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This research examines the spatial and temporal transferability of crash prediction models 

on rural multilane divided highways and rural two-lane roads in Florida.  Spatial transferability is 

investigated through calibration of the Highway Safety Manual and the development of local 

safety performance functions across statewide conditions and three intra-state grouping methods, 

Florida Department of Transportation district boundaries, population density groups, and average 

annual rainfall groups.  Crash prediction models are developed and applied across four different 

temporal combinations, two cases of model estimation and application from the same time period 

and two cases of model estimation and application from different time periods.  To assess and 

compare the results of each crash prediction method, the mean squared error and variance of the 

squared error, as well as an error regression model, are analyzed.   

Results of the error analysis prove that there is significant benefit in statewide calibration, 

but no additional improvement from calibration within intra-state groups.  Locally developed 

safety performance functions result in improved crash prediction accuracy for population density 

based models on rural two-lane roads and district and population density based models on rural 

multilane divided highways.  Further crash estimation improvements are evident using locally 

derived models with alternate functional forms; however, this result is only seen for rural 
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multilane divided highways.  All crash estimation methods show an increase in prediction error 

at higher traffic volumes.   

Results of temporal transferability analysis show that there is no significant difference in 

crash prediction accuracy between any of the temporal estimation and application specifications.  

Crash estimation models estimated or calibrated based on the three years before or after the 

application time period were just as suitable as those based on the same application time period. 
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CHAPTER 1 

INTRODUCTION 

Motivation 

In recent years, improving roadway safety has been a primary goal for many state and 

federal agencies.  This can be seen through the national effort created by the Federal Highway 

Administration (FHWA) entitled Toward Zero Deaths: A Decade of Action for Road Safety.  

Under this program, the goal is to develop a national strategic highway safety plan based on the 

premise that even one traffic related fatality is unacceptable (FHWA 2012).  In moving towards 

this goal several safety related tools have recently been released for implementation.  These 

include crash prediction method software packages such as SafetyAnalyst and the first edition of 

the Highway Safety Manual (HSM), recently published by the American Association of State 

Highway and Transportation Officials (2010).  Along with the HSM, a software tool has been 

developed through FHWA for the implementation of the HSM by state departments of 

transportation, the Interactive Highway Safety Design Module (IHSDM).  Due to the release of 

the IHSDM, many states are making efforts to implement the methods recommended in the 

HSM.  As states seek to improve their roadway safety, they must address important questions 

regarding the transferability of crash prediction models and how to assess the performance and 

accuracy of these models. 

The efforts of this research are both beneficial to state agencies and engineers in their 

efforts to apply crash prediction models to ultimately reduce crashes and valuable in presenting 

original contributions to the field of safety analysis.  These contributions to the field of safety 

analysis focus on both methods of improving the transferability of crash prediction methods and 

the development of systematic processes to assess the transferability of crash prediction models.  

The evaluation of existing means of transferring crash prediction models, the development of 
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improved transferability methods, and the construction of new, locally specific, crash prediction 

models are addressed through this research effort.   

This dissertation includes an introduction to the HSM, a description of previous related 

research, a description of the data collection and assembly procedures, analysis of spatial and 

temporal transferability of calibration factors, analysis of spatial and temporal transferability of 

locally developed crash estimation models, and a summary of the conclusions and work 

completed. 

Highway Safety Manual 

The HSM has become the current standard for crash estimation modeling in practice 

today.  It has been widely adopted due to its ease of use through its simplification of otherwise 

complex procedures in both Part C, regarding crash prediction methods, and Part D, regarding 

the use of crash modification factors (CMFs).   

Part C of the HSM provides guidance for crash prediction on three broad facility 

categories: (1) rural two-lane two-way roads, (2) rural multilane highways, and (3) urban and 

suburban arterials (AASHTO 2010).  For each facility type within Part C, the HSM provides a 

safety performance function (SPF) which relates the AADT of a given segment to the expected 

crash frequency.  This SPF is then multiplied by multiple CMFs to account for differences in 

roadway characteristics, such as lane width and shoulder width, between segments for which the 

model was developed and the specific segments where the model is being applied.  The SPF is 

also multiplied by a calibration factor in order to account for various spatial and temporal 

differences between when and where the model was developed to its local application.  These 

differences include driver population, crash reporting thresholds, animal populations, weather 

patterns, and geographical variations.  In addition to providing a method for calculating a 

calibration factor, simply dividing the observed crashes by the predicted crashes, the HSM notes 
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that states may want to explore the development of their own SPF to better fit their local 

conditions (AASHTO 2010).  While a calibration factor provides a linear modification to force 

the total predicted crashes towards the total observed crashes, it does not address the potential for 

differing relationships between annual average daily traffic (AADT) and crash frequency.  In 

order to address the possibility that the implementation area has a different relationship between 

crashes frequency and AADT than that of the model development location, new model 

parameters for the SPF must be estimated.  In comparison to calibration, which according the 

HSM required a minimum of 30 segments with at least 100 crashes, the development of a new 

SPF requires significantly more data. 

As states are left with the difficult decision of whether to calibrate the HSM or invest the 

time and effort to develop a new SPF, there is not currently a great deal of information to aid 

their decision making process.  State agencies are faced with the dilemma of how to evaluate or 

compare a given model for implementation, and they are also often unaware of alternatives 

beyond the provided HSM statewide calibration that may offer improved prediction accuracy 

without significant additional effort. 
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CHAPTER 2 

LITERATURE REVIEW 

This section provides a review of previous work completed on the development of crash 

estimation models.  This provides a background from which to develop safety performance 

functions for Florida roadway segments and investigate the differences between calibration and 

model estimation.  Discussions of roadway variables, model forms, and complications identified 

through previous research efforts are included in this chapter. 

HSM Crash Estimation Models 

Numerous research efforts have been completed to develop safety performance functions 

or crash estimation models on a variety of facility types.  These models can take a variety of 

functional forms and range from containing only AADT as the independent variable to utilizing 

numerous geometric and environmental highway characteristics to estimate crashes.  While there 

are many differences amongst crash models due to varying data sources, methodologies, and 

assumptions, there are select elements which have remained consistent across past research 

efforts.  These consistent aspects include the use of AADT as the primary measure for exposure, 

the separation of crash prediction based on area (rural or urban) and number of lanes, and a 

common output variable of the crash model (AASHTO 2010).  The common output variable 

used for safety evaluation purposes is expected crash frequency, which can be for total crashes or 

separated by crash severity and crash type.  Crash frequency is modeled rather than crash rate in 

order to allow the relationship between crash frequency and traffic volume to be nonlinear 

(Harwood et al. 2007). 

The current state of practice in developing crash estimation models includes regression 

modeling using the assumption of a negative binomial error distribution of crash frequencies 

(AASHTO 2010).  Negative binomial regression is used rather than a Poisson regression in order 
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to account for the overdispersion of estimated crash frequency (AASHTO 2010).  These negative 

binomial regression models take two general forms: either with the model only including length 

and AADT and utilizing crash modification factors (CMF) to account for different roadway 

characteristics, as seen in Equation 2-1, or with the regression process incorporating the variation 

of these roadway characteristics in the development of the model, as seen in Equation 2-2 

(Harwood et al. 2007). 

)...lnlnexp( 3321 nno XbXbLbADTbbN   (2-1) 

 Where: 

 N  = predicted crash frequency per year for a specified segment 

 ADT = average daily traffic volume (veh/hr) for the segment 

 L = length (mi) of the segment 

 b0,…,bn = regression coefficients 

 X1,…Xn = segment characteristics 

)...)(lnexp( 211 no CMFCMFCMFADTbbN   (2-2) 

 Where: 

 N  = predicted crash frequency per year for a specified segment 

 ADT = average daily traffic volume (veh/hr) for the segment 

 L = length (mi) of the segment 

 b0 and b1 = regression coefficients 

 CMF1,…CMFn = crash modification factors based on segment characteristics 

Segment length is a variable common to all crash models; however, in the past it has been 

included through two different methods.  Some researchers, including Harwood et al. (2007), 

Tegge et al. (2010), Garber et al. (2010), and Lord et al. (2008), have incorporated length as a 
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scalar, with a coefficient of 1.0, so that the estimated crashes are proportional to the site length.  

Alternatively, Hadi et al. (1995), Strathman et al. (2001), Persaud et al. (2003), and Saito et al. 

(2011) each developed crash models estimating a coefficient for segment length not equal to 1.0.  

In the application of such a model, the estimated crashes for a segment of a given length would 

not equal the sum of the estimated crashes of the same segment split into two parts.  However, 

this application does allow for the model to account for the situation in which the data suggests 

that shorter segments experience a higher crash frequency than similar longer segments.   

Currently all safety performance functions in the HSM assume a fixed coefficient of 1 on 

segment length.  

Methods for Comparing Crash Estimation Models 

Prior to the discussion of alternate approaches for transferring the HSM models to local 

conditions (via methods such as calibration and local estimations), it is useful to discuss metrics 

used for comparing alternate model specifications.  

In both developing a new crash estimation model and applying an existing model to a 

new data set, it is important to evaluate the goodness-of-fit of multiple models.  Each of these 

two scenarios involve a model comparison, whether it is through the course of variable and 

structure selection for a new model or model selection and calibration method for the transfer of 

an existing model.  There are many possible methods that have been suggested for use in order to 

assess the goodness-of-fit of a given model. 

The first step for model comparison is to identify a distinct data set for validation.  This 

common practice is evident in many different types of research efforts, including state 

department of transportation recommendations (Hamidi et al. 2010), local model development 

(Lu 2013), and HSM model development (Harwood et al. 2000) and (Vogt and Bared 1998).  

However, in the case of model calibration, several past studies have not used a separate data set 
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for validation (Xie et al. 2011, Koorey 2011, and Saito et al. 2011).  In these studies, validation 

of the crash prediction methods were either performed on the same data set that was used for 

calibration or not performed at all.   

When a validation data set is used, there are three data identification techniques that 

previous studies have used.  The first is to set aside for validation a random sample of the total 

available roadways (Hamidi et al. 2010, Lu 2013, and Banihashemi 2011).  The second method 

is to use the same roadway facilities as used for model development or calibration, but to use 

future years of available data (Vogt and Bared 1998).  Finally, some studies have used a data set 

from a different state for validation purposes (Harwood et al. 2000 and Vogt and Bared 1998).   

A variety of validation and model comparison metrics have been used in previous crash 

estimation studies.  The most commonly used metrics include the Pearson Correlation 

Coefficient (r), Mean Prediction Bias (MPB), Mean Absolute Deviation (MAD), Mean Square 

Error (MSE), paired t-test, percent difference between observed and predicted crashes, average 

of the absolute percent differences between observed and predicted crashes, and visual methods, 

such as scatter plots and Cumulative Residual (CURE) plots.  As evident by the wide variety of 

validation metrics that have been previously used in model comparison, there is no well 

established best-practice for selecting validation metrics, and the results of the model comparison 

will often differ based on the metric selected (Lubliner and Schrock 2012). 

Calibration of Crash Estimation Models 

Several states have completed studies to calibrate the crash estimation models in the 

HSM to their local conditions.  These studies have identified several challenges and areas for 

future improvement in calibration implementation and assessment. 

Calibration efforts for all facility types included in the HSM in the state of Oregon were 

carried out by Xie et al. (2011).  In this study, the authors used the HSM recommend sample size 
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of 30-50 segments with a total of at least 100 crashes.  This research resulted in three one-year 

calibration factors and one three-year calibration factor for each facility type; however, no 

validation or impact analysis was performed using these calibration factors.  The authors also 

examined the impact of using state specific crash type distributions for rural two-lane roads.  The 

resulting calibration factors with state specific crash distributions did not significantly differ 

from the calibration factors calculated using the HSM default crash distributions.  Based on their 

efforts the authors recommended improvement in the calibration methods through severity-based 

calibration.  Additionally, further investigation was advised into locally derived SPFs and the 

potential for variations in SPF functional form. 

A calibration project in Louisiana for rural multilane highways found a wide variation in 

yearly calibration factors, ranging from 1.07 to 1.41 in the five years used in the study.  While 

the authors did not examine any system-wide validation or comparison of the calibrated model, 

they found that in the network screening process, the calibrated HSM models produced a similar 

list of top ten sites for improvement as a less sophisticated crash frequency method.  The biggest 

challenge in calibration was identified as data collection and processing (Sun et al. 2011). 

The authors of a study in North Carolina examined HSM calibration specifically on 

curved segments of rural two-lane highways (Zegeer et al. 2012).  Their research showed that the 

AADT, curve radius, and curve length of each segment were required for accurate calibration, 

but assumed values may be used for other HSM segment inputs without a great decrease in the 

accuracy of the predicted crash value.  In validating the calculated calibration factor of 1.33, a 

paired t-test showed that the difference between the actual and HSM predicted crashes was not 

significant, resulting in a recommendation that assuming a calibration factor of 1.0 might be 

reasonable. 
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Lubliner and Schrock (2012) examined calibration of the HSM for rural two-lane 

highways in Kansas, including alternatives to the linear calibration factor in the HSM.  The 

authors used 190 miles of highway for calibration out of the roughly 8,600 miles of two-lane 

rural highway in Kansas.  Uncalibrated HSM models were compared to statewide calibrated 

models and two methods of alternative calibration that accounted for the frequency of animal 

related crashes within a given county or segment.  Models were compared using a variety of 

goodness-of-fit criteria, including Pearson’s correlation coefficient, MPB, MAD, paired t-test, 

percent difference of crashes, and average absolute percent difference of crashes.  Different 

calibration methods showed better results across the differing comparison metrics.  Ultimately, 

the authors concluded that a single statewide calibration factor provided the best results for 

aggregate system-wide analysis, while the calibration method accounting for county animal crash 

frequency provided the best results for project-level analysis. 

Research conducted by Trieu et al. (2014) examined calibration with respect to the 

necessary sample size.  They found that the recommendations provided by the HSM could be 

improved upon by increasing the number of segments used for calibration, from 10% of the 

population to 30%.  They also recommend against using a minimum threshold value for number 

of crashes in the sample set, as this may introduce bias. 

Research efforts to calibrate crash prediction models have also taken place 

internationally, including those by Koorey (2011) in New Zealand.  This study calculated 

calibration factors on multiple levels: nationwide, by terrain type, by AADT category, and by 

region.  Validation of the calibration factors was attempted on three highways with differing 

characteristics; however, the impact and accuracy of the calibration factors was difficult to 

determine due to the small sample size for validation.  The author also reports that crash 
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prediction for fatal and injury crashes was more accurate than for non-injury crashes, and he 

suggests that the greater accuracy for fatal and injury crashes is more socially and economically 

important due to the severity of these crashes. 

Research conducted by La Torre et al. (2014) on the calibration of crash estimation 

models for freeways in Italy found that the models were transferable to the Italian road network.  

They noted some bias in the calibration factors, particularly with the tendency to underestimate 

crashes in locations of high crash frequency.  A potential solution recommended for this issue 

was the specialization of calibration factors, including calibration for different CMFs. 

International HSM calibration was also examined in Italy and Canada by Sacchi et al. 

(2012).  Calculated calibration factors for fatal and injury crashes on rural two-lane roads were 

found to be significantly less than 1.0, 0.44 in Italy and 0.74 in Ontario, Canada.  In order to 

assess the goodness-of-fit of these models to their respective locations, the mean absolute 

deviation, cumulative residual plots, and recalibrated dispersion parameters were calculated.  

Results of a higher mean absolute deviation and higher recalibrated dispersion parameter in Italy 

than in Canada, lead the authors to suggest a poorer model fit in Italy, which also is consistent 

with the relative size of the calibration factor itself.  The cumulative residual plots were only 

constructed for the Italy sample and showed an acceptable fit with regards to AADT, but poor 

fits with respect to degree of curvature, driveway density, and grade, suggesting that the 

influence of these variables may not be transferable from the HSM models to Italy conditions.  

Ultimately, the authors recommend that HSM implementation efforts in Italy should be directed 

towards local SPF and CMF calculation. 
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Calibration versus Localized Model Development 

There have been a small number of recent studies that have attempted to examine if it is 

preferable for a local or state agency to calibrate existing crash estimation models or develop 

new models for their specific region.  

In Kansas, Bornheimer et al. (2012) built upon the previously discussed Kansas HSM 

calibration project to develop local SPFs for rural two-lane highways.  The authors used 29 

segments to develop SPFs and 9 segments for validation.  An alternative definition of rural 

highways was used, as it was determined that sections within small towns had very different 

characteristics than sections outside of any towns.   Models examined included structures similar 

to those in the HSM, although roadside hazard rating was included in the model.  A model 

variation which included a coefficient on the length variable was also considered.  The model 

comparison criteria used included Pearson’s correlation coefficient, t-test, MPB, and MAD.  

Validation results did not show any clearly preferred model, with different models performing 

strongly across each metric.  Two models were identified to work best for Kansas, HSM 

calibration based on county animal crash rate and a Kansas specific SPF that only considered 

crashes without animals. 

Brimley et al. (2012) carried out a research project in order to compare the calibration of 

HSM models to four different locally developed SPFs for rural two-lane roads in Utah.  The four 

local SPFs included two with a linear AADT relationship and two with a natural log 

transformation used on AADT.  Within each of these model types, models with a variable 

selection confidence level of 75 percent and 95 percent were each developed.  Across all four 

SPFs, AADT, segment length, speed limit, and truck percentage were found to be significant.  

The Bayesian information criterion (BIC) was the sole criterion used to compare the four local 

SPFs and the HSM calibration.  The local SPF developed at a 95 percent confidence level had 
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the lowest BIC, primarily due to the fact that it had the fewest number of variables, and it was 

recommended for use in Utah. 

Banihashemi (2011) compared the crash prediction accuracy of locally developed SPFs 

and HSM calibration for rural two-lane highways in Washington.  Using half of the data set for 

model development and half for validation, the author calculated a statewide calibration factor of 

1.501.  For the locally developed SPF, locally derived CMFs were also included as part of the 

crash prediction method.  In order to compare the new models to the HSM model, segments were 

aggregated under three scenarios.  The first option was to consider each data point as an 

individual entity (no aggregation), the second was to aggregate all sites into sections of at least 

10 miles, and the third was to aggregate based on the geometric and traffic characteristics of the 

highway.  Models were evaluated based on Pearson’s correlation coefficient, MPB, MAD, and 

MSE.  Results showed very little difference between the new models and the calibrated HSM 

model; therefore, the author recommended the use of the calibrated HSM model for Utah.  

However, he also did specify that locally developed SPFs should be revisited if improved data on 

geometric characteristics became available. 

In Alabama, research performed by Mehta and Lou (2013) examines HSM calibration, 

calibration by negative binomial regression, as well as several state specific SPFs with varying 

functional forms for rural two-lane and rural multilane segments.  The model with the best fit 

was found to be a state developed model that included lane width, speed limit, and year as 

variables.  Further research was recommended to understand the resulting model, as the derived 

coefficients showed some counterintuitive results and parameters that switched signs between 

models. 
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Research performed by Kweon et al. (2014) compared calibration and locally developed 

models in Virginia.  This study also analyzed intra-state geographic influences by testing district 

based SPFs and calibration.  They recommended using state specific SPFs because they were 

different from the default HSM SPFs.  They also found significant variation within the state to 

recommend district based calibration factors. 

While not addressing calibration, research conducted by Kim et al. (2013) examined 

grouping within the data sample to develop models for groups with similar characteristics.  It 

was found that sites with similar AADT and geometric characteristics shared similar 

relationships between AADT and crash frequency.  The models that allowed for the categorical 

impacts of AADT, and also other grouped characteristics, performed with better accuracy than 

base models.  Also not addressing calibration, research by Lu et al. (2013) compared locally 

developed two-parameter SPFs with multivariate SPFs.  Models were estimated for four-lane 

freeways and compared using the mean absolute deviance and mean square error, as well as 

comparisons of the variation for high ranked locations.  Results showed the two prediction 

methods performed very similarly for both crash prediction and network screening.  

Each of the three comparisons for calibration vs. locally developed models discussed in 

this section have come to different results.  In the three research efforts, one recommends local 

model development, one suggests that HSM calibration provides sufficient results, and one 

selects a combination of calibration and new model development.  The three studies also showed 

that consistent comparison metrics are not applied, perhaps leading to the variation in results.  

Additionally, when multiple validation metrics are used, they often provide inconsistent results 

across the models being analyzed. 
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Variables Used in Crash Estimation Modeling 

While the overall regression method employed for the development of crash estimation 

models is similar across many studies, the estimated models are often contradicting with respect 

to specific variables. 

Many studies have examined the connection between lane width safety; however these 

studies have not come to consistent conclusions, especially when analyzing urban roadways.  

Lane width has the potential to impact safety through multiple relationships.  Wide lanes serve to 

both separate vehicles to reduce sideswipe crashes and to provide room for drivers to perform 

crash avoidance maneuvers (Harwood et al. 2007).  However, wide lanes may also foster a false 

sense of security amongst drivers and encourage higher speeds, potentially increasing the 

possibility of severe crashes (Harwood et al. 2007). 

The affect of lane width on rural roads has been well documented through several 

previous research efforts.  Work by Harwood et al. (2000) analyzing the factors affecting the 

safety performance of rural two-lane roads found that crash frequency increased with lane widths 

narrower than twelve feet.  This conclusion confirms the findings of Griffin and Mak (1987) and 

Zegeer et al. (1988), as well as many others.  These results can found implemented in the 

Interactive Highway Safety Design Module (IHSDM) and the Highway Safety Manual (HSM).  

One of the most comprehensive studies on the factors affecting crashes on rural multilane 

highways, performed by Lord et al. (2008), found mostly consistent results that crash frequency 

decreased with increasing lane width on undivided highways.  This relationship was the case for 

three out of the four state specific regression models that were estimated.  Alternatively, the 

same study found that there was no relationship between lane width and crash frequency on rural 

multilane divided roads.  Despite this result, CMFs showing an increase of crashes for narrow 

lane widths on both divided and undivided segments were recommended for implementation in 
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the HSM.  These CMFs were adapted from the previous efforts of Harwood et al. (2003) and 

Harkey et al. (2008). 

There have been very few research studies examining the effects of lane width on 

highways in urban areas, presenting varying results across the different projects.  Hauer et al. 

(2004) developed regression models to estimate crash frequency by severity and by crash 

location, either occurring on-the-road or off-the-road.  Lane width did not have any impact on 

crash frequency for crashes of any severity level occurring off-the-road.  In the model for on-the-

road property-damage-only (PDO) crashes, wider lane widths were very weakly related to higher 

crash frequencies.   

In examining the impacts of design attributes on crashes in Oregon, Strathman et al. 

(2001) found that the average segment lane width was not related to crash frequency for non-

freeway urban roads. 

Shankar et al. (1997) developed regression models to predict crashes on principal 

arterials in Washington, finding that lane widths less than 3.46 meters were related to a higher 

crash frequency. 

Hadi et al. (1995) used negative binomial regression models in order to estimate the 

safety effects of cross-section design on a variety of highway types in Florida.  For both two-lane 

urban roads and four-lane undivided urban roads, wider lanes were related to a decrease in 

crashes, up to widths of twelve feet and thirteen feet, respectively.  This relationship was 

strongest for the urban four-lane undivided roads and was found for both total crashes and 

midblock crashes, as well as for both injury crashes and total crashes. 

Using the dataset that was collected in order to develop the regression models for use in 

the urban and suburban arterial chapter of the HSM, Potts et al. (2007) examined the relationship 
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between lane width and crashes.  In this study, lane width was treated as a categorical variable, 

presenting a method not generally used in previous studies.  Overall, there was no consistent 

significant relationship between lane width and crash frequency.  However, crash frequency was 

found to increase on urban four-lane undivided arterials and urban four-lane divided arterials 

with lane widths of ten feet or less and nine feet or less, respectively.  As no consistent 

relationship was found between lane width and crash frequency, it was not included as a CMF in 

the urban and suburban arterial chapter of the HSM (AASHTO 2010). 

Shoulder width as a factor impacting roadway safety is similar to lane width in that it has 

been studied extensively on rural segments, yielding consistent results; however, the affect of 

shoulder width in urban areas remains uncertain.  Studies focusing on rural areas, across both 

low-volume roads (Zegeer et al., 1981) and high-volume roads (Zegeer et al. 1988), have shown 

that narrower shoulder widths increase crash frequency.  These results were further confirmed by 

expert panels recommending CMFs for rural two-lane roads (Harwood et al. 2000) and rural 

multilane highways (Harwood et al. 2003). 

Among the studies that have examined the potential relationship between shoulder width 

and crashes in urban areas, consistent results have not been found.  Hadi et al. (1995) found that 

wider shoulder widths reduced crashes, especially on urban freeways and two-lane urban 

highways.  Harwood (1986) found similar results on multilane suburban highways.  His findings 

showed that the safety benefit of providing full shoulders as opposed to curb-and-gutter 

treatment was a reduction in crash rate of ten percent. 

Through the development of regression models to estimate crash frequency on urban 

four-lane undivided  roads by severity and by crash location, either occurring on-the-road or off-

the-road, Hauer et al. (2004) found that increasing shoulder width was related to an increase of 
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crashes; however, the presence of a shoulder rather than curb-and-gutter lead to a decrease in 

crashes.  Total crashes, injury crashes, and PDO crashes all were found to increase with wider 

shoulders in the case of off-the-road crashes.  For on-the-road crashes, wider shoulder widths 

were related to an increase in injury crashes, but did not have a clear relationship to PDO 

crashes.  Hauer concluded that the relationship between both shoulder type and shoulder width 

was of minor importance for urban multilane roads.  A similar conclusion was reached by 

Stratham et al. (2001), finding that the relationship between shoulder width and crash frequency 

was not significant.  Finally, these conclusions are reflected in the HSM, as there is not a CMF 

for shoulder width for crashes on urban and suburban arterials (AASHTO 2010). 

There are several other roadway characteristics that have been found to be useful in crash 

estimation models.  These attributes include access density (Levinson and Gluck 2000), speed 

(Mayora and Rubio 2003 and Harwood et al. 2007), surface quality (Persaud 1994), roadside 

hazard rating (Harwood et al. 2007 and Harwood et al. 2000), truck percentage (Saito 2011 and 

Hauer et al. 2004), parking (Harwood et al. 2007 and Greibe 2003), median width (Harwood et 

al. 2007 and Bowman et al. 1995), horizontal curvature (Strathman et al. 2001 and Milton and 

Mannering 1996), grade (Strathman et al. 2001 and Milton and Mannering 1996), land use 

(Bonneson and McCoy 1997 and Greibe 2003), and AADT categorization (Koorey 2011).  The 

potential effects of these variables on crash estimation are well documented in the cited studies 

as well as in other research efforts.  While each of these roadway characteristics is not 

represented in every crash estimation study, there have not been multiple studies resulting in 

conflicting variable influences. 

While there may be many roadway characteristics that impact the prediction of crash 

frequency, it is not ideal to use as many variables as possible.  The use of too many variables can 
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result in overfitting the expected crashes to the data as well as the use of variables that may be 

correlated with each other (Saito et al. 2011).    

Summary and Conclusions 

Overall, there have been numerous studies in the field of crash prediction modeling; 

however, as the implementation of crash modeling continues to become more popular, questions 

continue to arise.  Many of these questions focus around the spatial and temporal transferability 

of crash prediction models.  It is important to understand if and how a model developed in one 

location can be accurately applied to another location; also, if a state has the capability, are they 

better served to develop their own specific SPF or implement some form of model calibration.  

In order to address these issues, it is essential to establish a consistent method to compare or 

evaluate crash prediction models.  Finally, the temporal transferability of crash estimations must 

also be addressed in order to examine the recommended frequency for model updates.  
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CHAPTER 3 

DATA  

This chapter describes the data sources, the steps taken to prepare the data for analysis, 

and the selection of facility types to be used in analysis.  The data described in this chapter is 

used for the analysis performed in Chapter 4 and Chapter 5. 

Data Sources 

In both the development of new crash estimation models and the calibration of existing 

models, there are three broad categories of data that are required: (1) roadway attribute data, (2) 

historical crash data, and (3) segment location data.  These data are required for both of the two 

facility types that were selected for analysis, rural multilane divided highways and rural two-lane 

two-way roads.  These two facility types have sufficient data available for analysis and have also 

been identified by FDOT as emphasis facility types for the implementation of crash prediction 

methods (Srinivasan et al. 2011). 

Roadway attribute data were collected through the Florida Roadway Characteristics 

Inventory (RCI), which is maintained by the Florida Department of Transportation (FDOT).  The 

RCI contains a wide variety of roadway data for all roads that are maintained by FDOT.  End-of-

year archived copies of the RCI were obtained for the years 2005 through 2010.  These archived 

copies include the roadway characteristics as of December 31st each year.  As the RCI includes 

roadway segments that are no longer in use, as well as segments that are not part of the state 

highway system (SHS), the “STATEXPT” variable was used to restrict segments to those 

identified as “Active on SHS.”  This qualification was made because inactive and non SHS 

roadways do not have complete crash and geometric data that is necessary for analysis.  Roughly 

10% of the total number of roadway segments in the RCI qualify as active on the SHS, while 

roughly 80% of the segments are active, but not on the SHS.   
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Historical crash data for Florida were extracted from the Crash Analysis Reporting 

System (CARS), which is also maintained by FDOT, for the 2005 through 2010 study period.  

The resulting crash related data sets extracted from CARS were classified in three levels: (1) 

crash level files, (2) vehicle level files, and (3) occupant level files.  While most of the relevant 

data required for crash prediction modeling, such as location and overall severity level, were 

extracted from the crash level files, data from the vehicle level files were also used, primarily in 

identifying the crash type and for consistency checks. 

In order to examine the spatial transferability of crash estimation models, different spatial 

county constructs were created for use in calculating localized calibration and inclusion within 

multivariate crash estimation models.  The introduction of the county groups seeks to further 

improve crash estimation methods through more specific calibration factors and roadway 

characteristic impacts.  The three localized county groups analyzed include: 1) FDOT districts, 

2) population density, and 3) average annual rainfall.   

The FDOT district localization is a geographically based county grouping.  On a broader 

scale, geographic grouping is the basis for statewide HSM calibration factors.  It is also 

suggested by the HSM for use within states.  While Florida does not have the distinct terrain 

based regions that would be present in more mountainous states, separating sites by FDOT 

district does offer the potential to account for different driver behavior, animal populations, or 

weather that may be evident in different geographic clusters within the state.  Figure 3-1 displays 

the seven FDOT district groups by county, and a complete list can be found in Appendix A. 

The second localized county grouping is a division by population density.  This 

localization specification provides a slight modification to the purely geographic division.  While 

population density is heavily geographically based, it seeks to group together counties who may 
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have similar characteristics despite not being physically close to each other, such as counties 

surround several of the larger cities within the state or counties that contain small to medium 

sized cities.  For separation by population density, four population density groups were created 

using population data from the 2010 census.  The groups were sorted as follows.  Group 1 

included Florida’s six most populous counties (excluding Pinellas, in which there were no 

applicable rural segments), from Broward (1,445 per sq. mile) to Duval (1,134 per sq. mile). 

Group 2 included the next ten counties, from Lee County (788 per sq. mile) through Leon 

County (413 per sq. mile).  The next eighteen counties comprise Group 3, spanning from 

Hernando County (365 per sq. mile) to Santa Rosa County (150 per sq. mile).  The fourth and 

final group consists of the remaining thirty-two counties, from Nassau County (113 per sq. mile) 

through Liberty County (10 per sq. mile).  A complete list of the county population density 

groups is provided in Appendix A, while Figure 3-2 and Figure 3-3 illustrate the boundaries of 

the group sizes quantitatively and geographically. 

The final localized county grouping is based on historical average annual rainfall.  This 

county grouping is considered for analysis due to the fact that weather is specifically referenced 

in the HSM as a reason for model calibration.  Within Florida, the defining weather 

characteristics throughout the state that could potentially impact driving conditions are caused by 

rain.  As historical rainfall data are not as strictly defined around county borders as population 

density and FDOT district location are, estimations were made to assign each county to one of 

four average annual rainfall groups.  Figure 3-4 shows the statewide average annual rainfall that 

was used to create the county based groupings.  Group 1 consisted of thirteen counties averaging 

an annual rainfall of roughly 58 inches per year or greater.  Group 2 included fifteen counties 

with approximate annual rainfall averages between 54 and 58 inches per year.  Group 3 
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contained twenty-five counties that had approximately 50 to 54 inches of rainfall per year.  

Finally, Group 4 included the remaining fourteen counties that averaged an annual rainfall less 

than 50 inches per year.  A complete list of the four average annual rainfall groups is provided in 

Appendix A. 

Data Assembly 

For each year in the study period, forty-three segment attributes were extracted from the 

RCI.  Table 3-1 shows the variables collected and the roadway attribute to which they relate.  

These attributes included all of the mandatory HSM elements for rural two-lane roads and rural 

multilane highways; however, data for some of the non-mandatory roadway characteristics for 

these facility types are not available through the RCI.  For these unavailable data elements, HSM 

recommended default values were assumed during the calibration procedure.  The unavailable 

variables include grade, centerline rumble strips, roadside hazard rating, and driveway density, 

which are all part of the rural two-lane road analysis.   

In the case of lighting presence, the RCI contained information on the number of 

luminaries along a given segment.  In order to convert this data into whether or not the segment 

was to be considered lit, two lights were subtracted from the segment total for each boarding 

intersection, and the remaining lights were required to have a density of at least 21.1 lights per 

mile (one light every 250 feet), in order to be designated as a lit segment.   

In the identification of composite shoulders (a combination of paved and turf shoulders), 

multiple shoulder type and shoulder width variables were used for rural two-way two-lane roads.  

While the HSM gives CMF values for a composite shoulder that is half paved and half turf (the 

resulting CMF is halfway between the CMF for a paved shoulder and the CMF for a turf 

shoulder), composite shoulders not conforming to this ratio are not addressed.  For the purposes 
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of this analysis, shoulders were determined to be composite if the ratio of paved shoulder width 

to total shoulder width (paved plus turf) was between one-third and two-thirds. 

The data in the RCI are in the form of database tables with each table representing an 

attribute.  The rows in each table identify locations along the roadway where the corresponding 

attribute (such as number of lanes or shoulder width) changes value.  As all attributes do not 

change value at the same locations, a segmenting procedure was developed to create 

homogenous roadway segments needed for crash modeling.  This involves systematically 

splitting the roadway at points in which any of the attribute value changes (See Figure 3-5 for a 

schematic illustration of this procedure).  As a result, the majority of Florida highways were 

divided into segments of less than half of a mile in rural locations.  While the HSM does not 

establish a minimum segment length for model calibration, a minimum of 0.10 miles was used in 

this study for rural segments; this was the minimum used in the research efforts to develop the 

HSM SPFs (Harwood et al. 2000 and Lord et al. 2008).  Segments shorter than these minimum 

thresholds were not used in the analysis. 

The segmentation procedure incorporated several consistency checks, including the 

removal of segments with missing and/or internally inconsistent attributes.  It was ensured that 

segments do not include intersections, and curves were also removed from the analysis.  The 

entire segmentation procedure was automated using a Python script, and the output of this 

program was a set of homogenous roadway segments with all the of the previously identified 

roadway attributes.  Only segments that remained homogenous for all years of data were retained 

for analysis in order to ensure consistency in year-to-year comparisons and to remove any 

segments with changing physical characteristics during the study period. 
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After the homogeneous segments were identified, the crashes extracted from CARS were 

addresssed.  The crashes identified as “occuring at an intersection” or “influenced by an 

intersection” in the crash reports were excluded.  This practice is prefered over simply excluding 

crashes within a given distance from an intersection due to the potential for queuing influences to 

extend great distances away from an intersection.  The remaining crashes were then assigned to 

roadway segments depending on their locations relative to the starting and ending mileposts of 

the segments.   

Crash reporting in Florida is a three-tier system: long-form reports, short-form reports, 

and driver’s reports (Florida Highway Patrol 2011).  Long-form reports must be completed for 

any crashes involving injuries or fatalities, hazardous materials, government owned property, or 

the act of commiting a criminal offense; whereas, short-form reporting is used for property 

damage only crashes.  Only crashes recorded using the long-form reports are included in the 

CARS database (Benac at al. 2006).  Due to this limitation, only crashes with injuries or fatalities 

were included for analysis in this study, as the majority of the property damage only crashes are 

not readily available for analysis in Florida.  The concentration on only fatal and injury crashes is 

not detrimental to statewide safety analysis due to the proven social and financial impact of 

crashes to be skewed heavily torwards fatal and injury crashes (Council et al. 2005). 

Data Descriptives 

The following data descriptive tables provide an overview of the rural two-lane segments 

used for model estimation.  Table 3-2 gives the segment length and crash data, and Table 3-3 

shows an overview of the roadway characteristics for which Florida data was available.  There 

are a total of 6,499 segments included in the data set for rural two-lane roads.  As expected, the 

majority of the segments experience no crashes in a given year, showing the importance to 

collect multiple years of data to aggregate crash estimation over several years. 
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Table 3-4 and Table 3-5 show the same summary statistics for the rural multilane divided 

highways model estimation data set.  For this data set, there are 2,056 available segments 

included. 
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Table 3-1.  Data collected from the RCI 

Roadway Characteristic RCI Variable(s) 

Rural Two-Lane 

Roads 

Rural Multilane 

Highways 

Number of Lanes NOLANES  

Functional Classification FUNCLASS  

Intersection Location INTDIR  

Horizontal Curve Location HRZPTINT  N/A 

Segment Length BEGMP, ENDMP  

AADT SECTADT  

Median Type RDMEDIAN  

Median Width MEDWIDTH N/A 

Surface Width SURWIDTH  

Shoulder Type 

SHLDTYPE, SHLDTYP2, 

SHLDTYP3  

Shoulder Width 

SLDWIDTH, SHLDWTH2, 

SHLDWTH3  

Number of Luminaries 

NOHMSLUM, NOSTDLUM, 

NOLOCLUM, NOUDKLUM  

Automated Speed 

Enforcement No automated speed enforcement was used in Florida during the study period 

Speed Limit MAXSPEED  

 

Table 3-2.  Segment length and crash data for rural two-lane roads  

Facility 

Attribute Year Sum Mean Median Minimum Maximum 

Length 

(mi.) All 2769.06 0.426 0.27 0.10 6.27 

Total Fatal 

and Injury 

Crashes 

2005 1159.0 0.178 0.0 0.0 8.0 

2006 1147.0 0.177 0.0 0.0 8.0 

2007 1145.0 0.176 0.0 0.0 11.0 

2008 1116.0 0.172 0.0 0.0 6.0 

2009 1063.0 0.164 0.0 0.0 6.0 

2010 1092.0 0.168 0.0 0.0 8.0 
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Table 3-3.  Roadway characteristics for rural two-lane two-way roads 
Roadway 

Characteristic Year Mean Median Minimum Maximum 

AADT 

2005 5069.4 4300 500 22500 

2006 5210.6 4300 600 26000 

2007 5229.8 4200 450 32500 

2008 5213.2 4200 400 25000 

2009 4935.4 4017 350 25000 

2010 4854.3 4000 450 23000 

 Lane Width (ft.) 11.9 12 11 18 

Shoulder Width (ft.) 5.0 5 0 20 

Speed Limit (mph) 55.8 55 25 60 

Number of Bordering 

Intersections 1.1 1 0 2 

 

Table 3-4.  Segment length and crash data for rural multilane divided highways 

Facility 

Attribute Year Sum Mean Median Minimum Maximum 

Segment 

Length (mi.) All 790.56 0.385 0.24 0.10 7.06 

Total Fatal and 

Injury Crashes 

2005 860.0 0.418 0.0 0.0 23.0 

2006 854.0 0.415 0.0 0.0 12.0 

2007 843.0 0.410 0.0 0.0 18.0 

2008 780.0 0.379 0.0 0.0 21.0 

2009 775.0 0.377 0.0 0.0 20.0 

2010 757.0 0.368 0.0 0.0 10.0 

 

Table 3-5.  Roadway characteristics for rural multilane divided highways 

Roadway 

Characteristic Year Mean Median Minimum Maximum 

AADT 

2005 14766.7 12700 2500 58900 

2006 15345.1 13200 2800 63800 

2007 15259.4 13100 2700 66000 

2008 15123.1 12600 2900 66900 

2009 14235.2 12100 2700 66000 

2010 14059.6 12100 2400 59627 

 Lane Width (ft.) 23.9 24 21 27 

Shoulder Width (ft.) 5.3 5 1 13 

Speed Limit (mph) 60.9 65 35 70 

Number of Bordering Intersections 0.8 1 0 2 
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Figure 3-1.  FDOT district boundaries (FDOT 2013). 

Figure 3-2.  Population density group creation. 
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Figure 3-3.  Map of population density groups. 

 
Figure 3-4.  Florida average annual rainfall (Weisburg and Daly 1997). 
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Figure 3-5.  Creation of homogeneous segments (Srinivasan et al. 2011). 
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CHAPTER 4 

TRANSFERABILITY USING CALIBRATION FACTORS 

This chapter examines the spatial and temporal transferability of crash estimation models 

through different methods of calculating localized calibration factors and the comparison of these 

calibration factors across different time periods.  Three localized calibration groups (population 

density, average annual rainfall, and FDOT district), as well as statewide calibration of HSM 

crash estimation models are analyzed in this chapter.  In comparing the performance of each of 

these calibration scenarios, their applications across four different temporal specifications are 

tested.  The four temporal specifications include two cases where the model estimation years are 

the same as the model application years, one case where the estimated model is forecasted to 

future years, and one case where the estimated model is backcasted to past years.  Chapter 3 

provides an explanation of the data collection and processing procedures used to construct the 

data sets used for this analysis on both rural two-lane roads and rural multilane divided 

highways.  Summary statistics for both facility types can also be seen in Chapter 3.  

This chapter includes an analysis framework, a description of the HSM crash estimation 

procedure and calibration methodology, results of HSM model calibration for each of the 

calibration options, analysis of the error in predicted crashes for each crash estimation method, 

and summary and conclusions of the results from this chapter. 

Analysis Framework 

The calibration methods examined in this chapter are based on the procedures given in 

the HSM.  As discussed in Chapter 1, calibration factors are used to address crash differences 

caused not only by crash reporting procedures that may vary by state, but also a variety of other 

potential local differences, such as driver behavior, animal populations, topographic conditions, 

and weather.  These differences lead to the HSM recommending that “for the predictive method 
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to provide results that are reliable for each jurisdiction that uses them, it is important that the 

SPFs in Part C be calibrated for application in each jurisdiction” (AASHTO 2010).  While the 

importance of calibration is clearly stated, the level of detail for the local jurisdictions is not 

specified.  The HSM, cites crash reporting thresholds that vary by state, while also mentioning, 

weather patterns and driving conditions that vary within a state.  The analysis framework 

specified in this chapter is used to analyze the spatial transferability of calibration factors within 

several different local categorizations that can be created within Florida. 

In Chapter 2, previous work was discussed that has addressed the statewide calibration of 

the HSM.  However, the analysis and validation of this calibration has traditionally been 

conducted using a data set with a consistent and limited time frame.  The analysis framework 

used in this chapter addresses the temporal transferability of calibration factors by comparing 

how calibration factors perform when applied to both future and past years as well as the 

traditional same year data sample. 

To examine the spatial effects, Florida was stratified in three different ways (1) based on 

FDOT districts (there are seven such districts); (2) based on population density (counties were 

grouped into four levels of population density), and (3) based on rainfall (counties were grouped 

into four categories based on average annual rainfall).  With the addition of the statewide 

calibration factor, there are a total of 16 calibration groups used in this analysis.  In addressing 

the temporal transferability of these calibration factors, calibration factors for each of the 16 

groups were developed for two different time periods, 2005 through 2007 and 2008 through 

2010, resulting in the calculation of 32 calibration factors.  This process was performed for each 

of the two facility types addressed in this dissertation, rural multilane highways and rural two-
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way two-lane roads.  This stratification results in a total of 64 calibration factors developed in 

this analysis.  

All calibration factors were calculated using 70% of the available data (model estimation 

data set), while the remaining 30% was used to compare the relative accuracies of the alternate 

calibration factors (model validation data set).  The prediction errors are calculated as the 

difference between the observed and predicted crashes for each segment in the validation dataset. 

Aggregate statistics such as the mean squared error (averaged over all segments), mean absolute 

deviation, the variance of the squared error, and the absolute deviation are examined.  In addition 

to examining the errors averaged over all segments, they were also examined by stratifying the 

segments to three categories based on AADT (low, medium, and high).  This allows for the 

analysis of the relative performance of the calibration factors at different levels of traffic 

volumes.   

The calculated calibration factors were applied to the validation data set for four different 

temporal scenarios; future years (2005 through 2007 applied to 2008 through 2010), past years 

(2008 through 2010 applied to 2005 through 2007), and same years (both 2005 through 2007 

applied to 2005 through 2007 and 2008 through 2010 applied to 2008 through 2010).  Using a 

different timeframe for the model estimation and the model application data sets provides a more 

realistic approach to crash estimation error analysis, as when applied in practice the estimated 

crashes for a given segment will be based on a model and/or calibration factor computed based 

on data from previous years.  For this research, applying the estimated crashes to both future 

years and past years allows for analysis in cases where the system-wide total crashes experience 

both an increase and a decrease from the estimation years to the application years.   
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In addition to the commonly reported aggregate measures, the error results are also used 

to develop an error regression model.  In the error regression analysis, every segment in the 

validation dataset has ten predicted crash rates (one each from each of the four types of 

calibration, well as the uncalibrated model, applied over the two time periods of analysis).  This 

MSE regression model relates the MSE to distinctive segment characteristics and the type of 

calibration method used.  Therefore, the error regression model allows us to determine whether 

there is any statistically significant difference in the relative performance of the alternate 

calibration approaches.  

HSM Calibration Methodology 

The HSM base models for rural two-lane roads and rural multilane divided highways 

both use the same SPF functional form, which is given in Equation 4-1: 

LAADTeNSPF                                (4-1) 

Where: 

 NSPF = predicted average segment crash frequency for base conditions; 

 α, β = regression parameters; 

 AADT = average annual daily traffic volume (vehicles per day); 

 L = length of roadway segment (miles). 

The regression parameters estimated in the SPF are provided in the HSM and vary based 

on the facility type and crash severities being modeled.  Table 4-1 gives the regression 

parameters used in the HSM SPFs for fatal and injury crashes on rural multilane highways and 

rural two-lane roads.  While the SPF yields the predicted crashes for each segment under base 

conditions, the crash frequency predicted by the HSM for a specific segment is also impacted by 

the crash modification factors.  The CMFs for which there is Florida data for application in this 
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research include lane width, shoulder type and width, presence of lighting, and presence of two-

way left-turn lane.  CMFs for which data was not available and the HSM default values were 

used include grade, roadside hazard rating, driveway density, and centerline rumble strips.  Table 

4-2 gives the CMFs that are applied as part of the crash estimation method for rural multilane 

highways, and Table 4-3 gives the applicable CMFs for rural two-lane roads.  The number of 

predicted crashes for a given severity level for a specific segment is calculated using Equation 4-

2: 

)...( 21Pr nSPFedicted CMFCMFCMFCNN                               (4-2) 

Where: 

 NPredicted = predicted segment crash frequency for an individual segment; 

 NSPF = predicted average segment crash frequency for base conditions; 

 C = calibration factor; 

 CMFn = crash modification factor for site condition n. 

The calibration factor shown as a component of Equation 4-2 is computed by dividing the 

sum of the observed crashes across all segments in the study area by the sum of the predicted 

crashes across all selected segments.  This calculation is shown in Equation 4-3.   






 sites selectedall

ed)uncalibratpredicted(

 sites selectedall

N

crashes observed

C

 (4-3)

 

For the analysis presented in this chapter, five different methods of calibration factor 

calculation are examined.  The first method uses a constant calibration factor of 1.0 across all 

sites, this is referred to as the uncalibrated HSM model, the next method uses a calibration factor 

based on all segments in the state, and the final three methods use local county groups to develop 

localized calibration factors.  The three localized methods, discussed in detail in Chapter 3, 
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consist of a geographic based specification which includes seven county groupings formed from 

the seven FDOT districts, a population density based specification which includes four county 

groupings, and a weather based specification which includes four county groupings formed from 

historical average annual rainfall records. 

Analysis of Rural Multilane Divided Highways 

Calibration Results for Rural Multilane Divided Highways 

Resulting calibration factors from the four different calibration methods (statewide, 

population density, FDOT district, and average annual rainfall) for rural multilane highways are 

displayed in Table 4-4.  The statewide calibration factor for the years 2005-2007 is 0.736 while 

the factor for years 2008-2010 is 0.669.  The fact that both of these are less than one indicates 

that the HSM equations when directly applied to Florida would over predict crashes.  The 

observation that the calibration factor for 2008-2010 is less than that for 2005-2007 is consistent 

with the overall reduction in crashes in Florida over the same time period (see Chapter 3). 

These calibration factors are also shown graphically in Figure 4-1, Figure 4-2, and Figure 

4-3.  In these figures, it is easier to compare trends across the two time periods and for each 

calibration method.  Within the district groupings, there is substantial variability among the 

calculated calibration factors, suggesting that it is possible that district calibrations will offer 

improved crash predictions when compared to using the statewide calibration factor.  The 

population density calibration factors show a slight, but steady, decrease as population density 

decreases.  This trend is intuitive and shows that the roads in more densely populated counties 

experience more crashes than those in less densely populated areas.  While there is some 

variation in the resulting calibration factors by average annual rainfall groups, the results show 

somewhat counterintuitive values.  It is unexpected to see that the group that experiences the 

highest average annual rainfall rate also has the lowest calibration factor.  Additionally, the 
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calibration factor does not show an increasing or decreasing trend across the rainfall groups.  

This suggests that crash differences within Florida are likely not due to any difference in weather 

characteristics.  

Validation and Comparison Analysis for Rural Multilane Highways 

In order to validate and compare the accuracy of crash estimates provided by each 

calibration method, each calibration is applied to the validation data set.  To analyze the temporal 

transferability of the different spatial calibration specifications each estimation method is applied 

to four different estimation and application timeframe combinations, using the 2005 through 

2007 and 2008 through 2010 data sets.  The mean square error (MSE) and the variance of the 

squared error for these applications are calculated.    The results for the MSE and variance of the 

squared error are shown in Table 4-5. 

These metrics provide insight as to the aggregate effectiveness of each crash prediction 

method.  In viewing the spatial analysis of the calibration factors, the most noticeable result is 

the finding that the uncalibrated HSM model has substantially higher MSE values than any 

calibration method.  Within the localized calibration factors, there is not a single calibration 

method that provides reduced errors for each application condition.  For two of the application 

cases, the statewide calibration has lower MSE values than any of the localized calibrations.  In 

the other two cases, the district calibration method results in the smallest errors.  For all four 

cases, the difference between the calibrated and uncalibrated cases is substantially larger than the 

differences among the different calibration types.  

There is a small temporal variation in the observed MSE values that is consistent across 

each calibration method.  The errors when applied to the 2008-2010 validation data are smaller 

than when applied to the 2005-2007 data.  This is due to the fact that there are fewer crashes 

during the 2008-2010 period, reducing the number of instances where extremely large errors are 
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observed on segments with very high observed crashes.  A large portion of the prediction error 

originates from the few segments with a high number of observed crashes, as the crash 

estimation models are skewed to the high number of segments with zero observed crashes. 

The validation segments were then classified into three categories based on AADT.  Low 

AADT is defined as less than 10,000 vpd, and high AADT is defined as greater than 20,000 vpd.  

AADT values in Florida ranged from 2,700 vpd to 63,000 vpd, this falls within the 

recommended HSM application range of 0 to 89,300 vpd.  Table 4-6 provides the MSE from 

each calibration method for each of the three AADT groups.  While the MSE values are nearly 

identical for each crash estimation method in the low and medium AADT groups, at the high 

AADT range, there is some variability in the MSE based on the calibration method used.  

Additionally, the magnitude of the MSE increases as the AADT range increases.  As also seen in 

the overall MSE values, there is once again no consistent crash estimation method that offers 

improved predictions over multiple temporal specifications.   

While the MSE calculated on subsets of the application sample provides a slightly more 

disaggregate approach, it is still not clear if the spatial transferability of the HSM crash 

estimation model is improved by further localization.  In order to examine the estimation error on 

each individual segment and fully explore the potential for reduced errors within localized 

regions, regression models are used to relate the MSE to the type of crash estimation method 

used.  The regression model includes model parameters to account for length, AADT, and 

dummy variables for the prediction method used; these can each be seen in Table 4-7. 

In examining the significance of each of these dummy variables it is evident that none of 

the localized calibration methods result in a statistically significant improvement of the MSE.  

Each of the localized calibrations is just as effective as the statewide calibration, which does 
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offer significantly reduced MSE values when compared to the uncalibrated model.  Overall, the 

results support the development of a statewide calibration factor, but further stratifications were 

found to be not beneficial.  Even in cases where a localized calibration factor appears to differ 

significantly from the statewide calibration factor, there is not a significant resulting difference in 

the MSE.  Additionally, it is clear that there is not a significant difference in the temporal 

transferability of the model between calibrations based on the same years or neighboring years.  

This supports the immediate temporal transferability of the calibration factors.  

The regression model also indicates that the errors are systematically larger with longer 

segments and increasing AADT (irrespective of the calibration procedure used).  This suggests 

improvements may be needed in the fundamental safety performance functions as the single 

adjust factor by calibration is not able to improve predictive accuracy for longer segments and 

those with greater traffic volumes.  

Analysis of Rural Two-Lane Roads 

Calibration Results 

Resulting calibration factors from the four different calibration methods (statewide, 

population density, FDOT district, and average annual rainfall) for rural two-lane roads are 

displayed in Table 4-8.  These calibration factors are also shown graphically in Figure 4-4 

through Figure 4-6.  Among the rural two-lane segments, the difference between the two time 

periods is negligible.  The statewide calibration factor shows a difference of only 0.011 between 

the 2005-2007 and 2008-2010 calibration factors.  This negligible difference is illustrated in 

Figures 4-4, 4-5, and 4-6, as within each set of calibration groups there is not a time period that 

consistently has a higher calibration factor.  The calibration factors by district for rural two-lane 

roads show some variation, but are overall much more consistent than their rural multilane 

counterparts.  Population density based calibration factors are also more consistent for rural two-
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lane roads, as there is only a very slight decrease in calibration factor as population density 

decreases.  Finally, the average annual rainfall calibration factors are also very consistent across 

the four groups for rural two-lane roads.  In addition to showing less temporal variability, crash 

frequency on rural two-lane roads in Florida appears to have much less spatial variability as 

compared to crash frequency on rural multilane highways.  Finally, it is also useful to point out 

that all calibration factors are fairly close to 1.0 suggesting that rural two-lane roads of Florida 

are not much different from the facilities used to develop the HSM equations.  

Validation and Comparison Analysis for Rural Two-Lane Roads 

In order to validate and compare the accuracy of crash estimations provided by each 

calibration method for rural two-lane roads, each calibration is applied to the validation data set.  

To analyze the temporal transferability of the different spatial calibration specifications, each 

estimation method is applied to four different estimation and application timeframe 

combinations, using the 2005 through 2007 and 2008 through 2010 data sets.  The mean square 

error (MSE) and the variance of the squared error for these applications are calculated.    The 

results for the MSE and variance of the squared error are shown in Table 4-9. 

These metrics provide insight as to the aggregate effectiveness of each crash prediction 

method.  Within the localized calibration factors, the calibration by population density group 

offers the smallest MSE values for each time period combination; however, the margin between 

the population density errors and errors from other calibration methods is very small.   

There is a small temporal variation in the observed MSE values that is consistent across 

each calibration method.  As was also evident with rural multilane highways, the rural two-lane 

road errors when applied to the 2008-2010 validation data are smaller than when applied to the 

2005-2007 data.  The temporal combinations using the same estimation data set produced very 
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similar results.  When the validation data set is held constant and different estimation data sets 

are applied, there is very little impact on the resulting crash estimation errors. 

In order to investigate the underlying causes in the model estimation errors and find 

potential benefits for a specific prediction method, the MSEs are calculated for specific subsets 

of AADT in the application data set.  Low AADT is defined as less than 2,500 vpd, and high 

AADT is defined as greater than 7,500 vpd.  AADT values in Florida ranged from 500 vpd to 

25,000 vpd, this extends outside of the recommended HSM application range of 0 to 17,800 vpd.  

Table 4-10 provides the MSE of each calibration method separated into the three AADT groups.  

It is clear that over the low and medium AADT groups there is no variation in MSE between 

time period or calibration method.  In the high AADT group, there are some minor differences in 

MSE, and calibration using population density groups appears to offer the best results in most 

cases.  As seen with the rural multilane highway results, the magnitude of the MSE increases as 

the AADT range increases.   

While the MSE calculated on subsets of the application sample provides a slightly more 

disaggregate approach, it is still not clear if the spatial transferability of the HSM crash 

estimation model is improved by further localization.  Calibration by population density appears 

to result in somewhat consistently lower MSE values; however the magnitude of the reduced 

error is small.  In order to examine the estimation error on each individual segment and fully 

explore the potential for reduced errors within localized regions, regression models are used to 

relate the MSE to the type of crash estimation method used.  The regression model includes 

model parameters to account for length, AADT, and dummy variables for the prediction method 

used; these can each be seen in Table 4-11. 
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The negative sign seen on the population calibration variable would indicate that 

calibration by population density does result in reduced MSE values; however, this result is not 

statistically significant.  It is evident that none of the localized calibration methods result in a 

statistically significant improvement of the MSE.  Additionally, it is clear that there is not a 

significant difference in the temporal transferability of the model between calibrations based on 

the same years or neighboring years.  As was also evident in the error regression performed on 

rural multilane highways, the parameters which do prove to be significant are segment length 

and AADT.  The positive coefficients on both of these parameters show that as segment length 

and AADT increase, the crash estimation error also increases. 

Error regression analysis performed on each individual group of the localized calibration 

specifications supported the same results seen across all segments.  Even in cases where a 

localized calibration factor appears to differ significantly from the statewide calibration factor, 

there is not a significant resulting difference in the MSE. 

Summary and Conclusions of Calibration Transferability 

 This chapter examined the spatial and temporal transferability of crash estimation models 

through the use of calibration factors on rural multilane divided highways and rural two-lane 

roads in Florida.  Spatial effects were analyzed through the comparison of the uncalibrated HSM 

model, a statewide calibration, and three localized calibration methods (FDOT districts, 

population density groups, and average annual rainfall groups).  Through aggregate and segment 

specific crash estimation errors, localized specifications did not offer statistically significant 

improvements to state calibration.  Statewide calibration itself is beneficial, but further fine-

tuning of calibration for specific regions did not provide a significant added benefit to the 

accuracy of crash estimation.  Error results across AADT subsets of the application data set 
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showed that estimation errors increase on high AADT segments and the variability of the 

aggregate errors for each estimation method also increases within the high AADT group.  

Results of the error regression models also showed that increasing AADT, as well as increasing 

segment length, contributed to increased crash estimation errors.  This shows the potential for 

future model specifications to improve upon crash estimation on these high AADT sites. 

 Temporal transferability of crash estimation methods was investigated through the 

estimation of model parameters and calibration factors for different combinations of estimation 

and application data periods.  In this analysis, two cases were used where the estimation and 

application time period were the same, and two cases were considered for the forecast or 

backcast of the estimation data period applied to validation data from a different time period.  

Crash estimation did not vary significantly whether using same-year calibration factors or 

projecting to a different year.  With the validation data set held constant, similar error results 

were found for either model estimation time period.  This downplays the importance of frequent 

updates to calibration factors, as small changes in the calibration factor did not offer significantly 

improved accuracy of crash estimations.  The results of both spatial and temporal transferability 

highlight the significance of statewide calibration while also providing assurance that for states 

with limited resources, it is not necessary to provide detailed localized calibration factors or 

update calibration factors on a yearly basis. 
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Table 4-1.  HSM SPF regression parameters for fatal and injury crashes 

Facility Type α Value β Value 

Rural Multilane Divided Highways -8.837 0.958 

Rural Two-Lane Roads -9.364 1.000 

 

Table 4-2.  HSM CMFs for rural multilane highways 
HSM 

CMF 

Number 

CMF Description HSM Reference 

1 Lane Width Equation 11-16, Table 11-16, Figure 11-10 

2 Right Shoulder Width Table 11-17 

3 Median Width Table 11-18 

4 Lighting Equation 11-17, Table 11-19 

5 Automated Speed Enforcement Page 11-32 

 

Table 4-3.  HSM CMFs for rural two-lane roads 
HSM 

CMF 

Number 

CMF Description HSM Reference 

1 Lane Width Table 10-8, Figure 10-7, Equation 10-11 

2 Shoulder Width and Type Tables 10-9 and 10-10, Figure 10-8, Equation 10-12 

3 Horizontal Curves: Length, Radius, Transition Table 10-7 

4 Horizontal Curves: Superelevation Equations 10-14, 10-15, 10-16 

5 Grades Table 10-11 

6 Driveway Density Equation 10-17 

7 Centerline Rumble Strips Page 10-29 

8 Passing Lanes Page 10-29 

9 Two-Way Left-Turn Lanes Equation 10-18, 10-19 

10 Roadside Design Equation 10-20 

11 Lighting Equation 10-21, Table 10-12 

12 Automated Speed Enforcement Page 10-31 
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Table 4-4.  Statewide and localized calibration factors for rural multilane highways 

Calibration Area 
Number of 

Segments 
Mileage 

Calibration Factor 

2005-2007 

Calibration Factor 

2008-2010 

Statewide 1441 557.52 0.736 0.669 

      

FDOT District 

1 198 88.48 0.749 0.631 

2 438 169.25 0.656 0.605 

3 258 84.13 0.586 0.573 

4 109 47.49 0.948 0.778 

5 312 131.32 0.799 0.717 

6 15 5.92 0.924 0.837 

7 111 30.93 0.528 0.714 

      

Population Density 

Group 

1 77 37.00 0.832 0.849 

2 237 80.67 0.761 0.743 

3 603 237.47 0.725 0.610 

4 524 202.38 0.705 0.675 

      

Rainfall Group 

1 130 43.23 0.551 0.527 

2 407 154.51 0.810 0.774 

3 605 218.69 0.654 0.611 

4 299 141.09 0.833 0.717 

 

Table 4-5.  Rural multilane highways MSE and variance of SE by crash estimation method 

Estimation 

Data Set 

Validation 

Data Set 

Prediction Error 

Metric 

HSM Calibration Type 

Uncalibrated Statewide District 
Population 

Density 
Rainfall 

2005-2007 2005-2007 

Mean Square 

Error (MSE) 
0.431 0.260 0.241 0.262 0.255 

Variance of SE 4.471 1.941 1.466 1.979 1.448 

2005-2007 2008-2010 

Mean Square 

Error (MSE) 
0.397 0.214 0.223 0.229 0.233 

Variance of SE 6.370 1.023 1.493 1.876 1.893 

2008-2010 2005-2007 

Mean Square 

Error (MSE) 
0.431 0.246 0.228 0.258 0.232 

Variance of SE 4.471 1.892 1.577 2.081 1.560 

2008-2010 2008-2010 

Mean Square 

Error (MSE) 
0.397 0.200 0.202 0.231 0.200 

Variance of SE 6.370 0.720 0.897 2.170 0.906 
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Table 4-6.  Rural multilane highways MSE by calibration method and AADT range 

Estimation 

Data Set 

Application 

Data Set 
AADT Range 

MSE by Calibration Method 

Statewide 

Calibration 

District 

Calibration 

Population 

Density 

Calibration 

Rainfall 

Calibration 

2005-2007 2005-2007 

Low 0.081 0.078 0.080 0.083 

Medium 0.187 0.175 0.184 0.192 

High 0.674 0.620 0.693 0.644 

2005-2007 2008-2010 

Low 0.068 0.066 0.067 0.067 

Medium 0.163 0.162 0.161 0.162 

High 0.579 0.628 0.657 0.676 

2008-2010 2005-2007 

Low 0.080 0.078 0.078 0.081 

Medium 0.176 0.164 0.170 0.175 

High 0.639 0.583 0.705 0.574 

2008-2010 2008-2010 

Low 0.066 0.066 0.066 0.066 

Medium 0.161 0.156 0.157 0.159 

High 0.516 0.536 0.680 0.519 

 

Table 4-7.  MSE error regression by crash estimation method for rural multilane divided 

highways 

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.590 0.036 0.00 

Length 0.849 0.024 0.00 

AADT 3.361E-05 1.218E-06 0.00 

Population Method 0.015 0.039 0.70 

Rainfall Method 0.000 0.039 1.00 

District Method -0.006 0.039 0.87 

Uncalibrated 0.184 0.039 0.00 

Temporal Change 0.001 0.023 0.95 
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Table 4-8.  Statewide and localized calibration factors for rural two-lane roads 

Calibration Area 
Number of 

Segments 
Mileage 

Calibration Factor 

2005-2007 

Calibration Factor 

2008-2010 

Statewide 4591 1978.39 0.986 0.974 

      

FDOT District 

1 723 385.20 1.020 0.932 

2 1415 565.23 0.999 1.029 

3 1537 627.39 0.961 0.966 

4 147 60.53 0.871 0.747 

5 468 212.36 1.013 0.984 

6 134 66.04 0.951 1.176 

7 167 61.64 0.947 0.811 

      

Popluation Density 

Group 

1 168 81.22 1.068 1.016 

2 429 184.28 1.096 1.056 

3 1169 524.28 1.010 0.956 

4 2825 1188.61 0.930 0.957 

 
     

Rainfall Group 

1 1180 493.64 0.948 0.964 

2 1238 506.45 0.999 1.070 

3 1465 634.65 1.001 0.952 

4 708 343.65 0.974 0.924 
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Table 4-9.  Rural two-lane roads MSE and variance of SE by crash estimation method 

Estimation 

Data Set 

Validation 

Data Set 

Prediction Error 

Metric 

HSM Calibration Type 

Statewide District 
Population 

Density 
Rainfall 

2005-2007 2005-2007 

Mean Square Error 

(MSE) 
0.108 0.108 0.105 0.106 

Variance of SE 1.117 1.144 1.010 1.056 

2005-2007 2008-2010 

Mean Square Error 

(MSE) 
0.074 0.075 0.073 0.074 

Variance of SE 0.079 0.079 0.073 0.077 

2008-2010 2005-2007 

Mean Square Error 

(MSE) 
0.108 0.107 0.106 0.106 

Variance of SE 1.117 0.968 1.072 1.020 

2008-2010 2008-2010 

Mean Square Error 

(MSE) 
0.074 0.074 0.074 0.074 

Variance of SE 0.079 0.076 0.076 0.076 

 

Table 4-10.  Rural two-lane roads MSE by calibration method and AADT range 

Estimation 

Data Set 

Application 

Data Set 
AADT Range 

MSE by Calibration Method 

Statewide 

Calibration 

District 

Calibration 

Population 

Density 

Calibration 

Rainfall 

Calibration 

2005-2007 2005-2007 

Low 0.030 0.030 0.030 0.030 

Medium 0.075 0.076 0.075 0.076 

High 0.313 0.316 0.298 0.305 

2005-2007 2008-2010 

Low 0.029 0.029 0.029 0.028 

Medium 0.065 0.065 0.065 0.065 

High 0.162 0.163 0.155 0.159 

2008-2010 2005-2007 

Low 0.030 0.030 0.030 0.030 

Medium 0.075 0.076 0.075 0.076 

High 0.303 0.295 0.296 0.290 

2008-2010 2008-2010 

Low 0.032 0.032 0.032 0.032 

Medium 0.065 0.065 0.065 0.065 

High 0.159 0.158 0.156 0.155 
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Table 4-11.  MSE error regression by crash estimation method for rural two-lane roads 

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.167 0.012 0.000 

Length 0.210 0.008 0.000 

AADT 3.307E-05 1.075E-06 0.000 

Statewide MV 0.002 0.012 0.896 

Population Density MV -0.003 0.012 0.783 

District MV 0.000 0.012 0.968 

Temporal Change 0.001 0.008 0.901 
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Figure 4-1.  Rural multilane divided highway calibration by FDOT district. 

 

 

Figure 4-2.  Rural multilane divided highway calibration by county population density. 
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Figure 4-3.  Rural multilane divided highway calibration by average annual rainfall. 

 

 

Figure 4-4.  Rural two-lane road calibration by FDOT district. 
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Figure 4-5.  Rural two-lane road calibration by county population density. 

 

 

Figure 4-6.  Rural two-lane road calibration by average annual rainfall. 
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CHAPTER 5 

TRANSFERABILITY USING LOCAL SAFETY PERFORMANCE FUNCTIONS 

This chapter examines the spatial and temporal transferability of crash estimation models 

through the development of localized SPFs.  Table 5-1 and Table 5-2 show the AADT 

distributions for each of the Florida analysis groups on rural multilane divided highways and 

rural two-lane roads, respectively.  While the range of AADT values for rural multilane 

highways observed in Florida falls within the modeling range specified in the HSM of 0 to 

89,300 vehicles per day, the average Florida AADT of 14,794 is substantially greater (a 25% 

increase) than the average AADT from HSM modeling conditions of 11,777 vehicles per day.  

Additionally, it is clear that there is significant variation in the AADT values observed within 

each Florida analysis group.  Within these groups, the average AADT varies from 10,000 to over 

20,000 vehicles per day.   

On rural two-lane road segments, the average AADT in Florida, 5,060 vehicles per day, 

is a 74% increase compared to the average across segments used for HSM model development.  

There is also great AADT variation evident within the Florida analysis groups, as average values 

range from below 4,000 to above 10,000 vehicles per day.  Additionally, the range of AADTs 

observed in Florida fall outside of the recommended application range specified in the HSM of 0 

to 17,800 vehicles per day.  It is useful to note here that the statewide calibration factor for rural 

two-lane roads for Florida was estimated to be very close to 1.  

The substantial difference in AADT between the conditions observed in Florida and the 

segments used in HSM model development suggest the possible benefits of developing models 

that not only reflect the local (Florida) relationship between crash frequency and AADT but also 

are applicable over the range of AADTs observed in Florida.  Further, the MSE results by AADT 
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category and error regression results from Chapter 4 indicated that even after calibration, the 

models are systematically more erroneous at higher values of AADT.  

Developing location specific SPFs is a topic that is suggested as a method for possible 

improvement, but not discussed, in the HSM (AASHTO 2010).  With access to the full inventory 

of rural two-lane roads and rural multilane divided highways in Florida, the potential for 

statewide and localized SPFs in Florida can be investigated.  Therefore, we examine whether the 

transferability of HSM models to Florida can be improved by estimating localized SPFs.  

Models developed using the same three local county subsets (FDOT district, population 

density, and average annual rainfall), as well as statewide models, are analyzed in this chapter.  

In the application of these locally developed SPFs, the four combinations of temporal 

applications are again considered.  These include two cases of model estimation and application 

to the same three year period and two cases of model application to the three year period before 

and after the model estimation time period.  The results of the statewide HSM calibration from 

Chapter 4 are used as a benchmark for crash estimation performance and a comparison point to 

the crash estimation from locally developed SPFs.   

Chapter 3 provides a description of the data and data collection procedure for both rural 

multilane divided highways and rural two-lane roads used in this analysis.  This chapter includes 

an analysis framework, resulting model parameters for locally developed SPFs, analysis of the 

crash prediction error for each crash estimation method, and the summary and conclusions of the 

results from this chapter. 

Analysis Framework 

The HSM base models for rural two-lane roads and rural multilane divided highways 

both use the same SPF functional form, which is given in Equation 5-1: 
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LAADTeNSPF                                (5-1) 

Where: 

 NSPF = predicted average segment crash frequency for base conditions; 

 α, β = regression parameters; 

 AADT = average annual daily traffic volume (vehicles per day); 

 L = length of roadway segment (miles). 

The two regression parameters (alpha and beta) shown in Equation 5-1 are calculated 

directly using negative binomial regression.  Model coefficients were calculated with the IBM 

SPSS Statistics software, using the negative binomial generalized linear modeling tool. 

The overall analysis framework is similar to the one adopted for in the context of 

calibration in Chapter 4.  To examine the spatial and temporal transferability of the HSM crash 

estimation procedure using locally derived SPFs, the categorization of the estimated and applied 

models was the same as specified in Chapter 4.  This includes statewide model analysis, as well 

as the three localization methods of FDOT districts, population density groups, and average 

annual rainfall groups.  For SPF development in this chapter, FDOT District 4 and District 6 did 

not contain a sufficiently large enough sample size individually for rural multilane divided 

highways.  These two districts, located adjacent to each other with similar population and 

geographic characteristics in South Florida, were combined for rural multilane highway analysis.  

With this district combination and the full spatial and temporal stratification specified in Chapter 

4, there were a total of 62 SPFs developed in this chapter.   

In the application of these locally developed SPFs, the four combinations of temporal 

applications are again considered.  These include two cases of model estimation and application 

to the same three year period and two cases of model application to the three year period before 
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and after the model estimation time period.  The MSE and variance of the SE, as well as error 

regression models, were again used to assess and compare the crash estimation capabilities of 

each predictive method.  The results of the statewide HSM calibration from Chapter 4 are used 

as a benchmark for comparing the crash estimation performance of the locally developed SPFs.  

As outlined in Chapter 4, the validation and comparison analysis of these SPFs included the four 

combinations of temporal estimation and application time periods.   

Analysis of Rural Multilane Divided Highways 

Locally Derived SPFs 

The resulting rural multilane divided highway SPFs, developed for the entire state, as 

well as each subset of the FDOT District, population density, and average annual rainfall groups, 

are displayed in Table 5-3.  Based on the model parameters, there is a noticeable variation in the 

relationship between estimated crash frequency and AADT.  This spatial variation can be better 

seen in Figure 5-1, Figure 5-2, and Figure 5-3, which display the 2005-2007 SPFs within each 

localized group over the AADT range for which they are applicable in comparison to the HSM 

SPF and the statewide SPF.  While the wide range of relationships between AADT and estimated 

crash frequency is visually apparent, the next section examines the impact of these varying 

relationships on the accuracy of crash frequency predictions. 

Model Validation and Comparison Analysis 

In order to validate and compare the accuracy of crash estimations provided by each 

crash estimation method, each model is applied to the validation data set.  To analyze the 

temporal transferability of the different spatial SPF specifications each estimation method is 

applied to four different estimation and application timeframe combinations, using the 2005 

through 2007 and 2008 through 2010 data sets.  The mean square error (MSE) and the variance 

of the squared error for these applications are calculated.     
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The results for the MSE and variance of the squared error are shown in Table 5-4.  With 

regards to the error results from the different spatial specifications, there are mixed results as to 

which model results in the lowest errors.  The population density SPFs provide the lowest MSE 

values for the two cases of 2008-2010 application, while the district SPFs give the lowest MSE 

values for the two cases of 2005-2007 application.  The one result that is consistent across all 

four temporal specifications is that the variance of the squared error is lower for the district SPFs 

prediction method than for statewide calibration; with the state calibration showing a squared 

error variance that is from 42% to 109% higher than the district SPF squared error variance. 

As was also seen in the calibration MSE values discussed in Chapter 4, there is once 

again a small temporal variation in MSE that is consistent across each crash estimation method.  

The error when applied to the 2008-2010 validation data is smaller than when applied to the 

2005-2007 data.   

Next, MSEs are calculated for specific subsets of AADT in the application data set.  Low 

AADT is defined as less than 10,000 vpd, and high AADT is defined as greater than 20,000 vpd.  

Table 5-5 provides the MSE of each calibration method separated into the three AADT groups.  

The magnitude of the MSE is again substantially higher for the high AADT range than for the 

remaining segments.  For the two cases of 2008-2010 model application, both the statewide SPF 

and population density SPFs appear to offer improved crash prediction over the statewide 

calibrated model; however, this improvement is not evident for the 2005-2007 model 

applications. 

With the variation in model performance across both spatial and temporal specifications 

for local SPFs, error regression models were introduced for a disaggregate approach.  In order to 

examine the estimation error on each individual segment and fully explore the potential for 



 

71 

 

reduced errors within localized regions, regression models are used to relate the MSE to the type 

of crash estimation method used.  The regression model includes model parameters to account 

for length, AADT, and dummy variables for the prediction method used; these can each be seen 

in Table 5-6. 

The potential improved aggregate crash estimation accuracy seen in the previously 

discussed portions of the statewide, population density, and district SPFs are not evident in the 

error regression.  The error regression shows that none of the locally derived SPFs offer 

improved crash estimations at the disaggregate level. 

Analysis of Rural Two-Lane Roads 

Locally Derived SPFs 

The resulting rural two-lane road SPFs, developed for the entire state, as well as each 

subset of the FDOT District, population density, and average annual rainfall groups, are 

displayed in Table 5-7.  Based on the model parameters, there is a noticeable variation in the 

relationship between estimated crash frequency and AADT.  This spatial variation can be better 

seen in Figure 5-4, Figure 5-5, and Figure 5-6, which display the 2005-2007 SPFs within each 

localized group over the AADT range for which they are applicable in comparison to the HSM 

SPF and the statewide SPF.  While the wide range of relationships between AADT and estimated 

crash frequency is visually apparent, the next section examines the impact of these varying 

relationships on the accuracy of crash frequency predictions. 

Model Validation and Comparison Analysis 

As was performed with the rural multilane divided segments, each crash estimation 

model is applied to the validation data set in order to validate and compare the accuracy of the 

crash predictions.  To analyze the temporal transferability of the different spatial SPF 

specifications, each estimation method is applied to four different estimation and application 
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timeframe combinations, using the 2005 through 2007 and 2008 through 2010 data sets.  The 

mean square error (MSE) and the variance of the squared error for these applications are 

calculated.     

The results for the MSE and variance of the squared error are shown in Table 5-8.  While 

the magnitudes of the MSE values are very similar across each spatial specification, the 

population density based SPFs do show a very slight accuracy improvement in each time period.  

The population density SPFs result in between a 3.2% and 6.6% reduction in MSE and an 11.4% 

to 21.2% reduction in variance of the squared error.  While these accuracy improvements are not 

as substantial as seen in previous models on individual application periods, it is important that it 

is consistent throughout each application and estimation time period. 

The MSE results were also analyzed for the three AADT subsets.  Low AADT is defined 

as less than 2,500 vpd, and high AADT is defined as greater than 7,500 vpd.  Table 5-9 provides 

the MSE of each calibration method separated into the three AADT groups.  The magnitude of 

the MSE is again substantially higher for the high AADT range than for the remaining segments.  

It is evident that the previously discussed accuracy improvement seen for the population density 

based SPFs is entirely due to improvements within the high AADT category.  The MSE for 

population density SPFs ranges from 6.3% to 12.8% lower than the statewide calibration models 

across each temporal specification. 

Error regression models were also calculated based on the MSE for each spatial and 

temporal model specification.  Table 5-10 provides the resulting model coefficients from the 

error regression analysis.  The error regression coefficient on the variable for population density 

based SPFs is negative, showing an error reduction for these models at a disaggregate level; 

however, this result is only significant at a 30% confidence level.   
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Summary and Conclusions of Local SPF Development 

This chapter examined the development of local SPFs for use in transferring the HSM 

methodology to estimate crash frequency on Florida rural multilane divided highways and rural 

two-lane roads.  Spatial effects were analyzed through the comparison of the statewide calibrated 

HSM model to local SPFs developed statewide and for FDOT districts, population density 

groups, and average annual rainfall groups.  Models were analyzed and compared through 

estimation and application across four different temporal specifications with the calculation of 

MSE, variance of SE, and error regression models.   

Results for rural multilane divided highways showed that on the aggregate level 

prediction models using district based SPFs and population density based SPFs performed 

slightly better than statewide calibration (reduced MSEs for 10 out of 12 and 9 out of 12 AADT 

categories, respectively).  Crash estimations using district SPFs also had the benefit of showing 

substantially lower variance of the squared errors.  A lower variance of crash estimation errors is 

significant in decreasing the propensity for large estimation errors, and is an indicator of 

improved predictions on high-risk sites with abnormally high AADT or observed crashes.  

Disaggregate model analysis, performed through the calculation of error regression models, did 

not show any improvement in crash estimation using statewide or locally derived SPFs. 

Aggregate analysis results for rural two-lane roads showed that crash estimation with 

population density based SPFs had improved accuracy compared to statewide calibrated HSM 

models.  These improvements were seen consistently in MSE and variance of SE across each of 

the four temporal specifications as well through reduced MSE values in 9 out of the 12 AADT 

categories.  The error regression models for rural two-lane roads also showed a possible 

improvement through crash estimation with population density based SPFs; however, this result 

was only significant at a 30% confidence level. 



 

74 

 

The temporal transferability of the crash estimation models, as examined through model 

estimation and validation with two cases from the same time period and two cases from different 

time periods, showed that there was no significant difference in errors for either temporal 

combination.  These results mirror those seen and Chapter 4 and highlight the need to accurately 

model the relationship between AADT and crash frequency, as this relationship is consistent 

over an extended period of time. 

Results from this chapter identify the potential for improved crash estimation through the 

development of local SPFs instead of applying statewide calibration to HSM models.  This 

improvement is driven by the ability for local SPFs to offer flexible relationships between AADT 

and estimated crash frequency that is not seen in the application of pre-existing HSM models.  

The lack of significant temporal fluctuation results in crash estimation models that can be applied 

over an extended period of time.  The combination of these two factors points towards future 

resources being more efficiently spent at one time to develop local SPFs rather than spread out 

for frequent calibration of pre-existing crash estimation models. 
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Table 5-1.  AADT distribution by analysis group for rural multilane highways 

Model Area 
2005-2007 2008-2010 

AADT 

Min 

AADT 

Max 

AADT 

Average 
Crashes 

AADT 

Min 

AADT 

Max 

AADT 

Average 
Crashes 

Statewide 2733 62900 15103 1891 2700 56209 14485 1653 

 
        

FDOT 

District 

1 3733 37000 16714 312 3100 37167 15471 244 

2 3233 28667 12094 382 2700 30500 11373 326 

3 2733 33167 11283 172 2733 32500 11242 168 

4 & 6 4167 35367 14810 251 4400 36733 14926 209 

5 3100 62900 21245 706 2900 56209 20144 612 

7 4967 25133 16048 68 5567 25611 16147 94 

          

Population 

Density 

Group 

1 8900 41500 18982 230 8167 56209 19928 235 

2 3100 31833 12608 241 2900 29000 12624 233 

3 3600 62900 19079 973 3033 50346 17985 782 

4 2733 28667 11086 447 2700 30500 10500 403 

          

Rainfall 

Group 

1 2733 33167 13259 101 2733 32500 12880 94 

2 3233 27500 9462 347 2700 26667 9263 320 

3 3100 36300 15589 686 2900 37367 15133 620 

4 7067 62900 22600 757 6300 56209 20982 619 
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Table 5-2.  AADT distribution by analysis group for rural two-lane roads 

Model Area 
2005-2007 2008-2010 

AADT 

Min 

AADT 

Max 

AADT 

Average 
Crashes 

AADT 

Min 

AADT 

Max 

AADT 

Average 
Crashes 

Statewide 533 25833 5145 2401 467 24167 4975 2288 

          

FDOT 

District 

1 1183 21833 5629 533 1250 21667 5225 443 

2 600 19733 4443 597 467 19233 4216 576 

3 533 16433 3832 522 467 16367 3820 525 

4 2900 11500 5092 71 2878 11767 5163 64 

5 1500 20733 7004 347 1550 21233 6789 328 

6 2233 25833 12322 183 1700 18500 11793 219 

7 833 22933 10151 148 767 24167 10241 133 

 
         

Population 

Density 

Group 

1 1867 18567 10754 229 1700 22667 10878 223 

2 833 22933 6828 323 767 24167 6788 308 

3 1033 20733 5874 733 1150 21233 5623 663 

4 533 25833 4254 1116 467 18033 4080 1094 

          

Rainfall 

Group 

1 533 16433 3982 418 467 16367 3980 426 

2 600 18367 4402 534 467 18500 4232 544 

3 833 25833 6320 981 700 24167 6109 905 

4 1500 20733 5948 468 1617 21233 5583 413 
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Table 5-3.  Rural multilane divided highway SPFs 

Model Area 

Number 

of 

Segments 

Mileage 

2005-2007 2008-2010 

α β c α β c 

Calibrated HSM N/A N/A -6.504 0.958 1.687 -5.912 0.958 1.687 

         
Florida Statewide 1441 557.52 -8.689 1.031 0.447 -8.033 0.956 0.459 

          

FDOT 

District 

1 198 88.48 -8.594 1.018 0.249 -9.659 1.110 0.583 

2 438 169.25 -4.857 0.613 0.140 -4.437 0.557 0.091 

3 258 84.13 -7.412 0.873 0.111 -7.649 0.896 7.6 × 10
-8

 

4 & 6 124 53.41 -9.151 1.109 0.383 -5.168 0.679 0.245 

5 312 131.32 -9.094 1.083 0.721 -7.663 0.932 0.764 

7 111 30.93 -12.709 1.409 0.039 -13.835 1.555 0.579 

          

Population 

Density 

Group 

1 77 37.00 -12.833 1.486 0.617 -9.952 1.191 0.431 

2 237 80.67 -5.042 0.654 0.451 -4.694 0.610 0.244 

3 603 237.47 -10.594 1.216 0.480 -8.867 1.032 0.512 

4 524 202.38 -6.672 0.811 0.046 -7.398 0.886 0.338 

 
         

Rainfall 

Group 

1 130 43.23 -6.371 0.755 0.589 -6.755 0.794 7.6 × 10
-8

 

2 407 154.51 -7.809 0.953 0.339 -8.505 1.022 0.320 

3 605 218.69 -8.964 1.047 0.385 -5.809 0.717 0.306 

4 299 141.09 -10.267 1.197 0.471 -10.979 1.257 0.772 
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Table 5-4.  Rural multilane divided highways MSE and variance of SE by SPF 

Estimation 

Data Set 

Validation 

Data Set 

Prediction Error 

Metric 

HSM State 

Calibration 

FL SPF 

State District 
Population 

Density 
Rainfall 

2005-2007 2005-2007 

Mean Square 

Error (MSE) 
0.260 0.278 0.259 0.272 0.273 

Variance of SE 1.941 2.184 1.226 2.235 1.240 

2005-2007 2008-2010 

Mean Square 

Error (MSE) 
0.214 0.197 0.215 0.196 0.215 

Variance of SE 1.023 0.416 0.631 0.429 0.723 

2008-2010 2005-2007 

Mean Square 

Error (MSE) 
0.246 0.253 0.228 0.244 0.244 

Variance of SE 1.892 1.918 1.330 1.875 1.191 

2008-2010 2008-2010 

Mean Square 

Error (MSE) 
0.200 0.180 0.185 0.174 0.187 

Variance of SE 0.720 0.356 0.344 0.351 0.382 

 

Table 5-5.  Rural multilane highways MSE by SPF and AADT range 

Estimation 

Data Set 

Application 

Data Set 
AADT Range 

MSE by Prediction Method 

Statewide 

Calibration 

Statewide 

SPF 

District 

SPF 

Population 

Density 

SPF 

Rainfall 

SPF 

2005-2007 2005-2007 

Low 0.081 0.082 0.079 0.077 0.084 

Medium 0.187 0.198 0.178 0.183 0.194 

High 0.674 0.737 0.698 0.751 0.720 

2005-2007 2008-2010 

Low 0.068 0.065 0.065 0.067 0.066 

Medium 0.163 0.167 0.165 0.157 0.163 

High 0.579 0.461 0.546 0.474 0.550 

2008-2010 2005-2007 

Low 0.080 0.081 0.075 0.076 0.080 

Medium 0.176 0.187 0.162 0.176 0.179 

High 0.639 0.650 0.595 0.640 0.623 

2008-2010 2008-2010 

Low 0.066 0.065 0.063 0.065 0.065 

Medium 0.161 0.164 0.159 0.157 0.164 

High 0.516 0.391 0.425 0.375 0.419 
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Table 5-6.  MSE regression by SPF for rural multilane divided highways 

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.490 0.027 0.000 

Length 0.583 0.019 0.000 

AADT 2.236E-05 9.5233E-07 0.000 

Statewide SPF 0.013 0.028 0.632 

District SPF 0.008 0.028 0.776 

Population Density SPF 0.008 0.028 0.776 

Rainfall SPF 0.016 0.028 0.572 

Temporal Change -0.002 0.018 0.906 

 

Table 5-7.  Rural two-lane roads SPFs 

Model Area 
Number of 

Segments 
Mileage 

2005-2007 2008-2010 

α β c α β c 

Calibrated HSM N/A N/A -9.364 1.000 N/A -9.364 1.000 N/A 

         
Statewide 4591 1978.39 -7.577 0.917 0.025 -7.496 0.910 0.365 

          

FDOT 

District 

1 723 385.20 -5.244 0.654 0.136 -5.193 0.634 0.209 

2 1415 565.23 -8.424 1.021 0.469 -7.146 0.870 0.239 

3 1537 627.39 -6.501 0.782 0.251 -6.655 0.802 0.345 

4 147 60.53 -8.741 1.037 0.140 -8.633 1.011 0.270 

5 468 212.36 -9.113 1.099 0.349 -9.368 1.126 0.271 

6 134 66.04 -15.883 1.788 0.374 -10.849 1.299 0.526 

7 167 61.64 -4.480 0.591 0.544 -4.086 0.543 0.649 

          

Population 

Density 

Group 

1 168 81.22 -9.469 1.140 0.620 -8.843 1.078 0.859 

2 429 184.28 -6.319 0.789 0.150 -6.230 0.778 0.169 

3 1169 524.28 -7.119 0.871 0.132 -6.775 0.822 0.015 

4 2825 1188.61 -7.008 0.843 0.248 -7.162 0.864 0.247 

 
         

Rainfall 

Group 

1 1180 493.64 -6.373 0.766 0.246 -6.523 0.789 0.473 

2 1238 506.45 -8.351 1.006 0.381 -9.372 1.135 0.322 

3 1465 634.65 -6.748 0.829 0.087 -6.002 0.739 0.062 

4 708 343.65 -7.856 0.950 0.155 -7.520 0.904 0.151 
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Table 5-8.  Rural two-lane road MSE and variance of SE by SPF  

Estimation 

Data Set 

Validation 

Data Set 

Prediction Error 

Metric 

HSM State 

Calibration 

FL SPF 

State District 
Population 

Density 
Rainfall 

2005-2007 2005-2007 

Mean Square Error 

(MSE) 
0.108 0.109 0.114 0.101 0.106 

Variance of SE 1.117 1.213 1.191 0.880 1.102 

2005-2007 2008-2010 

Mean Square Error 

(MSE) 
0.074 0.075 0.073 0.072 0.074 

Variance of SE 0.079 0.083 0.076 0.069 0.077 

2008-2010 2005-2007 

Mean Square Error 

(MSE) 
0.108 0.109 0.110 0.100 0.101 

Variance of SE 1.117 1.198 0.998 0.858 0.831 

2008-2010 2008-2010 

Mean Square Error 

(MSE) 
0.074 0.075 0.073 0.072 0.073 

Variance of SE 0.079 0.081 0.074 0.070 0.071 

 

Table 5-9.  Rural two-lane road MSE and variance of SE by SPF and AADT range 

Estimation 

Data Set 

Application 

Data Set 
AADT Range 

MSE by Prediction Method 

Statewide 

Calibration 

Statewide 

SPF 

District 

SPF 

Population 

Density 

SPF 

Rainfall 

SPF 

2005-2007 2005-2007 

Low 0.030 0.031 0.034 0.032 0.031 

Medium 0.075 0.075 0.076 0.075 0.075 

High 0.313 0.320 0.340 0.273 0.305 

2005-2007 2008-2010 

Low 0.029 0.028 0.029 0.028 0.029 

Medium 0.065 0.065 0.065 0.065 0.064 

High 0.162 0.166 0.157 0.149 0.160 

2008-2010 2005-2007 

Low 0.030 0.031 0.034 0.032 0.032 

Medium 0.075 0.076 0.076 0.075 0.077 

High 0.303 0.319 0.321 0.271 0.270 

2008-2010 2008-2010 

Low 0.032 0.028 0.029 0.028 0.029 

Medium 0.065 0.065 0.064 0.065 0.065 

High 0.159 0.165 0.159 0.149 0.154 
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Table 5-10.  MSE regression by SPF for rural two-lane roads  

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.153 0.011 0.000 

Length 0.205 0.008 0.000 

AADT 3.104E-05 1.0600E-06 0.000 

Statewide SPF 0.001 0.012 0.931 

District SPF 0.002 0.012 0.891 

Population Density SPF -0.005 0.012 0.697 

Rainfall SPF -0.002 0.012 0.847 

Temporal Change -0.001 0.008 0.915 
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Figure 5-1.  Rural multilane highway 2005-2007 SPFs by district. 

 

 
Figure 5-2.  Rural multilane highway 2005-2007 SPFs by population density group. 
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Figure 5-3.  Rural multilane highway 2005-2007 SPFs by average annual rainfall group. 

 

 
Figure 5-4.  Rural two-lane road 2005-2007 SPFs by district. 
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Figure 5-5.  Rural two-lane road 2005-2007 SPFs by population density group. 

 

 
Figure 5-6.  Rural two-lane road 2005-2007 SPFs by average annual rainfall group. 
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CHAPTER 6 

TRANSFERABILITY THROUGH VARYING MODEL FORM 

This chapter examines the spatial and temporal transferability of crash estimation 

methods through the development of local crash prediction models with flexible functional 

forms.  While the previous chapter saw the potential for locally derived models under the same 

functional form as used in the HSM, models in this chapter incorporate additional local 

flexibility through the inclusion of a model coefficient on the segment length, non-parametric 

models stratified by AADT, models segmented into high and low AADT categories, and models 

segmented by the number of bordering intersections.  As in the previous chapters, temporal 

transferability is analyzed though comparing the performance of each of these model scenarios 

across application in four different temporal specifications.  The four temporal specifications 

include two cases where the model estimation years are the same as the model application years, 

one case where the estimated model is forecasted to future years, and one case where the 

estimated model is backcasted to past years.  Chapter 3 provides an explanation of the data 

collection and processing procedures used to construct the data sets used for this analysis on both 

rural two-lane roads and rural multilane divided highways.  Summary statistics for both facility 

types can also be seen in Chapter 3.  

This chapter includes an analysis framework, resulting crashing estimation models for 

each scenario, analysis of the error in predicted crashes for each crash estimation model, and 

summary and conclusions of the results from this chapter. 

Analysis Framework 

The crash estimation models developed in this chapter seek to address some of the critical 

questions raised through the examination of HSM calibration and locally developed SPFs in 

HSM analysis.  These issues include the larger crash prediction error seen across sites with high 
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AADT or longer segment lengths, as well as the potential influence of intersection presence on 

segment crash frequency.  To address these issues, four variations of model functional form are 

examined.  First, a coefficient is added to the segment length parameter, second, a non-

parametric model using categorized AADTs is tested, next a model split into high and low 

AADTs is examined, and finally, a model split into categories based on the number of bordering 

intersections is examined.  Considering both model estimation time periods and all of the 

segmented models estimated for each facility type, a total of 28 crash estimation models are 

estimated in this chapter.  The predictive performance of the model specifications are compared 

to each other as well as to the two-parameter statewide SPF through their performance on the 

application data set.  Finally, an error regression model is developed to further examine the 

disaggregate predictive capabilities of each crash estimation model. 

The models developed in this chapter each allow for the inclusion of a model coefficient 

on the segment length parameter.  The length coefficient allows for a non-linear relationship 

between segment length and predicted crash frequency.  While length is previously accounted for 

by viewing crashes on a per mile basis, a model coefficient increases the model flexibility and 

treats segment length as an influential roadway characteristic.  This additional coefficient results 

in a model form that is slightly different from the two-parameter SPF equations discussed in the 

previous chapters.  The three-parameter model form is shown in Equation 6-1: 

 LAADTeNSPF                               (6-1) 

Where: 

 NSPF = predicted average segment crash frequency for base conditions; 

 α, β, η  = regression parameters; 

 AADT = average annual daily traffic volume (vehicles per day); 
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 L = length of roadway segment (miles). 

The non-parametric AADT models were first developed with fourteen AADT bins in 

order to view the unconstrained relationship between AADT and crash frequency.  The 

distribution of segments for the estimated models into their respective AADT bin is given in 

Table 6-1 for rural multilane divided highways and Table 6-2 for rural two-lane roads. 

Analysis of Rural Multilane Divided Highways 

Model Estimation 

The first model estimated in this chapter, the three-parameter SPF, did not include intra-

model segmentation, so a single equation is all that is needed for each time period and facility 

type.  Table 6-3 provides the crash estimation model parameters for both the 2005-2007 and 

2008-2010 three-parameter SPFs, as well as the statewide two-parameter SPFs that were 

discussed in the previous chapter and are included for comparison.  The resulting coefficients on 

segment length for models from each time period are significantly less than 1.0.  This shows that 

longer segments have a lower predicted crash frequency.  Despite the introduction of the new 

significant coefficient on segment length, the AADT model coefficients are nearly unchanged.  

While the relationship between segment length and crash frequency is significant, its 

introduction does not impact the background relationship between AADT and crash frequency. 

The second model developed, the binned AADT model, also includes a coefficient on 

segment length, as well as separate model coefficients for each AADT category.  The full set of 

model parameters is given in Table 6-4 and is compared to the three-parameter SPF in Figure 6-1 

and Figure 6-2.  The visual comparison between the binned AADT models and the three-

parameter SPFs illustrates the potential for improvement in modeling the relationship between 

crash frequency and AADT.  In both time periods, the SPF appears to overestimate crashes 

through the middle range of AADTs.  Additionally, the slope of the binned AADT model varies 
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significantly over different ranges of AADT, shallow at lower AADTs and becoming noticeably 

greater after reaching AADTs greater than 22,500.  As a result of this divide, 22,500 was 

selected as the separation point for the low and high AADT groups used in the next model. 

 Based on the trends seen in the binned AADT model, the next model developed utilizes 

two AADT groups with separately modeled negative binomial models for each case.  Table 6-5 

gives the model parameters for low and high AADT groups through both study time periods.  

Figure 6-3 and Figure 6-4 illustrate how the low and high AADT groups compare to the three-

parameter SPF.  The two figures show the substantial difference in the modeled relationship 

between AADT and crash frequency at the low and high AADT groups.  While examining these 

models on the application data set in the next section will show any potential predictive benefits, 

it is clear that the two AADT groups allow for increased flexibility in fitting the estimation data 

set. 

The final set of models developed is an alternative grouping method, with segments 

divided into three groups based on the number of bordering intersections.  While segments can 

not contain an intersection, segments are split at all intersections and may be bounded by an 

intersection at either or both sides.  Table 6-6 shows the distribution of segments with bordering 

intersections for the model estimation data set on both rural multilane divided highways and rural 

two-lane roads.  The coefficients for the intersection grouped crash estimation models are given 

in Table 6-7 and Table 6-8 for 2005-2007 and 2008-2010 respectively.  Figure 6-5 and Figure 6-

6 provide a graphical comparison of the intersection grouped models for 2005-2007 and 2008-

2010 respectively.  From this comparison, it is evident that there does not appear to be a 

substantial difference in the modeled relationship between the number of bordering intersections 

and AADT over most of the range of segments.  The 2005-2007 model does begin to show a 



 

89 

 

difference between the intersection cases as the AADT increases above 25,000 vehicles per day, 

with increasing intersection count resulting in a lower estimation crash frequency. 

Model Validation and Comparison Analysis 

In order to validate and compare the accuracy of crash predictions provided by each crash 

estimation method, each model is applied to the validation data set.  To analyze the temporal 

transferability of the different model specifications, each estimation method is applied to four 

different estimation and application timeframe combinations, using the 2005 through 2007 and 

2008 through 2010 data sets.  The mean square error (MSE) and the variance of the squared error 

for these applications are calculated. 

The results for the MSE and variance of the squared error are given in Table 6-9.  The 

lowest prediction errors can be seen in the intersection group models for same year application 

scenarios and in the AADT binned models in the two different year application scenarios.  The 

three-parameter SPF, AADT binned model, and intersection grouped model all offer 

improvements compared to the two-parameter SPF.  These three methods have average 

decreased prediction errors of 6.5%, 9.4%, and 12%, respectively, and average improvements in 

reduction of the variance of the standard error of 29%, 33%, and 42%, respectively, across all 

four of the application scenarios. 

The aggregate metrics of MSE and variance of standard error show improvements for the 

more flexible model structures, and the next step is to introduce an error regression model to 

examine disaggregate effects of the crash estimation models.  Estimated model coefficients for 

the error regression are given in Table 6-10.  Using this disaggregate analysis, none of the crash 

estimation methods offer a statistically significant improvement from the two-parameter SPF; 

however, the error reductions seen by the intersection grouped model and AADT binned model 

are the first to yield significant results with a confidence greater than 50%. 
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Analysis of Rural Two-Lane Roads  

Model Estimation 

Each of the models developed and analyzed for rural multilane divided highways were 

also examined for rural two-lane road segments.  The first of these models is the three-parameter 

SPF, for which the model form is given in Equation 6-1.  The coefficients derived for this model 

are given in Table 6-11, as well as the previously discussed two-parameter SPF, which is 

included for comparison purposes.  The resulting coefficients on segment length for models from 

each time period are significantly less than 1.0.  This shows that longer segments have a lower 

predicted crash frequency.  Despite the introduction of the new significant coefficient on 

segment length, the AADT model coefficients are nearly unchanged.  While the relationship 

between segment length and crash frequency is significant, its introduction does not impact the 

background relationship between AADT and crash frequency. 

The second model developed, the binned AADT model, also includes a coefficient on 

segment length.  Additionally, rather than treating AADT as a variable with a continuous and 

forced distribution, each of the AADT bins has a separate model coefficients.  The full set of 

model parameters is given in Table 6-12 and is compared to the three-parameter SPF in Figure 6-

7 and Figure 6-8.  Based on the visual comparison between the binned AADT models and the 

three-parameter SPFs, it is evident that the SPF fits the relationship between AADT and crash 

frequency very well, especially at low AADT values.  As the AADT increases, the binned model 

does begin to show some fluctuation.  As a result, 12,500 was selected as the separation point for 

the low and high AADT groups used in the next model. 

Based on the trends seen in the binned AADT model, the next model developed utilizes 

two AADT groups with separately estimated negative binomial models for each case.  Table 6-

13 gives the model parameters for low and high AADT groups through both study periods.  
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Figure 6-9 and Figure 6-10 illustrate how the low and high AADT groups compare to the three-

parameter SPF.  The two figures show that the low AADT group is nearly identical to the lower 

range of the three-parameter SPF.  At higher AADT values, the grouped model allows for a 

shallower slope in the relationship between crash frequency and AADT.   

The final set of models developed for rural two-lane roads is an alternative grouping 

method, with segments divided into three groups based on the number of bordering intersections.  

While segments are split such that they do not contain any intersections, they can be bounded by 

an intersection at either or both sides.  Table 6-6 shows the distribution of segments with 

bordering intersections for the model estimation data set.  The coefficients for the intersection 

grouped crash estimation models are given in Table 6-14 and Table 6-15 for 2005-2007 and 

2008-2010 respectively.  Figure 6-11 and Figure 6-12 provide a graphical comparison of the 

intersection grouped models for 2005-2007 and 2008-2010 respectively.  While there does not 

appear to be any substantial differences between the three intersection groups, the pattern is 

consistent across both time periods, with the zero intersection group estimating a lower crash 

frequency than the segments with bordering intersections.   

Model Validation and Comparison Analysis 

In order to validate and compare the accuracy of crash predictions provided by each crash 

estimation method, each model is applied to the validation data set.  To analyze the temporal 

transferability of the different model specifications, each estimation method is applied to four 

different estimation and application timeframe combinations, using the 2005 through 2007 and 

2008 through 2010 data sets.  The mean square error (MSE) and the variance of the squared error 

for these applications are calculated. 

The results for the MSE and variance of the squared error are given in Table 6-16.  By 

these aggregate error metrics, there are no noticeable prediction improvements made from any of 
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the models with modified functional forms.  The two-parameter SPF shows the smallest MSE in 

most cases, with results only one to two percent lower than the alternative models.  Across all 

models, the MSE was lower when applied to 2008-2010 than 2005-2007 (regardless of the 

estimation time period).  It is only when results are viewed by categorized AADT groups, that 

differences begin to be seen between the two-parameter SPF and the other models.  When 

separated into two AADT groups, less than 5,000 and greater than or equal to 5,000, the two-

parameter SPF performs better in the high AADT group, while all of the alternate models show 

reduced errors on the low AADT segments.  In both cases, the improved crash estimations are 

only by a difference of five to six percent. 

The MSE error regression model performed for rural two-lane roads is given in Table 6-

17.  As expected based on the previous results, none of the crash estimation models show a 

significant improvement or difference from the two-parameter SPF.  Using an error regression 

performed on the group of low AADT segments, the previously discussed prediction 

improvements seen in the alternate model forms are not statistically significant, as each models 

shows improvement with a confidence near 50%.  As seen throughout the model comparisons 

and error regression models, the temporal difference in the models is not significant, as there is 

no difference between models estimated and applied to different years or to the same year. 

Summary and Conclusions of Varying Model Form 

This chapter examined several modifications to the standard functional form used to 

estimate crash frequency on rural multilane divided highways and rural two-lane roads in 

Florida.  The four modified functional forms included a three-parameter SPF (with an additional 

coefficient for segment length), a non-parametric model using binned AADTs, a two-category 

model split into high and low AADT, and a three-category model split by the number of 

bordering intersections.  Models were compared and analyzed through estimation and application 
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across four different temporal specifications through the calculation of MSE, variance of the SE, 

and error regression models. 

Beyond the shared temporal conclusion that there is no significant difference between 

models applied to the same or different years from when they were developed, results differed 

significantly by facility type.  For rural multilane divided highways, there was a clear divide 

evident in the slope of the relationship between AADT and crash frequency.  This divide was 

seen through the implementation of the binned AADT model and was used to set the border of 

22,500 between low and high AADT groups.  The crash estimation error analysis showed 

substantial crash prediction improvements using the three-parameter SPF, AADT binned model, 

and the intersection categorized model.  These three alternative functional forms saw aggregate 

MSE reductions from 6.5% to 12% and average variance of squared error improvements between 

29% and 42%.  Despite these improvements, the error regression model found that none of the 

new models showed a significant disaggregate improvement compared to the two-parameter 

SPF.  On rural two-lane roads, all four of the new model functional forms did not offer improved 

crash prediction methods as compared to the two-parameter SPF.   
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Table 6-1.  Rural multilane divided highway AADT bins 

Bin 

Number 
Lower Bound AADT Upper Bound AADT 

Number of Segments 

2005-2007 2008-2010 

1 0 4700 74 92 

2 4700 6700 151 107 

3 6700 8700 239 217 

4 8700 10700 103 145 

5 10700 12700 193 159 

6 12700 14700 97 135 

7 14700 16700 115 113 

8 16700 18700 124 80 

9 18700 20700 75 80 

10 20700 22700 27 54 

11 22700 24700 69 54 

12 24700 26700 70 71 

13 26700 28700 18 57 

14 28700 N/A 86 77 

 

Table 6-2.  Rural two-lane road AADT bins 

Bin 

Number 
Lower Bound AADT Upper Bound AADT 

Number of Segments 

2005-2007 2008-2010 

1 0 1750 525 563 

2 1750 3000 831 905 

3 3000 4250 897 911 

4 4250 5500 773 838 

5 5500 6750 501 418 

6 6750 8000 359 327 

7 8000 9250 199 161 

8 9250 10500 129 102 

9 10500 11750 123 117 

10 11750 13000 44 39 

11 13000 14250 44 44 

12 14250 15500 36 47 

13 15500 16750 28 28 

14 16750 N/A 102 91 
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Table 6-3.  Rural multilane divided highway two-parameter and three-parameter SPFs 

Regression 

Coefficient 

2005-2007 Three-

Parameter 

2005-2007 Two-

Parameter 

2008-2010 Three-

Parameter 

2008-2010 Two-

Parameter 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -8.630 0.529 -8.689 0.535 -8.171 0.502 -8.033 0.540 

AADT 1.016 0.055 1.031 0.055 0.957 0.052 0.956 0.056 

Length 0.912 0.039 N/A N/A 0.864 0.034 N/A N/A 

 

Table 6-4.  Rural multilane divided highway binned AADT model 

Regression 

Coefficient 

2005-2007 2008-2010 

Parameter Value Std. Error Parameter Value Std. Error 

Constant 2.233 0.081 1.942 0.080 

Length 0.869 0.035 0.827 0.034 

Bin 1 -2.086 0.198 -1.811 0.215 

Bin 2 -1.795 0.152 -1.683 0.139 

Bin 3 -1.826 0.126 -1.570 0.124 

Bin 4 -1.556 0.135 -1.567 0.160 

Bin 5 -1.579 0.131 -1.212 0.122 

Bin 6 -1.452 0.137 -1.173 0.153 

Bin 7 -1.056 0.130 -0.919 0.131 

Bin 8 -1.124 0.164 -1.125 0.143 

Bin 9 -1.086 0.146 -0.715 0.156 

Bin 10 -0.756 0.172 -1.057 0.268 

Bin 11 -0.819 0.177 -0.448 0.143 

Bin 12 -0.567 0.127 -0.240 0.127 

Bin 13 -0.194 0.126 -0.113 0.175 

 

Table 6-5.  Rural multilane divided highway low and high AADT grouped model 

Regression 

Coefficient 

2005-2007 Low 

AADT 

2005-2007 High 

AADT 

2008-2010 Low 

AADT 

2008-2010 High 

AADT 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -5.465 0.791 -10.100 2.445 -5.496 0.776 -10.350 2.773 

AADT 0.667 0.085 1.171 0.237 0.662 0.084 1.175 0.269 

Length 0.872 0.044 0.925 0.073 0.828 0.045 0.855 0.074 

 

 



 

96 

 

 

Table 6-6.  Bordering intersection distributions 

 
Rural Multilane Divided Highways Rural Two-Lane Roads 

Number of Bordering 

Intersections 

Number of 

Segments 

Percentage of 

Segments 

Number of 

Segments 

Percentage of 

Segments 

0 388 26.9 1061 23.1 

1 584 40.5 1976 43.0 

2 469 32.5 1554 33.8 

 

Table 6-7.  Rural multilane divided highway 2005-2007 intersection grouped models 

Regression 

Coefficient 

0 Intersections 1 Intersection 2 Intersections 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -9.643 0.882 -9.535 0.952 -5.486 1.051 

AADT 1.123 0.089 1.098 0.100 0.689 0.112 

Length 0.951 0.066 0.792 0.063 0.999 0.074 

 

Table 6-8.  Rural multilane divided highway 2008-2010 intersection grouped models 

Regression 

Coefficient 

0 Intersections 1 Intersection 2 Intersections 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -8.337 0.837 -7.484 0.946 -8.164 0.963 

AADT 0.973 0.084 0.887 0.100 0.954 0.101 

Length 0.886 0.054 0.802 0.070 0.944 0.061 

 

 



 

97 

 

 

Table 6-9.  Rural multilane divided highways MSE and variance of SE by crash estimation 

method 

Estimation 

Data Set 

Validation 

Data Set 

Prediction 

Error 

Two-

Parameter 

SPF 

Three-

Parameter 

SPF 

AADT 

Bins 

AADT 

Split 

Intersection 

Split 

2005-2007 2005-2007 

Mean Square 

Error (MSE) 
0.289 0.261 0.272 0.281 0.240 

Variance of 

SE 
2.257 1.728 2.317 2.062 1.310 

2005-2007 2008-2010 

Mean Square 

Error (MSE) 
0.252 0.212 0.197 0.260 0.199 

Variance of 

SE 
2.222 0.925 0.520 3.179 0.588 

2008-2010 2005-2007 

Mean Square 

Error (MSE) 
0.258 0.261 0.249 0.260 0.250 

Variance of 

SE 
1.931 2.000 1.716 1.795 1.884 

2008-2010 2008-2010 

Mean Square 

Error (MSE) 
0.212 0.208 0.199 0.218 0.197 

Variance of 

SE 
0.986 0.599 0.517 0.915 0.487 

 

Table 6-10.  Rural multilane divided highway MSE regression 

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.427 0.031 0.000 

Length 0.675 0.022 0.000 

AADT 2.869E-05 1.1079E-06 0.000 

Three-Parameter SPF -0.017 0.033 0.601 

Binned AADT -0.024 0.033 0.470 

High/Low AADT 0.002 0.033 0.951 

Grouped Intersection -0.031 0.033 0.340 

Temporal Change -0.002 0.021 0.926 
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Table 6-11.  Rural two-lane road two-parameter and three-parameter SPFs 

Regression 

Coefficient 

2005-2007 Three-

Parameter 

2005-2007 Two-

Parameter 

2008-2010 Three-

Parameter 

2008-2010 Two-

Parameter 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -7.415 0.282 -7.577 0.275 -7.297 0.277 -7.496 0.282 

AADT 0.887 0.033 0.917 0.032 0.873 0.033 0.910 0.033 

Length 0.837 0.025 N/A N/A 0.838 0.025 N/A N/A 

 

Table 6-12.  Rural two-lane roads binned AADT model 

Regression 

Coefficient 

2005-2007 2008-2010 

Parameter Value Std. Error Parameter Value Std. Error 

Constant 1.292 0.093 1.259 0.101 

Length 0.831 0.025 0.838 0.025 

Bin 1 -2.324 0.130 -2.315 0.135 

Bin 2 -1.763 0.110 -1.882 0.117 

Bin 3 -1.435 0.104 -1.328 0.110 

Bin 4 -1.295 0.105 -1.226 0.111 

Bin 5 -0.982 0.108 -0.953 0.118 

Bin 6 -0.836 0.112 -0.799 0.121 

Bin 7 -0.691 0.122 -0.681 0.136 

Bin 8 -0.626 0.137 -0.665 0.152 

Bin 9 -0.436 0.132 -0.225 0.137 

Bin 10 -0.701 0.206 -0.250 0.194 

Bin 11 -0.107 0.171 -0.422 0.185 

Bin 12 0.158 0.185 0.055 0.172 

Bin 13 0.172 0.196 0.139 0.205 

 

Table 6-13.  Rural two-lane road low and high AADT grouped model 

Regression 

Coefficient 

2005-2007 Low 

AADT 

2005-2007 High 

AADT 

2008-2010 Low 

AADT 

2008-2010 High 

AADT 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -7.021 0.335 -0.065 5.859 -7.325 0.333 -0.970 5.253 

AADT 0.839 0.040 0.139 0.603 0.876 0.040 0.213 0.542 

Length 0.835 0.025 0.823 0.095 0.845 0.026 0.764 0.105 
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Table 6-14.  Rural two-lane roads 2005-2007 intersection grouped models 

Regression 

Coefficient 

0 Intersections 1 Intersection 2 Intersections 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -7.038 0.565 -7.717 0.434 -7.291 0.498 

AADT 0.840 0.066 0.925 0.051 0.872 0.058 

Length 0.772 0.050 0.885 0.038 0.825 0.043 

 

Table 6-15.  Rural two-lane roads 2008-2010 intersection grouped models 

Regression 

Coefficient 

0 Intersections 1 Intersection 2 Intersections 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Parameter 

Value 
Std. Error 

Constant -7.075 0.558 -7.484 0.403 -7.395 0.520 

AADT 0.840 0.065 0.902 0.047 0.880 0.062 

Length 0.889 0.051 0.845 0.036 0.808 0.047 

 

Table 6-16.  Rural two-lane MSE and variance of SE by crash estimation method 

Estimation 

Data Set 

Validation 

Data Set 

Prediction 

Error 

Two-

Parameter 

SPF 

Three-

Parameter 

SPF 

AADT 

Bins 

AADT 

Split 

Intersection 

Split 

2005-2007 2005-2007 

Mean Square 

Error (MSE) 
0.109 0.110 0.108 0.108 0.112 

Variance of 

SE 
1.213 1.399 1.361 1.363 1.365 

2005-2007 2008-2010 

Mean Square 

Error (MSE) 
0.075 0.077 0.076 0.077 0.078 

Variance of 

SE 
0.083 0.106 0.095 0.099 0.124 

2008-2010 2005-2007 

Mean Square 

Error (MSE) 
0.109 0.110 0.109 0.112 0.110 

Variance of 

SE 
1.198 1.421 1.396 1.594 1.342 

2008-2010 2008-2010 

Mean Square 

Error (MSE) 
0.075 0.077 0.077 0.077 0.078 

Variance of 

SE 
0.081 0.108 0.101 0.107 0.113 
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Table 6-17.  Rural two-lane roads MSE regression 

Regression Parameter 
Coefficients 

Significance 
B Std. Error 

Constant -0.183 0.013 0.000 

Length 0.225 0.009 0.000 

AADT 3.535E-05 1.2104E-06 0.000 

Three-Parameter SPF 0.002 0.014 0.912 

Binned AADT 0.000 0.014 0.971 

High/Low AADT 0.002 0.014 0.906 

Grouped Intersection 0.002 0.014 0.858 

Temporal Change 0.000 0.009 0.976 
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Figure 6-1.  Rural multilane divided highway 2005-2007 binned AADT comparison. 

 

 
Figure 6-2.  Rural multilane divided highway 2008-2010 binned AADT comparison. 
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Figure 6-3.  Rural multilane divided highway 2005-2007 low and high AADT grouped model. 

 

 

Figure 6-4.  Rural multilane divided highway 2008-2010 low and high AADT grouped model. 
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Figure 6-5.  Rural multilane divided highway 2005-2007 intersection grouped model. 

 

 
Figure 6-6.  Rural multilane divided iighway 2008-2010 intersection grouped model. 
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Figure 6-7.  Rural two-lane road 2005-2007 binned AADT comparison. 

 

 
Figure 6-8.  Rural two-lane road 2008-2010 binned AADT comparison. 
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Figure 6-9.  Rural two-lane road 2005-2007 low and high AADT grouped model. 

 

 
Figure 6-10.  Rural two-lane road 2008-2010 low and high AADT grouped model. 
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Figure 6-11.  Rural two-lane roads 2005-2007 intersection grouped model. 

 

 
Figure 6-12.  Rural two-lane roads 2008-2010 intersection grouped model. 
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CHAPTER 7 

SUMMARY AND CONCLUSIONS 

The publication of the HSM in 2010 and corresponding adoption of its crash estimation 

methods in the following years has led to the importance of examining the most effective 

methods of transferring the HSM crash methods for application to local conditions.  The HSM 

provides a detailed procedure for the development of a single statewide calibration factor, but 

leaves an inconclusive suggestion that the accuracy of crash estimation models can be improved 

through localized calibration factors or recalculation of model coefficients through local SPF 

development.  This research examined the spatial transferability of HSM crash estimation 

models through statewide calibration, intra-state localized calibration (FDOT districts, 

population density groups, and average annual rainfall groups), state SPF calculation, and SPF 

calculation for the three intra-state groups.  The temporal aspects of crash estimation model 

transferability were also examined in order to determine the effects of different time periods on 

the accuracy of crash predictions.  

This chapter includes a summary of the work completed and results in data collection and 

preparation, HSM calibration, and SPF development.  This is followed by overall conclusions 

and recommendations from this project and possibilities for future extensions of research on this 

topic. 

Summary of Research 

Data Summary 

For the investigation of the spatial and temporal transferability of crash estimation 

models, data were collected related to three primary areas; (1) roadway attributes, (2) historical 

crash data, and (3) segment location.  Roadway attribute data included both geometric and 

operational characteristics and were collected from yearly end-of-year archives of the FDOT 
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RCI.  Yearly historical crash data, consisting of all fatal and injury crashes, were collected from 

the FDOT CARS database.  Segment location attributes were recorded from census data (for 

population density groups) and historical state weather databases (for average annual rainfall 

groups).  All data attributes were collected for 2005 through 2010 for both rural multilane 

divided highways and rural two-lane roads. 

Using the FDOT RCI data, homogeneous segments were created inspected for data 

consistency and completeness.  The segmentation and data validation process resulted in analysis 

sample sets of 790.56 miles across 2,056 segments for rural multilane divided highways and 

2,769.06 miles across 6,499 segments for rural two-lane roads.  Seventy percent of these 

segments for each facility type were used for model development, while the remaining thirty 

percent were used for model application. 

HSM Calibration Summary 

Chapter 4 described the calibration of HSM crash estimation models, as performed for 

both facility types under the statewide case as well as the three intra-state localized groups.  

Calibration factors were developed and applied for two different time periods, 2005 through 

2007 and 2008 through 2010, resulting in four temporal application scenarios.  Across all spatial 

and temporal specifications, a total of 64 calibration factors were developed and analyzed for 

their predictive accuracy. 

For both facility types, statewide calibration proved to yield substantially lower MSE 

values across all segments and, through the development of error regression models, showed 

significantly smaller errors than seen with the application of the uncalibrated HSM models.  

Compared to statewide calibration, the three localized calibration alternatives (FDOT district, 

population density group, and average annual rainfall group) did not show a significant 

difference in crash estimation accuracy.  Aggregate MSE analysis resulted in higher errors within 
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the subset of segments with higher AADTs.  The error regression models also illustrated that 

increasing AADT, as well as increasing length, contribute to a statistically significant increase in 

MSE.   

Analysis of the MSEs and the error regression models showed that there was not a 

significant difference across the two time frames.  Models calibrated on either time frame 

performed similarly, both in aggregate terms and in the error regression models, performed 

similarly across the same validation data set.  This downplays the importance of frequent updates 

to calibration factors, as small changes in the calibration factor did not offer significantly 

improved accuracy of crash estimations.  The results of the error analysis with regards to spatial 

and temporal calibration transferability emphasize the significance of statewide calibration, as 

recommended by the HSM, while also providing states with the information that it is not 

necessary to invest in detailed localized calibration factors or update calibration factors on a 

yearly basis. 

SPF Development Summary 

Chapter 5 introduced locally developed SPFs as an alternative to calibration.  As locally 

developed SPFs consist of the recalculation of crash estimation model coefficients, these SPFs 

allow for flexibility in modeling the relationship between AADT and estimated crash frequency.  

The development of local SPFs was performed on both facility types for the statewide case as 

well as the three intra-state localized groups.  Similarly to calibration factors, SPFs were 

developed and applied for two different time periods, 2005 through 2007 and 2008 through 2010, 

resulting in four temporal application scenarios.  Across all spatial and temporal specifications, a 

total of 62 SPFs were developed and analyzed for their predictive accuracy. 

SPF results for rural multilane divided highways showed that prediction models using 

district based SPFs and population density based SPFs performed slightly better than statewide 
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calibration (reduced MSEs for 10 out of 12 and 9 out of 12 AADT categories, respectively).  

Crash estimations using district SPFs also had the benefit of consistently showing substantially 

lower variance of the squared errors.  A lower variance of crash estimation errors is significant in 

decreasing the propensity for large estimation errors.  Error regression models did not show any 

improvement in crash estimation using statewide or locally derived SPFs as compared statewide 

calibration.  Aggregate analysis results for rural two-lane roads showed that crash estimation 

with population density based SPFs had improved accuracy compared to statewide calibrated 

HSM models, seen across 9 out of the 12 AADT categories.  The error regression models for 

rural two-lane roads also showed a possible improvement through crash estimation with 

population density based SPFs; however, this result was only significant at a 30% confidence 

level.  

The analysis results of temporal transferability using locally developed SPFs mirrored 

those seen in Chapter 4, showing no significant difference in errors for any of the temporal 

estimation and application specifications.  This lack of temporal effects, in combination with the 

potential for improved accuracy through locally developed SPFs, point towards future resources 

being more efficiently spent at one time to develop local SPFs rather than spread out for frequent 

calibration of pre-existing crash estimation models.  

Summary of Alternate Model Forms 

Chapter 6 examined several modifications to the standard functional form used to 

estimate crash frequency on rural multilane divided highways and rural two-lane roads in 

Florida.  The four modified functional forms included a three-parameter SPF (with an additional 

coefficient for segment length), a non-parametric model using binned AADTs, a two-category 

model split into high and low AADT, and a three-category model split by the number of 

bordering intersections.  Models were compared and analyzed through estimation and application 
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across four different temporal specifications through the calculation of MSE, variance of the SE, 

and error regression models. 

Beyond the shared temporal conclusion that there is no significant difference between 

models applied to the same or different years from when they were developed, results differed 

significantly by facility type.  For rural multilane divided highways, there was a clear divide 

evident in the slope of the relationship between AADT and crash frequency.  This divide was 

seen through the implementation of the binned AADT model and was used to set the border of 

22,500 between low and high AADT groups.  The crash estimation error analysis showed 

substantial crash prediction improvements using the three-parameter SPF, AADT binned model, 

and the intersection categorized model.  These three alternative functional forms saw aggregate 

MSE reductions from 6.5% to 12% and average variance of squared error improvements between 

29% and 42%.  However, the error regression model found that these models only showed a 

significant disaggregate improvement compared to the two-parameter SPF at a 50% confidence 

level.  On rural two-lane roads, all four of the new model functional forms did not offer 

improved crash prediction methods as compared to the two-parameter SPF. 

Conclusions and Future Expansion 

As a result of this research, there are both broad conclusions that can be drawn across any 

crash estimation method and specific conclusions within a given facility type.  Applicable to 

both facility types and for both HSM calibration and local SPF development, results for the 

analysis of temporal transferability showed that there is not a significant difference between the 

crash estimation accuracy of models developed from a different time period than when they are 

applied.  In this case, models estimated or calibrated based on the three years before or after the 

application time period were just as suitable as those based on the same application time period.  

This creates a six year time frame with equal temporal transferability.  This result can be used to 
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support increased duration between model updates (calibration or SPF estimation), that will yield 

a more effective use of time and money.  Also evident across both facility types, were the trends 

of increasing MSE with increasing segment AADT and length.  Finally, statewide model 

calibration resulted in improved crash estimation accuracy when compared to the uncalibrated 

model, showing the significance of statewide HSM calibration.  Further improvements were not 

found through calibration by FDOT district, population density group, or average annual rainfall 

group, despite substantial variation between the statewide calibration factor and the intra-state 

group calibration factors. 

Using the locally developed SPFs in Chapter 5, aggregate error results showed the 

potential for modeling improvements across both facility types.  Rural multilane divided 

highways experienced lower MSE values, especially on high AADT sites, using FDOT district 

based SPFs and population density group SPFs.  Rural two-lane road SPFs displayed crash 

estimation accuracy improvements using the population density SPFs.  These locally developed 

SPFs for both facility types are recommended for statewide implementation for crash frequency 

estimation.  The observed reduction in the MSE and variance of the SE offer immediate 

improvement in crash prediction, especially across segments with high AADTs, which are often 

considered high priority segments. 

There is the opportunity for future work branching from the conclusions developed here, 

for both spatial and temporal transferability.  Analysis across additional facility types, such as 

urban road segments (currently limited by roadway attribute availability), would allow for the 

possible expansion of the ideas presented in this research.  Expansion of the temporal 

investigation into additional years, would allow for testing beyond the current six-year time 

frame, potentially leading to crash estimation models that can be confidently applied over a 



 

113 

 

wider time period.  Finally, with a larger and more diverse pool of segment attributes, it would 

be possible to consider additional alternative functional forms that utilize roadway characteristics 

directly in the model.  These models would be able to examine the spatial transferability of 

multiple roadway attribute relationships and allow for locally specific relationships rather than 

relying on externally developed CMFs.  The modeled interaction of AADT with these additional 

roadway characteristics may also allow for a better understanding of the relationship between 

AADT and crash frequency, as well as more accurate crash predictions. 
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APPENDIX 

COUNTY CALIBRATION GROUPS 

Appendix A provides the complete list of county groups used in the alternative calibration 

analysis.  The groups include FDOT districts, county population density, and county average 

annual rainfall. 

 

Table A-1.  List of county calibration groups 

County 
County 

Number 

Population 

Density 

FDOT 

District 

Population 

Density Group 

Average Annual 

Rainfall Group 

Alachua 26 283 2 3 3 

Baker 27 46 2 4 2 

Bay 46 223 3 3 1 

Bradford 28 97 2 4 3 

Brevard 70 535 5 2 3 

Broward 86 1445 4 1 2 

Calhoun 47 26 3 4 1 

Charlotte 1 235 1 3 4 

Citrus 2 243 7 3 3 

Clay 71 316 2 3 3 

Collier 3 161 1 3 3 

Columbia 29 85 2 4 2 

De Soto 4 55 1 4 4 

Dixie 30 23 2 4 2 

Duval 72 1134 2 1 3 

Escambia 48 453 3 2 1 

Flagler 73 197 5 3 3 

Franklin 49 22 3 4 1 

Gadsden 50 90 3 4 2 

Gilchrist 31 48 2 4 2 

Glades 5 16 1 4 4 

Gulf 51 28 3 4 1 

Hamilton 32 29 2 4 3 

Hardee 6 43 1 4 4 

Hendry 7 34 1 4 4 

Hernando 8 366 7 3 3 

Highlands 9 97 1 4 4 

Hillsborough 10 1205 7 1 3 

Holmes 52 42 3 4 1 

Indian River 88 274 4 3 3 

Jackson 53 54 3 4 2 

Jefferson 54 25 3 4 2 

Lafayette 33 16 2 4 2 

Lake 11 317 5 3 4 

Lee 12 789 1 2 3 

Leon 55 413 3 2 1 

Levy 34 36 2 4 2 
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Table A-1 Continued.  List of county calibration groups 

County 
County 

Number 

Population 

Density 

FDOT 

District 

Population 

Density Group 

Average Annual 

Rainfall Group 

Liberty 56 10 3 4 1 

Madison 35 28 2 4 3 

Manatee 13 435 1 2 3 

Marion 36 209 5 3 3 

Martin 89 269 4 3 3 

Miami-Dade 87 1315 6 1 2 

Monroe 90 74 6 4 4 

Nassau 74 113 2 4 3 

Okaloosa 57 194 3 3 1 

Okeechobee 91 52 1 4 4 

Orange 75 1268 5 1 4 

Osceola 92 202 5 3 4 

Palm Beach 93 670 4 2 2 

Pasco 14 622 7 2 3 

Pinellas 15 3347 7 1 4 

Polk 16 335 1 3 4 

Putnam 76 102 2 4 3 

Santa Rosa 58 150 3 3 1 

Sarasota 17 683 1 2 2 

Seminole 77 1367 5 1 4 

St. Johns 78 316 2 3 3 

St. Lucie 94 486 4 2 3 

Sumter 18 171 5 3 3 

Suwannee 37 60 2 4 2 

Taylor 38 22 2 4 2 

Union 39 64 2 4 3 

Volusia 79 449 5 2 3 

Wakulla 59 51 3 4 1 

Walton 60 53 3 4 1 

Washington 61 43 3 4 1 
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