidents. And encouraging the use of reflective materials on vehicles during nighttime

travel can also be helpful. To enhance HRGC safety in commercial areas, it is crucial to promote the installation of warning signs that

provide drivers with important information and alerts, including speed limits, pedestrian crossings, and potential hazards. This study 

further identified several factors that increase the likelihood of severe injuries in HRGC crashes, including estimated vehicle speed >

25 MPH, train speed > 45 MPH, going around the gate, old driver, female driver, motorcycle, and the driver was in vehicle indicators.

Based on the results, countermeasures such as implementing lower speed limits at crossings, strengthening gate enforcement, and 

developing targeted initiatives for vulnerable road users could be taken to reduce the likelihood of injuries. Notably, the adverse

crossing surface and truck indicators exhibited unexpected marginal effects and decreased the possibility of severe injury outcomes at

non-divided two-way traffic HRGCs. Nevertheless, it is essential to enhance the maintenance of HRGCs, including repairing potholes, 

improving road surfaces, and ensuring proper drainage to minimize the risk under adverse crossing surface conditions. Additionally, 

educational programs should be implemented to raise awareness among truck drivers about the importance of following traffic rules, 

yielding to trains, and exercising caution at crossings. 

It should be noted that our findings and conclusions are based on the variables provided in the historical crash records, and the

absence of some variables such as traffic parameters (e.g., real-time traffic speed, acceleration/deceleration) and location-specific 

context (e.g., crossing-intersection distance, crossing angle, number of main tracks), could potentially limit the generalizability of 

the result. Besides, under-reporting of non-injury crashes could bias the results of parameter estimation ( Mannering, 2018 ). In the

future, databases with more detailed information on HRGC crashes should be constructed to further explore the unobserved hetero- 

geneity ( Ahmed et al., 2023 ; Mannering, 2018 ). Besides, more advanced methodologies combining resampling methods should also

be developed to accurately examine the heterogeneity in HRGC crashes. 
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