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Abstract  Traffic crashes occur at different rates depending on several geometric conditions and actions of the drivers. 
Hills and curves have different crash rates and severities that level and straight segments of roadway. This paper presents data 
that were collected and analyzed using a binary probit model to determine the characteristics associated with higher crash 
severity of different grades (level, upgrade and downgrade) along with curve conditions (straight, turning left and turning 
right). Additionally, the paper continues the use of the binary probit model to analyze specific aspects that lead to run off the 
road crashes. The models developed in this research show that crash severity and run off the road crashes are often due to 
driver operating characteristics and not environmental or roadway factors. The application of the binary probit model 
demonstrates a convenient tool to analyze a large number of variables containing categorical crash data. 
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1. Introduction and Background 
Traffic crashes have various causes ranging from 

environmental issues, driver ability levels, overall 
distractions, sight distance limitations, to basic roadway 
geometrics.  Regarding roadway geometrics, crash data 
collected from Alabama between 2010 and 2014 show that 
straight horizontal alignment with a level grade is the safest 
driving environment with respect to severe crashes, 
essentially those crashes that result in an incapacitating 
injury or fatality, with less than 5 percent of the crashes that 
occur on these roadway segments resulting in a severe crash 
[1]. Contrarily, of the crashes that occur on roadway 
segments that curve to the left on a downgrade, almost 14 
percent of crashes result in severe crashes [1]. For 
comparison purposes, 11 percent of the crashes on roadways 
curving right and downgrade were classified as severe [1]. 
Table 1 contains the percent of severe crashes of all crashes 
that occur on the particular horizontal alignment and grade. 

Previous crash studies have been developed indicating that 
roadway geometric condition is an explanatory variable 
when considering crashes. Al-Deek et al. studied crashes 
along an interstate corridor and found the crashes on upgrade 
sections were greater than downgrade or level sections [2]. A 
study in Virginia concluded that speed and traffic flow  
were more important than roadway grade [3]. Other studies  
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focused on continuous grade roadway segments and 
determined that steeper grades were associated with 
increases in crashes; however, the surrounding environment 
was a contributing factor to the number of crashes [4-9]. 
Additionally, horizontal curves have been identified as a 
contributing increases in crashes [10-14]. A recent study on 
curvature concluded that horizontal curves have a significant 
impact on crash occurrences [15]. The combination of grade 
and curvature was studied by Bauer to identify crash 
modification factors [16] while other studies focused on age 
and grade as they related to crashes [17, 18]. 

Table 1.  Percent of Severe Crashes in Alabama between 2010 and 2014 

Straight 
and 

Level 

Straight and 
Downgrade 

Straight and 
Upgrade 

Curve 
Left and 

Level 

Curve Left 
and 

Downgrade 

4.98% 6.95% 6.08% 12.49% 13.88% 

Curve 
Left and 
Upgrade 

Curve Right 
and Level 

Curve Right 
and 

Downgrade 

Curve 
Right and 
Upgrade 

 

11.51% 7.95% 11.11% 8.44%  

This paper presents the factors that impact crash severity 
on specific roadway grade and curvature segments within 
Alabama. Within the paper, a binary probit model is used to 
statistically analyze the crash data collected with respect to 
several key variables including: time of day, primary 
contributing circumstance, distracted driving, manner of 
crash, lighting, weather, land use, driver age, driver 
condition, speed limit, roadway condition and material in the 
roadway. The paper presents the statistical results of the 
analysis and interprets the data to identify which conditions 
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and variable tend to lead to increase crash severity of curve 
and grade segments. The paper continues to use the binary 
probit model to analyze run off the road crashes to determine 
specific factors that cause drivers to leave the roadways. The 
results from the study show that driver operating 
characteristics are the key element to determine the severity 
and number of run off the road crashes. The paper concludes 
that the use of the binary probit model is a convenient tool to 
study crashes from a collection of categorical data. 

2. Model Description 
A Binary Probit model is used in this paper. The use of 

probit modeling for crash analysis is common in the recent 
literature and several studies have provided examples and 
demonstrated use of the model for crash analysis [19-24]. 
The goal of the probit model is to model a series of 
observations of possible outcomes, severe and not severe, 
based on a collection of observed data values that are 
intended to relate the outcome [25, 26]. The definitions of 
the variables Y and X are as follows: 
•  Let Y, for any subset i, be a binary response variable 

such that Yi = 1 if the trait is present in observation and 
Yi = 0 if the trait is not present in observation.   

•  Let X = (X1, X2, ..., Xk) be a set of explanatory variables 
which can be discrete, continuous, or a combination. xi 
is the observed value of the explanatory variables for 
observation.  

For our analysis, the response variable will be Yi = 1 when 
a crash with a certain severity is observed and Yi = 0 if the 
alternate severity is recorded. The explanatory variables X1, 
X2, ..., Xk will be collected from the crash analysis database as 
an attempt to define the dependent variable. 

In the model, let i be the individual driver and K indicate 
the severity of crash, either K=0 for non-severe and K=1 for 
severe. The individual variables that relate to the outcome 
being severe or not severe are associated with environmental 
and driver and infrastructure factors present at the time, 
location and characteristics of those involved in the crash. 

The model specifically takes the form Pr(Y=1|X) = Φ(XTβ) 
where Pr is the probability and Φ is the Cumulative 
Distribution Function of the standard normal distribution. 
The parameters of the model, β, are estimated by maximum 
likelihood.   

The model is often depicted using a latent variable model 
where the likelihood of a severe injury or fatality occurring 
as a result from an individual crash, yi*, is associated with a 
collection of variables and parameters that are compared 
with a threshold value Ψ such that: 
• Yi = 0 if yi*<Ψ, the crash is not severe  
Or  
• Yi=1 if yi*>Ψ, the crash is severe 

where Ψ=(XTβ). 
The maximum likelihood estimation is developed using 

the equation: 
ln L (β)=∑(yi ln Φ(xiβ) + (1-yi) ln (1-Φ(xi(β))))    (1) 

where the estimator of β maximizes this function. 
The implementation of the model is implemented using 

IMB SPSS Statistics 24. 

3. Data Collection 
The data used in this analysis were extracted from the 

Critical Analysis Reporting Environment (CARE) 
maintained by the Center for Advance Public Safety at the 
University of Alabama (1a). Data were separated by 
horizontal curvature movement (left or right) and vertical 
alignment (level, upgrade or downgrade). There were six 
unique datasets developed for which the crash models were 
developed. The number of data variables that are available 
for each of the six categories is shown in Table 2. 

Table 2.  Number of Crashes from Each Category 

Curve 
Left 
and 

Level 

Curve Left 
and 

Downgrade 

Curve 
Left and 
Upgrade 

Curve 
Right 
and 

Level 

Curve 
Right and 

Downgrade 

Curve 
Right 
and 

Upgrade 

8,231 7,247 3,588 6,111 5,494 2,835 

The variables and possible values of the variables that 
were used in the analysis are presented in Table 3. 

Table 3.  Variables Used in the Analysis 

Dependent 
Variable Crash Severity 

Not Severe 

Severe 

 

Factor 

Time of Day 

Evening peak 

Morning peak 

Off peak 

 

Primary 
Contributing 
Circumstance 

Defective Equipment 

Distracted by 
Phone/Passenger/Insect/Reptile 

Driving too Fast for Conditions 

DUI 

Fatigued/Asleep 

Ran off Road 

Improper Driving 

Misjudge Stopping Distance 

Other 

Swerved to Avoid 
Vehicle/Animal 

Unseen Object/Vision Obstructed 

 

Distracted 
Driving 

Distracted by Fallen 
Object/Insect/Reptile 

Distracted by Passenger 

Distracted by Use of Phone/GPS 

Fatigued/Asleep 

Not Distracted 
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Other 

 

Manner of Crash 

Angle 

Head-On 

Non-Collision 

Other 

Rear End 

Rear to Side 

Side Impact 

Sideswipe 

Single Vehicle Crash 

 

Intersection 
Related 

No 

Yes 

 

Lighting 
Conditions 

Dark - Roadway Lighted 

Dark - Roadway Not Lighted 

Dark - Spot Illumination 

Daylight 

Dusk/Dawn 

Other 

 

Weather 

Clear/Cloudy 

Fog 

Other 

Rain/Mist 

Snow/Hail/Freezing Rain 

 

Landuse 

Blank 

Open Country 

Residential/School/Playground 

Shopping/Business 

 

Causal Unit Age 

Adult 

N/A 

Older Adult 

Retirees 

Young 

Young Adult 

 

Gender 

Female 

Male 

N/A 

 

Driver Condition 

Blank 

Apparently Normal 

Asleep/Fatigued 

Emotional 

Illness/Physical Impairment 

Influence of Alcohol/Drugs 

N/A 

 

Speed Limit 

Blank 

<45mph 

>50mph 

 

Roadway 
Condition 

Dry 

Ice/Snow 

Muddy Sand/Dirt/Gravel 

Other/NA 

Water Buildup 

Wet 

 

Contributing 
Material in 
Roadway 

Gravel/Oil/Tire Debris 

None 

Tree/Limbs 

 

4. Model Results 
The model generates parameter estimates for the variables 

to best match the actual number of severe and non-severe 
crashes at the different curve and grades. The parameters can 
be used to determine the direction of the variable as to the 
respect of the increase or decrease in the severity of crashes. 
The parameters indicated the probability executed increase 
with a one unit increase in the dependent variable [27, 28]. 
Table 4 presents the parameter estimates for the six 
categories; note that only the significant variables are 
displayed in the table. 

From Table 4, some elements that tended to reduce the 
likelihood of a severe crash on different grades and 
curvatures were driving when not distracted, having a 
sideswipe crash, driving under normal operating condition 
(no apparent distress to the driver), being a younger driver 
and driving in dry conditions. Driving while not distracted 
and under norm al operating condition tended to reduce the 
severity, presumably due to awareness and driving in a 
manner that the operation was more in control of the vehicle, 
and although a crash occurred, the crash could be minimized 
and the severity lessened as a result. This also makes sense 
for sideswipe crashes as these crashes tend to be less severe 
than other types of crashes. Finally, driving under dry 
pavement conditions helped the driver be aware and control 
the vehicle to lessen the severity of the crash. Interestingly, 
drivers who were turning right on both level and upgrade 
segments, drivers who were fatigued and emotional tended 
to have less severe crashes as did drivers during the morning 
peak who were turning to the right and on level of 
downgrade segments. 

Some key elements that increase severity on all the 
roadways geometrics and grades from the primary 
contributing circumstances include driving too fast for 
conditions, driving under the influence, running off the road, 
improper driving and swerving to avoid vehicle or animal.  
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In all these situations, the driver actions indicate a lack of 
focus or panic maneuver, which tend to lead to higher 
severity crashes due to the nature of the suddenness and lack 
of plan to minimize the crash impacts. Similarly, driving 
under the influence of drugs or alcohol also tended to 
increase the severity of crashes for most segments, with the 

exception of driving on an upgrade, which might have led to 
a lower speed from the operator at the time of the crash. Not 
surprisingly, head-on crashes tended to have higher severity. 
For the particular driver, older drivers and retirees tended to 
have higher severity crashes. This could be a result of the age 
of the driver more than the geometric characteristics. 

Table 4.  Parameters Estimates for the Models 

 
Left and 

Downgrade 
Parameter B 

Left and 
Level 

Parameter B 

Left and 
Upgrade 

Parameter B 

Right and 
Downgrade 
Parameter B 

Right and 
Level 

Parameter B 

Right and 
Upgrade 

Parameter B 

[Time of Day=Morning peak]    -.145 -.302  

[Primary Contributing 
Circumstance=defective equipment]     .423  

[Primary Contributing 
Circumstance=Distracted by 
Phone/Passenger/Insect/Reptile] 

 .324 .476  .478  

[Primary Contributing 
Circumstance=Driving too Fast for 
Conditions] 

.551 .702 .911 .736 .862 .486 

[Primary Contributing 
Circumstance=DUI] .485 .583 .697 .573 .789  

[Primary Contributing Circumstance=E 
Fatigued/Asleep]   .956  .676  

[Primary Contributing 
Circumstance=E Ran off Road] .484 .672 .749 .634 .691 .622 

[Primary Contributing 
Circumstance=Improper Driving] .389  .570 .694 .676 .437 

[Primary Contributing 
Circumstance=Swerved to Avoid 
Vehicle/Animal] 

  .525 .378 .489  

[Distracted Driving=Not Distracted] -.124   -.124  -.208 

[Manner of Crash=Angle]  .263     

[Manner of Crash=Head-On]  .411 .605 .375 .664 .768 

[Manner of Crash=Rear End]    -.309 -.276  

[Manner of Crash=Sideswipe] -.446 -.384 -.417  -.330  

[Lighting Conditions=Dark - Spot 
Illumination]   -1.937    

[Weather=Clear/Cloudy]   .797 1.000   

[Weather=Fog]   1.132    

[Weather=Rain/Mist]   .726 .821  .738 

[Landuse=Open Country]  .514    .652 

[Landuse=Residential/School/Playground]      .737 

[Causal Unit Age=Adult]    .154 .158  

[Causal Unit Age=Older Adult] .200 .135 .249 .261 .163  

[Causal Unit Age=Retirees] .236 .176 .304 .223 .218  

[Causal Unit Age=Young] -.179 -.136 -.191    

[Driver Condition=Apparently Normal] -.480 -.473 -.384 -.718 -.699 -.674 

[Driver Condition=Asleep/Fatigued]     -.774 -.917 

[Driver Condition=Emotional]     -.736 -1.217 

[Driver Condition=Influence of 
Alcohol/Drugs] .242 .255  .344 .461  

[Speed Limit=<45mph]     .095  

[Roadway Condition=Dry] -.139 -.163 -.342 -.169 -.249  
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In reviewing the data, the specific contributing 
circumstance of running off the road was nearly the highest 
factor that led to increased crash severity for each of the 
curve and grade classifications. This type of crash will be 
further analyzed to determine factors that tended to increase 
this particular type of crash to determine if these crashes can 
be reduced, which would provide an overall improvement in 
crash severity levels. 

5. Run off the Road Model 
The paper continues to analyze the crashes associated with 

roadway grade and curvature specifically examining run off 
the road crashes. The importance of these crashes is evident 

from the statistic that 59 percent of all motor vehicle 
fatalities are run off the road crashes [29, 30]. The analysis of 
run off the road crashes has been studied recently by Gong 
who developed mixed logit models using driver age to test 
the crash severity [31, 32]. Additionally, the review of 
counter-measures for run off the road crashes has been 
modeled [33-38].   

A binary probit model was developed for each roadway 
curvature and grade condition with the response variable 
being a run off the road crash or another type of crash and the 
independent variable previous defined, with the inclusion of 
a severity variable defined as severe and not severe. The 
significant parameters for each of the variables in each of the 
categories are shown in Table 5. 

Table 5.  Parameters Estimates for the Run Off the Road Models 

 
Left and 

Downgrade 
Parameter B 

Left and 
Level 

Parameter 
B 

Left and 
Upgrade 

Parameter B 

Right and 
Downgrade 
Parameter B 

Right and 
Level 

Parameter 
B 

Right and 
Upgrade 

Parameter B 

[Time of Day=Morning peak] -.186      

[Primary Contributing 
Circumstance=defective equipment]  .858 1.057  .650  

[Primary Contributing 
Circumstance=Distracted by 
Phone/Passenger/Insect/Reptile] 

 .886  .520 .633 .634 

[Primary Contributing 
Circumstance=Driving too Fast for 
Conditions] 

.357 .916 1.021 .657 .861 .650 

[Primary Contributing 
Circumstance=DUI] .525 1.163 1.249 .710 1.009  

[Primary Contributing 
Circumstance=Fatigued/Asleep]  .784 1.091  1.013  

[Primary Contributing 
Circumstance=Improper Driving]  .845   .522  

[Primary Contributing 
Circumstance=Misjudge Stopping 
Distance] 

   .985 1.006  

[Primary Contributing 
Circumstance=Swerved to Avoid 
Vehicle/Animal] 

 .844 1.070 .519 .778 .643 

[Distracted Driving=Not Distracted] -.314 -.463 -.338 -.368 -.244 -.366 

[Lighting Conditions=Dark - Spot 
Illumination]     -1.041  

[Lighting Conditions=Daylight]     -1.102  

[Lighting Conditions=Dusk/Dawn]     -.983  

[Weather=Rain/Mist]   -.712    

[Causal Unit Age=Adult] .132      

[Causal Unit Age=Older Adult] .162      

[Driver Condition=Emotional]     .730  

[Speed Limit=<45mph] .131   .128   

 
 
Examining Table 5, the results from the analysis indicate 

that run off the road crashes are almost always caused by 
driver error, with limited impact of the environment or traffic 

control conditions. The most common method to limit a run 
off the road crash was determined to be to not drive 
distracted. For drivers turning right on level conditions, the 
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addition of roadway lighting or driving during daylight hours 
significantly reduced the likelihood of a run off the road 
crashes. Interestingly, the presence of rain and mist actually 
lead to a decrease in run off the road crashes for drivers 
turning left and going uphill. 

The increases in run off the road crashes, as mentioned, 
were often related to driver actions and aggressive operating. 
Driving while distracted or in a fatigued state or under the 
influence of drugs or alcohol significantly increased the 
number of run off the road crashes. With the high severity 
rate for this crash type, educational campaigns directed at 
reducing poor driving as well increased enforcement are 
recommended to reduce these crashes. An aggressive driving 
action, driving too fast for conditions, significantly leads to a 
greater number of run off the road crashes. Again, this crash 
can be reduced through increase education and enforcement. 

6. Conclusions 
This paper examined the crashes that occurred at multiple 

levels of curvature and grade conditions. The severity of 
crashes for all roadway grade and curve conditions was 
reduced by driving in dry condition and staying alert. The 
statistics also show that younger driver tend to have fewer 
severe crashes, while this might be attributed to younger 
drivers being less likely to admit to injuries more than 
younger drivers being more cautious while driving. Driving 
too fast, under the influence and distracted were key 
elements that tended to lead to increases in severity of 
crashes. Also, drivers who were older were shown to have 
increased severity on crashes occurring on all turning 
movement conditions, regardless of whether the roadway 
was level, traveling uphill or downhill. Specifically for run 
off the road crashes, the presence of an alert driver with 
lighting in specific situations can greatly reduce the number 
of these crashes. Other actions that can possibly reduce the 
number of run off the road crashes include education and 
enforcement with respect to aggressive, distracted and 
impaired driving. 

The contribution of the paper is the use of the binary probit 
modeling procedure to determine the statistical impact of 
categorical data on severity and for run off the road crashes. 
This methodology of crash analysis has not been observed in 
the literature; therefore this paper is a first attempt to 
demonstrate the ability of the model. The benefit of this 
modeling process is the ability to determine the contribution 
of a large number of categorical data. The parameter 
estimates are shown to provide a straight-forward means to 
determine which variables have an increase in the number of 
crashes or in the severity of crashes. While the parameters 
represent probability of increases, the sign of the parameters 
provides a quick methodology to determine the increase or 
decrease and the magnitude of the parameter provides an 
easy reference point to determine which factors have the 
greatest impact. 
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