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Abstract 
This study presents a calibration of crash prediction models from the Highway 
Safety Manual (HSM) using localized data for rural intersections in the state 
of Delaware. The research evaluates six intersection site types under two crash 
assignment scenarios: (1) a 250-foot circular buffer around all intersections, 
and (2) a 528-foot buffer applied only to rural multilane divided highways, 
aligning with DelDOT’s methodology. Geographic Information System tools, 
satellite imagery, and Google Street View were used for data collection, classi-
fication, and validation. Calibration factors (CFs) were computed for each site 
type and assessed using modified R-squared, coefficient of variation, and cu-
mulative residual (CURE) plots. Findings indicate that while the 528-foot sce-
nario produced calibration factors 37% higher on average, it did not lead to 
improved model fit and may overestimate intersection-related crashes. There-
fore, the 250-foot scenario is recommended for future applications. Among 
the site types analyzed, only RM4STM (rural, multilane, four-legged, stop-
controlled) demonstrated an acceptable goodness-of-fit and is suitable for im-
plementation. Delaware-specific crash distributions were also developed to re-
place default HSM values, including crash severity levels, collision types, and 
nighttime crash proportions. This study highlights the importance of periodic, 
data-driven calibration and offers a reproducible methodology for transporta-
tion agencies seeking to enhance the accuracy of safety performance models 
and prioritize roadway safety interventions more effectively. 
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1. Introduction 

In recent decades, rapid advancements in transportation systems have signifi-
cantly transformed mobility, economic development, and societal interaction. 
Roadway transportation, in particular, has played a central role in facilitating con-
nectivity across regions and supporting economic growth. However, the increas-
ing complexity of road networks and the surge in motor vehicle use have also 
heightened the risks associated with road traffic, leading to persistent safety chal-
lenges. Despite continued efforts in enforcement, education, and engineering, 
traffic-related injuries and fatalities remain a major public health concern globally 
and in the United States. This situation necessitates a shift from traditional reac-
tive approaches to more proactive, evidence-based strategies in highway safety 
management. Against this backdrop, the integration of predictive modeling has 
emerged as a key approach to understanding and mitigating crash risks on road-
ways. 

1.1. Road Traffic Safety Trends 

The US highway system has been the foundation of mobility and economic devel-
opment in the United States and around the world. It is a lifeline for many people 
because it gives transportation options, creates jobs, and promotes economic pro-
gress [1]. Improved transportation infrastructure not only enhances safety but 
also drives regional economic growth by facilitating trade and mobility [2]. How-
ever, roadway fatalities and injuries have always been a leading safety issue in the 
US [3]. According to the National Highway Traffic Safety Administration [4], the 
national roadway fatality rate reached its historic peak in 1972 with 56,278 deaths 
and had declined consistently for 30 years until it stalled in the early 2010s., as 
shown in Figure 1. 

 

 
Figure 1. Motor vehicle deaths and rate per 100,000 population [4]. 

 
Traffic fatalities in the US have been on the rise since 2013, with a significant 

increase observed after 2015. In 2021, one of the deadliest years in recent history, 
42,939 people lost their lives on roadways, including 7,388 pedestrians and 966 
bicyclists in motor vehicle crashes [4]. This alarming trend has been linked to fac-
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tors such as distracted driving, speeding, and impaired driving, as well as the dis-
proportionately high fatality rates on rural roads, where higher speeds and weaker 
enforcement contribute to increased risks [5] [6]. 

Addressing these challenges requires a comprehensive strategy that integrates 
improved road safety measures, stronger enforcement, and public awareness cam-
paigns. Traditionally, highway safety decisions have relied on engineering judg-
ment and compliance with standards, but these approaches lack the ability to 
quantify safety benefits or conduct cost-benefit analyses for different interven-
tions. A data-driven approach is crucial to developing more effective policies and 
mitigating the ongoing rise in traffic fatalities. 

1.2. Predictive Modeling in Highway Safety Management 

In the evolving landscape of transportation safety, predictive modeling has 
emerged as a vital component of modern highway safety management. The con-
ventional approaches often lack the flexibility to incorporate real-time data or ac-
count for emerging trends, such as changes in driver behavior, traffic flow, or the 
integration of new vehicle technologies. In contrast, predictive modeling leverages 
statistical techniques and machine learning algorithms to analyze complex da-
tasets, uncover patterns, and forecast crash risks under varying roadway and traf-
fic conditions [7]. 

One of the central tools in this paradigm shift is the Safety Performance Func-
tion (SPF), which models the relationship between roadway features (e.g., geom-
etry, control type), traffic volumes, and crash frequency. SPFs allow practitioners 
to estimate expected crash counts and assess the effectiveness of countermeasures, 
enabling a proactive and analytical approach to risk reduction [8]. These data-
driven methods have proven particularly valuable in conducting cost-benefit anal-
yses, justifying the allocation of resources, and informing the prioritization of 
safety improvements. As such, predictive modeling serves not only as a technical 
tool but also as a foundational element of evidence-based policymaking (EBPM) 
in the transportation sector [9] [10]. 

Moreover, the integration of predictive models enhances the transparency and 
accountability of safety-related decisions. When safety interventions are sup-
ported by quantifiable data, transportation agencies can build stronger cases for 
funding and regulatory support, even in the face of political or public resistance 
[7] [10]. This empirically grounded approach ensures that safety policies are not 
only effective but also equitable and economically defensible, thereby maximizing 
their long-term impact on reducing roadway fatalities and serious injuries. 

1.3. The Highway Safety Manual and the Need for Local Calibration 

The Highway Safety Manual (HSM) serves as a cornerstone for traffic safety plan-
ning in the United States, offering a structured framework for predicting crash 
frequencies and assessing roadway safety performance. Developed by the Ameri-
can Association of State Highway and Transportation Officials (AASHTO), the 
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HSM introduces standardized methodologies that integrate engineering princi-
ples with statistical modeling to enable evidence-based decision-making. One of 
its most critical components is the use of SPFs, mathematical models designed to 
estimate the expected number of crashes at roadway sites based on variables such 
as traffic volume, geometric design, and control types [11] [12]. 

While SPFs provide a robust starting point for crash prediction, their default 
forms are based on national-level datasets, which may not accurately represent the 
localized conditions of specific jurisdictions. As such, the HSM encourages prac-
titioners to apply a calibration process to align SPFs with local crash and roadway 
data. This process is essential because regional variations in driving behavior, 
roadway design standards, and environmental conditions can lead to significant 
differences in crash occurrence and severity. Without proper calibration, safety 
predictions may be misleading, potentially resulting in inefficient resource alloca-
tion and suboptimal safety interventions [11]. 

Numerous factors influence the accuracy and relevance of SPFs in local appli-
cations. These include roadway geometry (e.g., number of lanes, curvature, shoul-
der width), traffic control mechanisms, the presence of lighting, and even envi-
ronmental and temporal variables such as weather conditions and time of day [13] 
[14]. Moreover, socio-demographic aspects such as vehicle fleet composition and 
population density further complicate crash prediction modeling. Therefore, lo-
calized calibration not only improves model precision but also ensures that the 
safety countermeasures derived from such models are contextually appropriate 
and economically justified. 

1.4. Rural Intersection Safety in Delaware 

Rural intersections in Delaware exhibit distinctive characteristics that pose nota-
ble challenges despite experiencing relatively lower traffic volumes than urban 
roadways. The geometric layout of rural intersections plays a particularly critical 
role in crash risk. Many rural intersections operate under stop- or yield-control 
rather than full signalization, which may be insufficient to manage high-speed 
traffic, especially in the presence of limited sight distances or complex layouts [15] 
[16]. These conditions are further exacerbated by fluctuating traffic patterns and 
limited data availability, which complicate safety assessments and hinder the de-
velopment of tailored countermeasures [17]. 

To address these challenges, Delaware has aligned its roadway safety strategies 
with the Strategic Highway Safety Plan (SHSP) framework established by 
AASHTO. While the first national SHSP was published in 1997 to encourage 
states to adopt data-driven safety policies, the requirement for state-level SHSPs 
became mandatory with the 2005 Safe, Accountable, Flexible, Efficient Transpor-
tation Equity Act [18]. Delaware responded by releasing its first SHSP in 2006, 
structured around AASHTO’s model implementation process [19]. The latest 
SHSP, covering the years 2021-2025, adopts the national Toward Zero Deaths 
strategy and sets a target of reducing roadway fatalities and serious injuries by 
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15% within the analysis period [20]. As shown in Figure 2, Delaware’s trend in 
annual motor vehicle fatalities and serious injuries generally mirrors national pat-
terns, with a troubling plateau and slight increase since the early 2010s. 

 

 
Figure 2. Annual crash trends in Delaware [20]. 

 
A particularly concerning trend involves pedestrian safety. Between 2015 and 

2019, pedestrians accounted for 25% of all traffic fatalities and 9% of serious inju-
ries in Delaware, reflecting a notable rise from previous years. As depicted in Fig-
ure 3, pedestrian fatalities increased by 15% compared to the 2007-2014 period, 
despite a concurrent 48% decline in serious pedestrian injuries. Alarmingly, 67% 
of these incidents occurred in low-light conditions, underscoring the need for im-
proved visibility and traffic control at high-risk rural intersections. These findings 
support the SHSP’s emphasis on targeted improvements at rural sites, where con-
textual risks—such as geometry, visibility, and lighting—require locally adapted 
solutions [21] [22]. 

 

 
Figure 3. Annual pedestrian fatalities and serious injuries due to motor vehicle accidents 
[20]. 

 
These challenges align with the safety improvement priorities outlined in Del-

aware’s Strategic Highway Safety Plan (SHSP), which emphasizes the need to ad-
dress systemic risk factors at rural intersections through data-driven planning and 
resource allocation. The SHSP encourages improvements in intersection design, 
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the deployment of appropriate traffic control devices, and enhanced data collec-
tion efforts aimed at identifying safety deficiencies more effectively [21] [22]. By 
integrating these strategies, Delaware can advance toward its goal of reducing fa-
talities and serious injuries, particularly in rural areas that have historically been 
underrepresented in roadway safety interventions. 

This study aims to calibrate the HSM crash prediction models for rural inter-
sections in Delaware to improve their applicability to local conditions. The HSM, 
published by AASHTO, provides a standardized, data-driven framework for as-
sessing roadway safety. However, national-level models such as SPFs may not re-
flect regional crash patterns without proper calibration. By adjusting these models 
using local crash and traffic data, this research enhances their accuracy and rele-
vance for Delaware’s rural network. 

The calibrated models developed through this study support data-driven deci-
sion-making by enabling transportation agencies to better prioritize safety inter-
ventions, allocate resources effectively, and evaluate countermeasure impacts. The 
findings also contribute to Delaware’s Strategic Highway Safety Plan (SHSP) by 
providing a localized tool for identifying high-risk intersections and guiding evi-
dence-based safety improvements. 

2. Research Methodology 

This study follows the calibration procedure outlined in Part C of the HSM to 
develop locally adjusted crash prediction models for rural intersections in Dela-
ware. The calibration process ensures that the SPFs, originally derived from na-
tional data, reflect the specific roadway, traffic, and crash conditions present in 
the study area. The methodology involves the following key steps. 

2.1. Study Area Definition and Site Selection 

The calibration focused on rural intersections within the state of Delaware. Site 
selection was conducted based on the criteria defined by the HSM, targeting three 
intersection types: 
• Three-legged stop-controlled intersections on two-lane rural roads 
• Four-legged stop-controlled intersections on two-lane rural roads 
• Signalized intersections with four approaches 

It is vital to clarify the HSM distinction between roadway segments and inter-
sections. A roadway segment, according to the manual, is a stretch of continuous 
traveled way that enables two-way traffic operation; and has uniform geometric 
design and traffic control features. A segment starts and ends at the center of ad-
jacent intersections or at a change in homogeneous highway characteristics. 
Meanwhile, an intersection is defined as the junction of two or more road seg-
ments. 

The crash prediction models for intersections estimate the average crash fre-
quency at the intersection and intersection-related crashes that occur on the in-
tersection approaches. As shown on the first column of Table 1, the HSM uses 

https://doi.org/10.4236/jtts.2025.152013


R. Gomes et al. 
 

 

DOI: 10.4236/jtts.2025.152013 258 Journal of Transportation Technologies 
 

repetitive acronyms for site types. As an example, 3ST may refer to three-leg un-
signalized intersections on rural two-lane two-way roads or rural multilane high-
ways. 

 
Table 1. SPFs for intersections. 

HCM 
Acronym 

Adopted 
Acronym 

Definition 

(a) Chapter 10 - Rural Two-Lane, Two-Way Roads 

3ST R23STM 
Un-signalized three-leg (stop control on minor-road  

approaches) 

4ST R24STM 
Un-signalized four-leg (stop control on minor-road  

approaches) 
4SG R24SG Signalized four-leg 

(b) Chapter 11 - Rural Multilane Highways 

3ST RM3STM 
Un-signalized three-leg (stop control on minor-road  

approaches) 

4ST RM4STM 
Un-signalized four-leg (stop control on minor-road  

approaches) 
4SG RM4SG Signalized four-leg 

 
New intuitive acronyms have been adopted by other jurisdictions to avoid mis-

understanding the HSM’s acronyms. Initially, this research adopted the standard 
acronyms created and used by other jurisdictions. However, since all-way stop-
controlled intersections may be added to future HSM editions, this research inno-
vates by adding the letter M at the end of stop-controlled intersections’ acronyms 
to refer to “stop control on minor roads only”. All-way stop-controlled intersec-
tions are identified by the letter A at the end. The acronym structure from the 
beginning to the end is explained below. 

To describe the HSM chapter: 
• R2: rural two-lane, two-way roads (HSM Chapter 10). 
• RM: rural multilane highways (HSM Chapter 11). 

Number of legs: 
• 3: three leg intersection. 
• 4: four leg intersection. 

Traffic control device: 
• STM: minor-road-only stop controlled intersection. 
• STA: all-way stop controlled intersection (not available in the HSM). 
• SG: signalized intersection. 

For example, RM4SG refers to intersections on rural multilane highways that 
have four legs and are controlled by a traffic signal. 

2.2. Data and Data Preprocessing 

Crash data were obtained from the Delaware Department of Transportation 
(DelDOT) for a five-year period (2015-2019). Corresponding traffic volume data, 
intersection geometry, and control types were collected using DelDOT’s roadway 
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inventory system and GIS tools. The data were reviewed for consistency, com-
pleteness, and correct spatial referencing. Only sites with complete crash and traf-
fic data were included in the analysis. 

Table 2 shows required and optional data to develop calibration factors and 
which one was collected in this research. The software ArcGIS Pro was used to 
store data. 

 
Table 2. Data requirements for calibration (x: required, o: optional). 

Data Element 
Related Chapters 

Collected 
Unit or 
Range 10 11 12 

Crash x x x Yes - 

Number of intersection legs x x x Yes 3 or 4 

Traffic control type x x x Yes 
Traffic light 
or stop sign 

AADT on major road x x x Yes Vehicles/day 

AADT on minor road x x x Yes Vehicles/day 

Intersection skew angle o o o No Degrees 
Approaches with left-turn 

lanes 
x x x Yes 0, 1, 2, 3, 4 

Approaches with right-turn 
lanes 

x x x Yes 0, 1, 2, 3, 4 

Presence of lighting x x x Yes 
Presence or 

absence 

 
As recommended by the HSM, crash frequency is likely to change over time, so 

calibration periods longer than three years are not recommended. All calibration 
periods should have durations that are multiples of 12 months to avoid seasonal 
effects. This research considers the years 2017, 2018 and 2019 to develop calibra-
tion factors. Since traffic demand in 2020 and 2021 was drastically affected by the 
COVID pandemic, and crash data were incomplete for 2022, the author decided 
to analyze data from 2017 to 2019. 

2.3. Application of HSM Based SPF Models 

The base crash prediction models provided by the HSM were applied to each se-
lected intersection type using standard inputs such as traffic volume (AADT), in-
tersection control type, and geometric characteristics. These models estimate the 
expected number of crashes under baseline conditions and serve as the reference 
for calculating calibration factors. For this study, the default SPF values from the 
HSM spreadsheets were used without additional adjustment for crash modifica-
tion factors (Equation (1)). 

predictedN AADT eβ α=                       (1) 

where Npredicted is the predicted crash frequency, and superscripts are coefficients 
provided by the HSM for each intersection type. 
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2.4. Calibration Factor Calculation 

Calibration factors (CFs) were calculated by comparing observed crashes to pre-
dicted crashes across all sites using the Equation (2): 

 observed
j

predicted

N
C

N
∑

=
∑

                        (2) 

Separate calibration factors were computed for each intersection type. A CF 
greater than 1 indicates that the HSM underpredicts crashes for the local condi-
tions, while a CF less than 1 suggests overprediction. 

2.5. Crash and Traffic Volume Data Processing 

To calculate SPFs, crash and traffic volume data were collected and processed us-
ing GIS-based spatial analysis. Since Delaware’s crash database does not explicitly 
identify intersection-related crashes, a spatial buffer approach was adopted. Two 
scenarios were tested: a 250 ft circular buffer applied to all intersections, and a 528 
ft buffer applied only to rural multilane divided intersections. Crashes within 
these buffers from the 2017-2019 period were considered intersection-related, 
consistent with HSM practices and DelDOT methodology. Although police-re-
ported crash data may offer more precise location-based classification, the dataset 
provided by the state did not consistently include an intersection-related flag. 
Therefore, in alignment with HSM calibration guidance and practices used in sim-
ilar studies, a spatial buffer method was adopted to assign crashes to intersections. 

Annual Average Daily Traffic (AADT) data for the same years were obtained 
from the “Delaware Traffic Counts 2.0” GIS layer. For most site types, only inter-
sections with available AADT for at least one major and one minor approach were 
included. Where data were missing on minor approaches, a default value of 500 
vehicles/day was used, following DelDOT standards. 

Additionally, Crash Modification Factors (CMFs) were calculated using field-
verified data. The number of approaches with right and left turn lanes was identi-
fied through manual review of satellite imagery and Google Street View. Similarly, 
the presence of street lighting was assessed using street-level imagery to support 
geometric and operational assessments relevant to crash risk. 

2.6. Evaluation of Calibration Quality 

The accuracy and reliability of the calibrated models were evaluated using multi-
ple statistical techniques: 
• CURE Plots (Cumulative Residuals): To examine the fit between observed and 

predicted crash frequencies. 
• Modified R2 Values: To assess model explanatory power post-calibration. 
• Coefficient of Variation (CV): To evaluate the variability in crash data across 

sites. 
CURE plots are simply graphical representation of the cumulative residuals 

(observed minus predicted crashes) compared to the variable of interest. In this 
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study, CURE plots are compared to AADT, as recommended by The Calibrator’s 
guide [23]. As an example, Figure 4 shows the CURE plot developed for RM3STM 
in this research. The solid line indicates the cumulative residual, while the upper 
and lower dotted lines indicate the 95th percentile confidence limits. According 
to Lyon et al. [23], the area exceeding the 95th percentile confidence limits indi-
cate the amount of bias in the model. 

 

 
Figure 4. An example of CURE plots. 

 
The goodness-of-fit measure “modified R-squared” (also known as modified R2 

or adjusted R2) addresses a limitation of the popular R-squared (or R2) for multiple 
regression analysis. While R-squared tends to increase as more variables are added 
to the model (even if they do not improve the model significantly), modified R-
squared penalizes the addition of unnecessary variables [24]. Both measures, com-
monly called coefficient of determination, answer the question, “To what extent 
does the model explain the variation in crash frequency?”. 

( )
( )

2 2
2 2

2 2
   i ii i

i ii i

y y U
Modified R m R

y y Y

− −
= ∗ =

− −

∑ ∑
∑ ∑

              (3) 

where,  
yi = observed counts. 
Yi = predicted values from SPFs. 
y = sample average. 
Ui = yi − Yi. 
In this calculation, modified R-square = 0.5 indicates that half of the variation 

is explained by the model, where 0 indicates that the variation is not explained by 
the model and 1 infers the model explains all the variation. Modified R-squared 
values closer to one indicate a better fit model and, therefore, the independent 
variable (AADT) is likely to predict the dependent variable (crash frequency). 
These methods provided both visual and quantitative insight into the calibration 
model’s performance. 

On the other hand, CV indicates how closely grouped a particular data set is. In 
other words, it measures variation against the mean. However, since it is based on 
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the sample mean and standard deviation, outliers can adversely affect it. The Cal-
ibrator’s guide suggests that a reasonable threshold for the CV is between 0.10 and 
0.15. Users of the calibration tool can apply this threshold to assess whether the 
SPF, and the estimated calibration factor based on the calibration dataset, are rec-
ommended [23]. 

3. Data Collection Methods 

Data collection represented the most time-intensive aspect of this research, in-
volving integration of spatial data, field verification, and agency records to sup-
port the calibration of HSM predictive models for rural intersections in Delaware. 
The data were collected for six intersection site types, consistent with HSM Chap-
ter 10 (Rural Two-Lane, Two-Way Roads) and Chapter 11 (Rural Multilane High-
ways). All data were stored and processed using ArcGIS Pro, in combination with 
Google Street View and satellite imagery for manual validation. 

Table 3 shows the data collected in this research and its sources. The column 
“Purpose” shows the reason why each data element was collected. As listed in 
the first column, the “Intersection classification” and “Intersection approaches 
classification” data were collected to classify intersections into the six HSM site 
types. 

 
Table 3. Collected data types and collection sources. 

Data Purpose Data Element Collection Source 

Intersection 
classification 

Traffic Control Type 
DelDOT 

Google Street View 

Number of intersection legs 

First Map (Delaware Road Inventory 2.0) 
First Map (Delaware Traffic Counts 2.0) 

Satellite Imagery 
Google Street View 

Intersection approach 
classifications 

Urban vs. Rural FirstMap (Urban Areas 2020) 

Number of lanes and functional roadway 
classification 

First Map (Delaware Road Inventory 2.0) 
First Map (Delaware Traffic Counts 2.0) 

Satellite Imagery 
Google Street View 

Calculations of SPFs 
Crash FirstMap (Public Crash Data) 

AADT on major road First Map (Delaware Traffic Counts 2.0) 
AADT on minor road First Map (Delaware Traffic Counts 2.0) 

Calculations of CMFs 

Intersection skew angle Not collected 
Number of approaches with left-turn lanes Satellite Imagery 

 Google Street View 
Number of approaches with right-turn lanes Satellite 

 Google Street View 
Presence of street lighting Google Street View 

3.1. Intersection and Approach Classification 

The intersection classification data were used to identify whether intersections 
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were signalized or controlled only by stop signs on minor roads, and whether 
they had three or four legs. Additionally, information about the major and mi-
nor roads at each intersection was used to determine whether the sites fell under 
Chapter 10 (rural two-lane, two-way roads) or Chapter 11 (rural multilane high-
ways) of HSM. Most of the spatial data used in this study were obtained from 
FirstMap, Delaware’s public GIS platform maintained by DelDOT. Spatial anal-
ysis and data storage were conducted using ArcGIS Pro. To verify the accuracy 
of intersection classifications and roadway characteristics, satellite imagery and 
Google Street View were frequently used throughout the data collection process. 
The following sections describe the remaining steps in the data collection pro-
cess in more detail. 

3.2. Dataset Preparation and Sampling  

The intersection data were initially provided by DelDOT in XML format, with 
separate spreadsheets for signalized and unsignalized intersections. These files in-
cluded geographic coordinates, road names, and links to Google Street View. The 
spreadsheets were imported into ArcGIS Pro using standard tools, and geolocated 
to create spatial layers for further analysis. 

DelDOT’s unsignalized dataset contained multiple intersection types (e.g., 
roundabouts, all-way stops, yield-controlled), but only minor-road-only stop-
controlled intersections were relevant for this study. OpenStreetMap was evalu-
ated as a potential source for identifying traffic control types, but was found to be 
unreliable. As a result, all relevant intersections were manually identified and ver-
ified using Google Street View and satellite imagery. 

3.3. Urban-Rural Classification 

The classification of intersections as urban, suburban, or rural was based on the 
definitions provided by the Federal Highway Administration (FHWA) and im-
plemented using the “Urban Areas 2020” GIS layer from FirstMap. Urban areas 
were defined as those with populations over 5,000 or more than 2,000 housing 
units. Using ArcGIS Pro’s spatial tools, intersections located within urban poly-
gons were labeled as urban or suburban, while the remainder were classified as 
rural. This classification was necessary to ensure consistency with the HSM’s site 
type framework and SPF applicability. 

3.4. Number of Legs, Lanes, and Functional Classification 

The number of intersection legs, lanes, and roadway functional classifications 
were obtained from the “Delaware Road Inventory 2.0” and “Traffic Counts Last 
10 Years” GIS layers. These datasets provided geometric attributes and AADT val-
ues for 2017–2019. However, due to missing data and the way divided and undi-
vided roads are represented differently in GIS, manual verification using satellite 
imagery and Google Street View was necessary to ensure accuracy, especially in 
distinguishing multilane and two-lane roads. 
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3.5. Site Type Classification 

After random sampling, each intersection was reviewed and classified into one of 
six HSM site types based on geometry and control type. The classification was 
recorded in the GIS attribute table using standardized acronyms (e.g., RM3STM). 
Intersections that did not match any site type were labeled “Null” and excluded 
from the analysis. 

3.6. Sample Size 

To meet HSM requirements, at least 30 intersections were sampled per site type. 
For site types with fewer than 100 crashes annually, more intersections were 
added. Where fewer than 30 intersections existed statewide (e.g., RM4SG), all 
available sites were included. Final outputs included six GIS layers, each repre-
senting one calibrated intersection category. 

4. Analysis and Results 
As detailed in the previous section, extensive data were collected and processed 
for six intersection site types. The final output of this data preparation phase in-
cluded the following GIS products for each site type: 
• A GIS layer containing Crash Modification Factor (CMF) attributes. 
• A GIS layer containing crash data within 250 feet of the intersection center 

(Scenario 1). 
• For rural multilane highways, an additional layer containing crashes within 

1/10 mile (528 ft) of the intersection center (Scenario 2). 
• A GIS layer including AADT values for major and minor approaches. 

All GIS attribute tables were exported to Microsoft Excel for further analysis. 
While CMF-related attributes required no additional filtering, crash and traffic 
volume data were aggregated and summarized using the PivotTable tool to sup-
port calibration factor calculations. 

4.1. Calibration Factor Results 

Calibration factors (CFs) were computed by comparing the observed number of 
crashes to the HSM-predicted values for each site type. In the first scenario, inter-
section-related crashes were defined as those occurring within a 250-foot radius 
from the intersection center. Table 4 presents the calibration results under this as-
sumption. 

 
Table 4. Calibration factors based on the 250-ft intersection influence area. 

Site Type Sample Size Nobserved Npredicted 
Calibration 

Factor 
Severity 

R23STM 312 332 416.32 0.79 KABCO 
R24STM 90 311 366.87 0.85 KABCO 
R24SG 21 383 318.28 1.20 KABCO 

RM3STM 40 250 170.69 1.46 KABCO 
RM4STM 35 314 225.97 1.39 KABCO 
RM4SG 14 509 773.87 0.66 KABCO 
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In the second scenario, which applies only to intersections located on rural mul-
tilane highways, crashes occurring within 528 feet (approximately 1/10 mile) of 
the center were considered intersection-related, following DelDOT’s standard for 
high-speed roads. Table 5 shows the calibration factors calculated using this ex-
panded buffer. 

 
Table 5. Calibration factors based on the 528-ft intersection influence area for multilane 
highways. 

Site Type 
Sample 

Size 
Nobserved Npredicted 

Calibration 
Factor 

Severity 

RM3STM 40 352 170.69 2.06 KABCO 
RM4STM 35 446 225.97 1.97 KABCO 
RM4SG 14 660 773.87 0.85 KABCO 

 
The calibration factors ranged from 0.66 to 2.06 across all site types. The highest 

values were observed for four-legged, signalized intersections (e.g., RM3STM and 
RM4STM), suggesting that the HSM may substantially underpredict crash fre-
quencies at these complex intersections in Delaware. Notably, the second sce-
nario—using the larger buffer for rural multilane sites—produced calibration fac-
tors that were, on average, 37% higher than those from the first scenario. This 
indicates the sensitivity of CF values to the spatial criteria used for defining inter-
section-related crashes. Figure 5 and Figure 6 display the geographical distribu-
tion of analyzed intersections across the state, categorized by site type. 

 

 
Figure 5. Locations of R23STM, R24STM, and R24SG intersections. 
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Figure 6. Locations of RM3STM, RM4STM, and RM4SG intersections. 

4.2. Validation of the Results 

To assess the reliability and applicability of the calibrated SPFs, statistical good-
ness-of-fit measures were calculated using the FHWA Calibrator Tool, as de-
scribed in Section 2.6, Cumulative Residuals, Modified R-squared, Coefficient of 
Variations were used for both calibration scenarios. Table 6 and Table 7 present 
the Modified R2 and CV values for the first and second crash assignment scenar-
ios, respectively. 

 
Table 6. Goodness-of-fit measures for the first scenario (250-ft buffer). 

Site Type Calibration Factor 
Modified  
R-squared 

Coefficient of 
Variation 

R23STM 0.79 0.00 0.20 
R24STM 0.85 0.00 0.27 
R24SG 1.20 0.03 0.16 

RM3STM 1.46 0.20 0.12 
RM4STM 1.39 0.00 0.13 
RM4SG 0.66 0.02 0.13 

 
In the second scenario, which applies only to intersections located on rural mul-

tilane highways, crashes occurring within 528 feet of the center were considered 
intersection-related, following DelDOT’s standard for high-speed roads. Table 5 
shows the calibration factors calculated using this expanded buffer. 
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Table 7. Goodness-of-fit measures for the second scenario (528-ft buffer for rural multilane 
highways). 

Site Type Calibration Factor 
Modified  
R-squared 

Coefficient of 
Variation 

RM3STM 2.06 0.12 0.13 

RM4STM 1.97 0.00 0.13 

RM4SG 0.85 0.02 0.13 

 
For intersections located on rural two-lane, two-way roads (R23STM, R24STM, 

R24SG), the Modified R2 values were near zero, and the coefficients of variation 
ranged between 0.16 and 0.27, indicating poor model fit under both calibration 
scenarios. These results suggest that SPFs for these intersection types may require 
further refinement or segmentation to improve predictive accuracy. 

Conversely, rural multilane intersections (RM3STM, RM4STM, RM4SG) 
demonstrated better performance in terms of coefficient of variation, with values 
consistently around 0.13 across both scenarios. However, Modified R2 values re-
mained low (< 0.20), indicating that while prediction variability is low, the pro-
portion of explained variance in observed crashes remains limited. This is con-
sistent with prior findings in the literature, where SPF models often show weak 
correlation for specific site types but still offer useful calibration for safety plan-
ning. 

No substantial differences were observed between the two scenarios in terms of 
goodness-of-fit metrics. As discussed further in Section 5.1, the first scenario—
which assigns intersection-related crashes within a 250-ft buffer—offers a simpler 
and more widely accepted approach and is therefore recommended for imple-
mentation. To illustrate the model fit visually, CURE plots for selected site types 
under the first scenario are presented in Figures 7. 

The CURE plots for R23STM and R24STM exhibit clear signs of model bias. In 
both cases, the cumulative residuals deviate substantially from the 95% confidence 
bands, indicating that the calibration factors applied to these site types fail to ad-
equately capture the underlying crash trends. This suggests a misalignment be-
tween observed crash patterns and the predictive assumptions embedded in the 
original SPFs, which may be due to unaccounted contextual variables such as 
driver behavior, roadway geometry, or enforcement conditions specific to Dela-
ware’s rural two-lane intersections. In contrast, the CURE plots for the remaining 
four site types display residuals that fluctuate within acceptable confidence limits, 
suggesting no significant systematic bias. These results reinforce the conclusion 
that, while the HSM SPFs may require further refinement for simpler rural two-
lane intersections, their application—once calibrated—is more reliable for more 
complex intersections such as those on rural multilane highways or signalized 
junctions. 

https://doi.org/10.4236/jtts.2025.152013


R. Gomes et al. 
 

 

DOI: 10.4236/jtts.2025.152013 268 Journal of Transportation Technologies 
 

 
Site R23STM 

 
Site R24SG 

Figure 7. CURE plots for selected site types under the first scenario (250-ft buffer). 

4.3. Replacement of Crash Default Distribution to Local Conditions 

The HSM provides default crash distribution values for severity levels, collision 
types, and crash conditions (e.g., lighting, pedestrians, driveway crashes), which 
vary across facility types. However, these defaults are based on datasets from other 
U.S. states and may not accurately reflect local crash patterns in Delaware. There-
fore, this study developed Delaware-specific crash distributions using observed 
data from calibrated intersections, focusing on Scenario 1, which assigns crashes 
within 250 ft of the intersection center as intersection-related. 

Following Figure 8 and Figure 9 visualize the distribution of crash severity for 
intersections located on rural two-lane roads and rural multilane highways re-
spectively. In both facility types, the proportion of Property Damage Only crashes 
was highest, especially for three-legged intersections. Fatal crashes constituted a 
very small portion (below 2%), while personal injury crashes represented approx-
imately one-fourth to one-third of all crashes, depending on the site type. 

 

 
Figure 8. Crash severity distribution for rural two-lane roads. 
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Figure 9. Crash severity distribution for rural multilane roads. 

 
Tables 8 presents the detailed distribution of collision types for each site cate-

gory. Across all site types, multiple-vehicle crashes were more frequent than sin-
gle-vehicle crashes. Notably: 
• Rear-end collisions were dominant in signalized and four-legged intersections 

(e.g., RM4SG), often accounting for over 40% of total crashes. 
• Angle collisions were prominent in unsignalized sites, especially in R24STM 

and RM4STM. 
• Head-on and sideswipe collisions were less frequent but varied slightly by ge-

ometry and control type. 
Single-vehicle crashes were more frequent in three-legged intersections and in-

volved common crash types such as collisions with animals or running off the 
road. 

 
Table 8. Distribution of collision types by facility and crash severity. 

Rural Two-Lane Two-Way Roads (HSM Chapter 10) 
 R23STM R24STM R24SG 

Collısion Type FI PDO Total FI PDO Total FI PDO Total 
Single-Vehicle Crashes 

Collision with animal 1.3% 22.5% 17.1% 1.1% 13.1% 9.3% 0.0% 4.8% 3.7% 
Collision with bicycle 1.3% 0.0% 0.3% 0.0% 0.5% 0.3% 1.4% 0.8% 0.9% 

Collision with pedestrian 2.6% 0.0% 0.7% 0.0% 0.0% 0.0% 7.0% 0.4% 1.9% 
Overturned Data not available 
Ran off road Data not available 

Other single-vehicle crashes 5.3% 22.5% 18.1% 1.1% 13.6% 9.6% 5.3% 22.5% 18.1% 
Total single-vehicle crashes 46.1% 59.9% 56.4% 6.5% 27.3% 20.6% 7.0% 14.7% 13.0% 

Nultiple-Vehicle Crashes 
Angle collision 19.7% 12.6% 14.4% 65.6% 43.4% 50.5% 42.3% 22.3% 26.7% 

Head-on collision 6.6% 1.8% 3.0% 7.5% 2.5% 4.1% 14.1% 4.0% 6.2% 
Rear-end collision 23.7% 18.5% 19.8% 10.8% 17.2% 15.1% 28.2% 45.0% 41.3% 
Sideswipe collision 23.7% 18.5% 19.8% 10.8% 17.2% 15.1% 28.2% 45.0% 41.3% 

Other multiple-vehicle collision 0.0% 5.9% 4.4% 4.3% 6.1% 5.5% 4.2% 11.2% 9.6% 
Total multiple-vehicle crashes 53.9% 40.1% 43.6% 93.5% 72.7% 79.4% 93.0% 85.3% 87.0% 

Total Crashes 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 
Rural Multilane Highways (HSM Chapter 11) 

 R23STM R24STM R24SG 
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Continued  

Collısion Type FI PDO Total FI PDO Total FI PDO Total 
Single-Vehicle Crashes 

Collision with animal 1.8% 19.1% 14.5% 1.0% 11.2% 7.8% 0.0% 4.2% 3.2% 
Collision with bicycle 0.0% 0.6% 0.5% 1.0% 0.0% 0.3% 0.0% 0.0% 0.0% 

Collision with pedestrian 0.0% 0.0% 0.0% 2.0% 0.0% 0.7% 1.0% 0.0% 0.2% 
Overturned Data not available 
Ran off road Data not available 

Other single-vehicle crashes 1.8% 19.7% 15.0% 4.0% 11.2% 8.8% 1.0% 4.2% 3.4% 
Total single-vehicle crashes 22.8% 37.6% 33.6% 6.9% 28.8% 21.6% 5.0% 12.8% 11.0% 

Nultiple-Vehicle Crashes 
Angle collision 45.6% 19.7% 26.6% 67.3% 33.2% 44.4% 46.5% 24.3% 29.5% 

Head-on collision 3.5% 1.9% 2.3% 6.9% 1.0% 2.9% 7.9% 2.7% 3.9% 
Rear-end collision 24.6% 28.7% 27.6% 12.9% 22.0% 19.0% 32.7% 49.3% 45.4% 
Sideswipe collision 1.8% 12.1% 9.3% 2.0% 9.8% 7.2% 3.0% 9.2% 7.8% 

Other multiple-vehicle collision 1.8% 0.0% 0.5% 4.0% 5.4% 4.9% 5.0% 1.8% 2.5% 
Total multiple-vehicle crashes 77.2% 62.4% 66.4% 93.1% 71.2% 78.4% 95.0% 87.2% 89.0% 

Total Crashes 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 

 
On the other hand, lighting conditions can significantly affect crash risk, par-

ticularly at rural intersections lacking illumination. Table 9 presents the propor-
tion of crashes that occurred at unlighted intersections during nighttime. For rural 
two-lane intersections, nighttime crash rates ranged from 10.2% to 29.8%, while 
rural multilane intersections ranged from 9.8% to 25.4%. These figures can be 
used to adjust default nighttime crash proportions in future local safety analyses, 
especially when evaluating lighting countermeasures. 

 
Table 9. Proportion of nighttime crashes at unlighted intersections. 

Rural Two-Lane Two-Way Roads (HSM Chapter 10) 
Intersection Type Proportion of crashes that occur at night 

R23STM 29.8% 
R24STM 20.6% 
R24SG 10.2% 

Rural Multilane Highways (HSM Chapter 11) 
Intersection Type Proportion of crashes that occur at night 

RM3STM 25.4% 
RM4STM 21.3% 
RM4SG 9.8% 

5. Discussion 

This study investigated the applicability of HSM crash prediction models for rural 
intersections in Delaware through local calibration efforts. By analyzing six site 
types and utilizing GIS-based spatial techniques, the study explored how calibra-
tion factors vary across intersection configurations and how crash assignment as-
sumptions can influence model performance. 

The comparative analysis of two spatial scenarios for assigning intersection-re-
lated crashes revealed the sensitivity of CFs to buffer distance assumptions. While 
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the 528-foot buffer scenario, applied to rural multilane highways, produced higher 
CFs, it also introduced the risk of misclassifying unrelated crashes—especially in 
high-speed areas. The commonly accepted 250-foot buffer offered greater meth-
odological consistency, aligning better with HSM recommendations and mini-
mizing potential bias. 

Calibration performance varied across site types, revealing limitations of the 
national SPFs when applied to specific intersection categories. Notably, two un-
signalized two-lane intersection types (R23STM and R24STM) exhibited poor 
model fit across all evaluation metrics, suggesting that national models may not 
sufficiently capture crash dynamics in these settings. Other types lacked sufficient 
data to meet HSM sampling thresholds, limiting their calibration potential. 

This research also demonstrates the practical value of integrating public GIS 
platforms and high-resolution imagery for spatial data analysis and validation. 
The database developed offers a replicable framework for future calibration efforts 
and can be updated with new data as roadway conditions evolve. However, limi-
tations such as variable data quality, inconsistencies in crash geolocation, and un-
derrepresentation of some site types point to the need for continued investment 
in data collection and maintenance to enhance model reliability.  

While the calibration process followed the standard methodology outlined in 
the Highway Safety Manual, focusing on AADT, geometric configurations, and 
control type, other variables known to influence crash risk—such as posted speed 
limits, pedestrian and bicyclist activity, and weather conditions—were not in-
cluded in this study. However, future research aimed at developing new local SPFs 
may benefit from the integration of these additional factors, provided that reliable 
and consistent data sources are available. Their inclusion could enhance model 
accuracy, particularly in complex urban or multimodal traffic environments. 

6. Conclusions 

By developing localized calibration factors for rural intersection types in Dela-
ware, this study offers actionable insights for transportation safety planning. 
Among the six site types analyzed, only RM4STM (Rural Multilane, Four-Legged, 
Stop-Controlled Intersections) satisfied both the statistical validation and HSM 
minimum data requirements. The recommended calibration factor of 1.39 for this 
site type can be directly implemented by the DelDOT to adjust predicted crash 
frequencies, thereby improving project prioritization and investment efficiency. 

The findings also led to the development of Delaware-specific distributions for 
crash severity, collision types, and nighttime crash proportions, enabling state 
agencies to replace generic national defaults with locally representative data. 
These improvements contribute to more accurate safety evaluations and support 
the formulation of evidence-based safety policies. 

To ensure continued effectiveness, DelDOT is encouraged to periodically up-
date calibration values using current crash records and traffic volumes. The GIS-
based methodology used in this study provides a scalable foundation that can be 
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extended to additional site types and facility classes. As such, this research not 
only improves the alignment between predictive models and local roadway con-
ditions but also supports long-term, data-driven traffic safety management across 
the state. 
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