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ABSTRACT 
Safety Performance Function (SPF) is essential in traffic safety analysis, and it is useful to unveil 
hazardous factors related to the crash occurrence. Many alternative methodologies have been 
applied to develop the SPFs by the researchers (generalized linear regression methods, data 
mining techniques, and nonparametric statistical methods). Recently, Bayesian inference 
technology has drawn many researchers’ interest. Among those frequently used models, 
Hierarchical Bayesian (HB) models are the most popular ones. One reason that HB models are 
frequently used is that the data structures for crash frequency studies are originally hierarchical 
(e.g. segment level, seasonal level, and corridor level). Besides, HB models are powerful enough 
to solve the over-dispersion issue which usually exists in traffic safety data. In this study, four 
types of HB models are compared (Poisson-gamma model, Random effects Poisson-gamma 
model, Correlated Random effects Poisson-lognormal model, Uncorrelated Random effects 
Poisson-lognormal model) with the basic Poisson model. The study focuses on a 15-mile 
mountainous freeway on I-70 in Colorado. Crash occurrences are aggregated at the homogenous 
segmentation level and the whole segment was split into 120 homogenous segments. Moreover, 
real-time traffic data prior to each crash were archived by 30 Remote Traffic Microwave Sensors 
(RTMS) and real-time weather information are provided by 6 weather stations along the studied 
roadway. For the model evaluation methods, Deviance Information Criterion (DIC), which 
recognized as Bayesian generalization of AIC (Akaike information criterion, and standard errors 
of the estimated coefficients for the independent variables was selected as the evaluation 
measure to select the best model(s). Comparisons across the models indicate that the Correlated 
Random effect Poisson model is superior with the smallest DIC values and the least standard 
errors. Model results indicate that hazardous factors related to the crash occurrence on the 
roadway segment should be studied by season. For example, the average temperature variable 
has a distinct coefficient sign for the snow and dry seasons. Moreover, two different sets of 
parameters have been concluded. Finally, conclusions have shed some lights on designing Active 
Traffic Management (ATM) strategies: for the dry season, the management strategy should focus 
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on speed control and harmonize, while for the snow season special attentions are needed for the 
adverse weather conditions.  
Keywords: Safety Performance Function; Bayesian inference; Hierarchical Bayesian model; 
Active Traffic Management. 
 

1 INTRODUCTION 
Motor-vehicle crash studies have been a continuous hot topic in the past decades. Researchers 
have developed numerious methods, incorporating different types of data and concluded a 
variety of countermeasures to improve the highway traffic safety condition. In order to gain a 
better understanding of crash mechanism, crash-frequency studies are now focusing on more 
specific problems that can be split into the following categories; crash type based studies (rear-
end crashes, sideswipe crashes and single run-off-roadway crashes), severity based studies 
(property damage only crashes, injury crashes and fatal crashes), weather related crash studies 
(rainfall related crashes) and crash-time based studies (peak-hour crashes and non-peak hour 
crashes). By concentrating on one particular problem with the help of more advanced data 
collection systems, researchers hope to provide better crash predictions and finding out those 
hazardous factors. 

Besides dividing the crash into different categories, various types of data have been employed 
in developing safety performance functions (SPFs). In addition to the basic geometric 
characteristic variables and annual average daily traffic (AADT), extended weather related data 
like visibility, road surface index, temperature and precipitation and traffic data such as speed, 
volume, and occupancy have also been utilized in the analyses. This study focuses on a 15-mile 
mountainous freeway on I-70 in Colorado. Previous study (Ahmed et al., 2011) demonstrated a 
significant seasonal effect on crash frequencies. Snow seasons (from October through April) 
have relatively higher crash frequencies and more weather-related crashes than the dry season 
(from May to September) does. In this study, the same homogeneous segmentation method is 
applied to the same study area. Besides the geometric data and aggregated traffic data used in the 
previous work, real-time weather data (visibility, precipitation, and temperature) and real-time 
traffic data (speed, volume, and occupancy) are employed in this paper. 

In order to deal with the multi-type data resources, hierarchical Bayesian (HB) models have 
commonly been used in traffic safety analysis. HB models were frequently used since the data 
structures for crash frequency studies are originally hierarchical (e.g., segment level, seasonal 
level and corridor level). Besides, HB models are powerful enough to solve the over-dispersion 
issue which usually exists in traffic safety data. In this study, four types of hierarchical Bayesian 
models are employed: Poisson-gamma model, Random effects Poisson-gamma model, 
Correlated Random effects Poisson-lognormal model and Uncorrelated Random effects Poisson-
lognormal model. Safety performance functions have been estimated with one-year crash data 
for the studied freeway section. In addition to the four HB models, the basic Poisson model has 
also been incorporated and compared to the HB models with regarding the estimated coefficients 
and goodness-of-fit. Finally, the best models would be identified with the aim of providing 
helpful information to further traffic management strategies for different scenarios. 
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2 BACKGROUNDS 
Random effect models have been widely used in crash frequency studies (Shankar et al., 1998; 
Miaou and Lord, 2003; Guo et al., 2010; Yaacob et al., 2010). Researchers have benefited from 
its advantage of handling temporal and spatial correlations (Lord and Mannering, 2010). 
Shankar et al. (1998) investigated the factors that affect median crossover accidents in 
Washington State. Random effect negative binomial model (RENB) and cross-sectional negative 
binomial (NB) model have been compared in this study. The authors concluded that the RENB 
model is only superior to the NB model when spatial and temporal effects are not considered 
while if the spatial and temporal effects are included the NB model is strong enough to provide 
promising results.  

Chin and Quddus (2003) included RENB model to deal with the spatial and temporal effects 
in the traffic crash study. The authors examined the relationships between accident occurrence 
and different characteristics of signalized intersections in Singapore. Geometric, traffic and other 
control factors were considered in the model.  The authors claimed that the random effect has 
been added to the NB model by assuming that the over-dispersion parameter is randomly 
distributed across groups, and this formulation is able to account for the unobserved 
heterogeneity across locations and time. 

The Bayesian inference technique is a frequently adopted way to predict crash occurrence in 
recent studies. Shively et al. (2010) employed a Bayesian nonparametric estimation procedure to 
estimate the relationships between crash counts and roadway characteristics. The curvature, 
traffic levels, speed limit and surface width were considered as the main contributing factors to 
crash occurrence. Results concluded that the key factors that affect crash counts are traffic 
density, presence and degree of horizontal curve and road classification. 

Huang and Abdel-Aty (2010)argued that traffic safety studies usually contains multilevel data 
structures, i.e. [Geographic region level-Traffic site level – Traffic crash level – Driver and 
vehicle unit level – Occupant level] × Spatiotemporal level. Due to the complicated data 
structure, models like generalized linear regression model are incapable to handle it. Since then, 
the authors proposed a Bayesian hierarchical approach which explicitly specifies multilevel 
structure and reliable. Several case studies have been conducted using the proposed methodology 
and it was concluded model fittings can be improved with the Bayesian hierarchical models 
handling the multilevel data. 

Guo et al. (2010) looked into signalized intersection safety problems with corridor-level 
spatial correlations. The mixed effect model in which the corridor-level correlation is 
incorporated through a corridor specific random effect and the conditional autoregressive model 
were compared with normal NB and Poisson models. A full Bayesian framework was used in 
this study. The DIC was used to compare the performance of the alternative models and it was 
found out that the Poisson spatial model provides the best model fitting. 

Geedipally et al. (2012) employed a NB generalized linear model with Lindley mixed effects 
for analyzing traffic crash data. The purpose of introducing this method to analyze traffic crash is 
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to address the data sets that contain large number of zeros and a long tail. The NB generalized 
linear model provided a superior fit compared to the NB model. 

Ahmed et al. (2011) and Yu et al. (2013) developed Bayesian hierarchical models to account 
for seasonal and spatial correlations for a mountainous freeway in Colorado. In order to consider 
the over-dispersion along with the spatial correlations between the homogenous segments, 
Poisson model, Random effect Poisson model, and Gaussian Conditionally Autoregressive prior 
model have been performed with Bayesian inference techniques. And it was concluded that the 
Random effect Poisson model outperformed the others. As an extension of the previous studies, 
different Poisson mixture models have been adopted and compared in this study.  

Weather condition is relevant to crash frequency and researchers have developed several ways 
to consider weather influence in the crash frequency models. Caliendo et al. (2007) used hourly 
rainfall data and transformed it into binary indicator of daily pavement surface status (dry and 
wet). Miaou et al. (2011) also used a surrogate variable to indicate wet pavement conditions. The 
amount of rainfall and the number of rainy days have been identified to have a positive effect on 
accident occurrence (Chang and Chen, 2005; Yaacob et al., 2010), results showed that higher 
precipitation (in terms of days and amount) have greater tendency to be classified with relatively 
higher accident rates. Daily averaged weather variables like precipitation, snowfall amounts and 
temperature have been utilized (Malyshkina et al., 2009), conclusions indicated that less safe 
traffic state is positively correlated with extreme temperatures (low during winter and high 
during summer), rain precipitation, snowfall and low visibility distances. More detailed hourly 
based weather data have been employed (Jung et al., 2010; Usman et al., 2010). However, as 
stated in (Lord and Mannering, 2010) study that “generally the analyst only has precipitation 
data that is much more aggregated and thus important information is lost by using discrete time 
intervals – with larger intervals resulting in more information loss”. 

Traffic variables always play a vital role in the crash occurrence studies. Kononov et al. 
(2011) used Annual Average Daily Traffic (AADT) as the only variable to develop the Safety 
Performance Function (SPF) and the results indicate that when some critical traffic density is 
reached, the crash occurrence likelihood would increase at a faster rate with an increase in 
traffic. With the help of data mining method of Classification and Regression Tree (CART), 
Chang and Chen (2005) concluded that AADT were the key determinants for freeway accident 
frequencies. However, similar to the weather related variables, by only using aggregated traffic 
data such as AADT would lead to lose most valuable information of pre-crash traffic status. 

 

3 DATA PREPARATION 
Four data sets were included in this study, (1) one year’s crash data (from Aug, 2010 to Aug, 
2011) provided by CDOT, (2) road segment geometric characteristic data captured from 
Roadway Characteristics Inventory (RCI), (3) real-time weather data recorded by 6 weather 
stations along the study roadway segment, and (4) real-time traffic data detected by 30 RTMS 
radars. To the best of our knowledge, this is the first time that real-time weather and traffic data 
have been employed in a study to estimate safety performance functions (SPFs). By utilizing 
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real-time data, contributing factors from roadway geometric, weather and traffic flow 
characteristics of crashes could be unveiled.  

A total of 251 crashes were documented within the study period. The 15-mile segment, 
starting at Mile Marker (MM) 205 and ends at MM 220, have been split into 120 homogenous 
segments (60 in each direction), the homogenous segmentation method has been described in a 
previous study (Ahmed et al., 2011).  

Six weather stations were implemented with the purpose of providing real-time weather 
information to motorists. Information about temperature, visibility, and precipitation had been 
recorded. The weather data are not recorded continuously, once the weather condition changes 
reached a preset threshold, a new record will be added to the archived data. Crashes have been 
assigned to the nearest weather station according to the Mile Marker. For each specific crash, 
based on the reported crash time, the closest weather record prior to the crash time has been 
extracted and used as the crash time weather condition.  

Fifteen radar detectors were available for each direction to provide speed, volume and 
occupancy information. RTMS data corresponding to each crash case was extracted in the 
following process: the raw data were firstly aggregated into 5-minute intervals, then each crash 
was assigned to the nearest downstream radar detector, and the crash’s traffic status is defined as 
5-10 minute prior to the crash time. For example, a crash happened at 15:25, at the Mile Marker 
of 211.3. The corresponding traffic status for this crash is the traffic condition of time interval 
15:15 and 15:20 recorded by RTMS radar at Mile Marker 211.8. Similarly, upstream and 
downstream traffic statuses were also extracted for each crash case. To avoid confusing pre and 
post crash conditions, 5-10 minute traffic variables prior to the reported crash time were 
extracted. Average, standard deviation and coefficient of variance of speed, volume and 
occupancy during the 5-minute interval were calculated to represent the pre-crash traffic statuses.   

 

4 METHODOLOGY 
Crash occurrence has been assumed to follow a Poisson process and the Poisson models have 
been frequently utilized in crash frequency studies. However, due to the lack of ability to handle 
the over-dispersion problem (Lord and Mannering, 2010), Poisson mixture models such as 
Poisson-gamma and Poisson-lognormal models were introduced to compensate for the 
shortcomings of Poisson regression models. 

The Poisson-lognormal model was formulated by introducing multiplicative gamma 
distributed random effects into the log-linear Poisson model, which implies a negative binomial 
marginal sampling distribution. The hierarchical model can be setup as follows: 

𝑌𝑖𝑡~𝑃𝑜𝑖𝑠𝑠𝑖𝑜𝑛(𝜆𝑖𝑡) 𝑓𝑜𝑟 𝑡 = 1,2 
𝑙𝑜𝑔𝜆𝑖𝑡 =  𝑙𝑜𝑔𝑒𝑖𝑡 + 𝑿𝒊𝒕𝜷 +  𝛾1𝑢𝑖𝑡 +  𝛾2𝑏𝑖 

𝑢𝑖𝑡  ~ 𝑁 (0,𝜎𝑢2) 
𝑏𝑡 ~ 𝑁 (0,𝜎𝑏2) 

The Poisson-gamma model is a commonly used model for count data with over-dispersion 
problem. The model can be setup as: 

𝑌𝑖𝑡~𝑃𝑜𝑖𝑠𝑠𝑖𝑜𝑛(𝜆𝑖𝑡𝜇𝑖𝑡) 𝑓𝑜𝑟 𝑡 = 1,2 



16th Road Safety on Four Continents Conference  
Beijing, China 15-17 May 2013   
 
 

𝜇𝑖𝑡~𝐺𝑎𝑚𝑚𝑎(𝑟𝑖𝑡, 𝑟𝑖𝑡) 
𝑙𝑜𝑔𝜆𝑖𝑡 = 𝑿𝒊𝒕𝜷 + 𝛾1𝑏𝑖 
𝑟𝑖𝑡 ~ Gamma(φ,φ) 
𝑏𝑡 ~ 𝑁 (0,𝜎𝑏2) 

where 𝑌𝑖𝑡 is the crash count at segment i (i=1, . . . , 120 (60 segments in each direction)) during 
season t ( t=1 for dry season, 2 for snow season). 𝑿𝒊𝒕 represent the risk factors and 𝜷 is the vector 
of regression parameters. For the Poisson-lognormal model, two random effects are defined in 
the model, 𝑢𝑖𝑡 is the segment-season specific random effect and 𝑏𝑡 is the segment only specific 
random effect. Both random effects are set to follow normal distribution 𝑏𝑖~𝑁 �0, 1

𝑎
� ,𝑤here 𝑎 is 

the precision parameter and it was specified a gamma prior as 𝑎~ Gamma (0.001, 0.01). For the 
Poisson-gamma model, 𝜇𝑖𝑡  is a multiplicative random effect which usually being assumed to 
follow gamma distribution with mean of 1 and variance of 1/𝜑; where 𝜑 is regarded as the 
inverse dispersion parameter and usually set up to follow a gamma prior as Gamma (0.001, 
0.001) and 𝑏𝑖is the segment random effects. 

Full Bayesian inference was employed in this study. The key ‘hierarchical’ part of these 
models is that ∅, the random effects (𝑢𝑖𝑡 , 𝑏𝑡) is unknown and thus has its own prior distribution, 
𝑝(∅). The joint prior distribution is (Gelman et al., 2004) 

𝑝(∅,𝜃) =  𝑝(∅)𝑝(𝜃|∅), 
and the joint posterior distribution can be defined as  

𝑝(∅,𝜃|𝑦) ∝  𝑝(∅,𝜃)𝑝(𝑦|∅,𝜃) =  𝑝(∅,𝜃)𝑝(𝑦|𝜃). 
Based on the above formulation, five models were considered in this paper. For the Poisson-

lognormal formulation, the basic Poisson model with (𝛾1, 𝛾2) = (0, 0); the Poisson-lognormal 
model with uncorrelated random effects with no correlation with (𝛾1 , 𝛾2) = (1, 0); and the 
correlated random effects Poisson-lognormal model (𝛾1, 𝛾2) = (0, 1). For the Poisson-gamma 
formulation, the basic Poisson-gamma model with 𝛾1 = 0; and the Random effects Poisson-
gamma model with 𝛾1 = 1. For each model, three chains of 15,000 iterations were set up in 
WinBUGS (Lunn et al., 2000), 5,000 iterations were used in the burn-in step.  
 

5 MODELING RESULTS AND DISCUSSIONS 
As stated and proved in the previous work (Ahmed et al., 2011), significant seasonal effect exists 
on the chosen freeway segment. Totally 240 observations (120 segments x 2 seasons) were 
entered in the above defined models.  For each observation, it represents the crash frequency for 
a specific homogenous segment in one season. For a segment with more than one crash 
occurrence, mean values of weather variables and traffic status variables from different crashes 
were calculated for this segment. Zero crash occurrence segments use the seasonal average 
values of the weather variables and traffic status variables in the final data set. Descriptive 
statistics of variables entered into the final models are summarized in Table 1. Daily vehicle mile 
traveled (VMT) were estimated by multiplying segment length and AADT to represent crash 
exposure for each segment. One hour precipitation was adopted rather than the ten minutes 
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precipitation because rain or snow affects crash occurrence by influencing road surface 
condition, long-period precipitation can better reflect the road surface conditions. 
 

Table 1: Summary of variables descriptive statistics for seasonal model 

Variables Description Mean Std 
dev. 

Min Max 

Crash Frequency Crash Frequency counts for the 
segment 

1.09 1.95 0 13 

Av_visibility Average Visibility during the 
crashes 

3.97 1.85 0.1 7.1 

Av_temp Average Temperature during the 
crashes 

38.92 16.09 6.0 77.0 

Av_1hourprecip Average value of 1hour 
precipitation(rain/snow) before the 
crash 

0.039 0.17 0 2.23 

S_1hourprecip Standard deviation of 1hour 
precipitation(rain/snow) before the 
crash 

0.16 0.32 0 3.72 

CAS Average speed for the crash 
segment 

53.81 10.59 7.45 68.0 

Season Dry=0, Snow=1 0.5 0.5 0 1.0 
Grade Longitudinal grade, eight 

categories: Upgrade: 0-2%=1, 2-
4%=2, 4-6%=3,    6-8%=4; 
Downgrade: 0-(-2)%=5, (-2)-(-
4)%=6,  (-4)-(-6)%=7, (-6)-(-8)%=8 

4.45 2.40 1 8 
 

VMT Daily vehicle miles traveled 6582 4419 2267 23409 
 
Table 2 provides the estimations of significant parameters for the basic Poisson model and 

two Poisson-lognormal models while Table 3 shows the modeling results for the two Poisson-
gamma models. Although five candidate models were considered, similar results for the 
significant parameters have been achieved. Geometric characteristic parameter (Grade index) has 
shown a consistent effect in the model as in previous study results, which identify Grade [8] as 
the most hazardous slope. Moreover, trends of Grade indexes indicate that the steeper slopes 
experience a higher crash frequency; and upgrade segments are safer than those downgrade 
segments with same slope range. Also the LogVMT variable has an identical significant positive 
effect on crash frequency, which means the larger VMT increase the likelihood of more frequent 
crashes because of the higher exposure.  

Several real-time weather variables have been included in the final models. Average visibility 
within the segment was significant with a negative sign, which indicates that a good visibility 



16th Road Safety on Four Continents Conference  
Beijing, China 15-17 May 2013   
 
 
condition will decrease the crash occurrence. Two precipitation variables were included in the 
models, 1-hour precipitation’s mean value and its standard deviation. Average 1-hour 
precipitation volume has a positive coefficient means larger precipitation increases the crash 
hazardousness. While the standard deviation of 1-hour precipitation volume has a negative 
coefficient indicates that segments suffered sudden rain or snow are more dangerous than those 
segments suffered continuous precipitations. This means that drivers are driving with more 
cautious through those frequent high precipitation area, which might be because the warning 
signs in these frequent precipitation segments. Average temperature has a distinct coefficient 
sign in the third model; it has a positive coefficient in the dry season’s model and a negative 
coefficient in the snow season’s model. However, this interesting result shows that the less safe 
state is positively correlated with extreme temperatures (low during winter and high during 
summer) as found before in (Malyshkina et al., 2009). The distinct effect of temperature in two 
seasons can only be captured by the random effect correlated model since it only reflects a 
negative influence on crash occurrences in the other two models. 

 

Table 2: Parameters estimates for Poisson and Poisson-lognormal models 

Model Poisson model Random effects 
(uncorrelated) 

Poisson-lognormal 
model 

Random effects (correlated) Poisson-
lognormal model 

Dry season Snow season 
Mean 2.5% 97.5% Mean 2.5% 97.5% Mean 2.5% 97.5% Mean 2.5% 97.5% 

LogVMT 0.77 0.6 0.92 0.7 0.4 1.0 1.0 0.7 2.0 0.6 0.3 0.9 

Av_visibility -0.13 -0.21 -0.05 -0.06 0.2 0.05 - - - -0.2 -0.3 -0.02 

Av_temp -0.02 -0.03 -0.008 -0.03 -0.002 -0.05 0.06 0.02 0.1 -0.04 -0.08 -0.002 

Av_1hourprecip 1.27 -0.25 2.65 4.0 2.0 7.0 - - - 5.0 3.0 8.0 

S_1hourprecip -0.76 -1.54 0.11 -2.0 -3.0 -0.9 - - - -2.0 -4.0 -1.0 

CAS (Avg. Speed) -0.034 -0.04 -0.02 -0.03 -0.05 -0.02 -0.07 -0.1 -0.03 -0.007 -0.03 0.01 

Season [snow] - - - 2.0 1.0 3.0 - - - - - - 

Season [dry] - - - - - - - - - - - - 

Grade[1] -1.52 -2.58 -0.65 -2.0 -3.0 -0.5 -2.0 -3.0 -0.6 -2.0 -3.0 -0.6 

Grade[2] -0.37 -0.76 0.008 -0.4 -1.0 0.2 -0.7 -1.0 -0.09 -0.7 -1.0 -0.09 

Grade[3] -0.85 -1.25 -0.46 -0.8 -1.0 -0.3 -0.8 -1.0 -0.3 -0.8 -1.0 -0.3 

Grade[4] -0.32 -0.78 0.11 -0.3 -1.0 0.4 -0.5 -1.0 0.2 -0.5 -1.0 0.2 

Grade[5] -1.04 -1.67 -0.47 -1.0 -2.0 -0.2 -1.0 -2.0 -0.4 -1.0 -2.0 -0.4 

Grade[6] -1.23 -1.84 -0.69 -1.0 -2.0 -0.3 -1.0 -2.0 -0.3 -1.0 -2.0 -0.3 

Grade[7] -0.45 -0.92 0.00 -0.3 -1.0 0.5 -1.0 -0.4 0.3 -1.0 -0.4 0.3 

Grade[8](reference
) 

- - - - - - - - - - - - 
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Table 3: Parameters estimates for Poisson-gamma models 

  Poisson-gamma model Random effects Poisson-gamma 
model 

Variable Mean Std. 2.5% 97.5% Mean Std. 2.5% 97.5% 
Dry season         
LogVMT 0.73 0.15 0.48 1.04 0.38 0.03 0.32 0.44 
Av_temp 0.056 0.022 0.006 0.087 0.036 0.015 0.018 0.061 
CAS (Avg. Speed) -0.04 0.012 -0.062 -0.011 -0.058 0.008 -0.071 -0.044 
Snow season         
LogVMT 0.40 0.07 0.25 0.53 0.44 0.017 0.41 0.48 
Av_visibility -0.17 0.06 -0.28 -0.05 -0.14 0.034 -0.19 -0.07 
Av_temp -0.04 0.016 -0.077 -0.007 -0.024 0.007 -0.038 -0.011 
Av_1hourprecip 4.13 1.18 2.22 6.51 3.23 0.39 2.62 3.9 
S_1hourprecip -2.39 0.71 -3.8 -1.24 -1.62 0.18 -1.94 -1.34 
CAS (Avg. Speed) -0.009 0.008 -0.026 0.008 0.018 0.004 -0.023 -0.012 
Longitudinal 
Grades 

        

Grade [1] -1.84 0.65 -3.27 -0.74 -1.86 0.51 -2.88 -0.82 
Grade [2] -0.56 0.25 -1.04 -0.086 -0.52 0.22 -0.97 -0.15 
Grade [3] -0.70 0.21 -1.17 -0.26 -0.85 0.22 -1.28 -0.53 
Grade [4] -0.41 0.26 -0.97 0.05 -0.36 0.26 -0.83 0.05 
Grade [5] -1.11 0.36 -1.88 -0.43 -1.23 0.25 -1.72 -0.63 
Grade [6] -1.08 0.34 -1.83 -0.47 -1.0 0.28 -1.56 -0.56 
Grade [7] -0.37 0.25 -0.86 0.08 -0.28 0.24 -0.71 0.12 
Grade[8](reference
) 

- - - - - - - - 

 
For real-time traffic variables, only the 5-minute average speed of the crash segment during 5-

10 minutes prior the crash time was found to be significant. The CAS has a negative sign, which 
means that the crash occurrence likelihood increases as the average speed decrease 5-10 minutes 
before the crash occurrence. This result has been proved in several real-time crash prediction 
models (Ahmed et al., 2012).  

The DIC, recognized as Bayesian generalization of AIC, was used to compare the 
performance of the five candidate models (Table 4). DIC is a widely used evaluation measure for 
the Bayesian models, according to Spiegelhalter et al. (2003), differences of more than 10 might 
definitely rule out the model with higher DIC. Differences between 5 and 10 are considered 
substantial. 𝐷� is the measure of model fitting, 𝑝𝐷 is the effective number of parameters and DIC 
is a combination of these two measures. 

The four HB models have relatively lower DIC than basic Poisson model, which implies that 
the over-dispersion problem does exist and cannot be handled by the basic Poisson model.  For 
four Poisson-mixture models, the correlated random effect model has the lowest DIC. Besides, 
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two Poisson-gamma models have competitive goodness-of-fit and both are substantially better 
than the uncorrelated random effects Poisson-lognormal model. 

 

Table 4: Model comparison 

Models 𝑫�  𝒑𝑫 DIC 
Basic Poisson model 565.2 14.8 579.9 
Uncorrelated Random effects Poisson-lognormal model 485.8 48.4 534.3 
Correlated Random effects Poisson-lognormal model 469.2 47.6 516.8 
Poisson-gamma model 471.2 52.7 523.9 
Random effects Poisson-gamma model 479.9 41.9 521.8 

6 CONCLUSIONS 
Crash occurrence on mountainous freeway is highly influenced by the weather conditions. 
Distinct seasonal weather conditions reflect on the crash frequencies and crash contributing 
factors. To fully account for the weather influence on the crash occurrence, real-time weather 
data were used in this study. Weather stations along the roadway section provide real-time 
information about the adverse weather conditions, which were demonstrated by the models of 
being highly related to crash occurrence.  

In addition to the real-time weather data, real-time traffic variables prior to the crash time 
have been included in the models. Unlike the fixed value of speed limits, etc., incorporating real-
time traffic variables have the benefits of understanding that crashes are more likely to occur 
under congested areas. 

For the methodological part, hierarchical Poisson-mixture models have been proved to be 
superior to the basic Poisson models since they are capable to handle the over-dispersion 
problem of the data. Moreover, within the four HB models, the correlated random effect models 
provide the best model fit and different sets of parameters for the two seasons which can help the 
researchers understand deeper about the diverse crash occurrence mechanisms. 

Besides, the modeling results also shed some lights on the control strategies of ATM systems. 
For the studied road segment, crash occurrence in the snow season has clear trends associated 
with adverse weather situations (bad visibility and large amount of precipitation); weather 
warning systems can be employed to improve road safety during the snow season. Furthermore, 
different traffic management strategies should be developed according to the distinct seasonal 
influence factors. In particular, sites with steep slopes need more attention from officials and 
decision makers especially during snow seasons to control the excess crash occurrence.    

The results presented in this paper are based on the particular data from a mountainous 
freeway, which is somewhat unique. Further researches with different data resources and 
infrastructure types are needed to confirm the results concluded in this study.    
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