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Abstract: This study aims to establish an effective approach for evaluating the safety performance of
road infrastructure. Road safety levels are typically quantified using safety performance indicators.
However, due to the stochastic nature of accidents, many safety performance indicators cannot
adequately and completely describe reality. Therefore, predictive methods based on regression
models are widely used. This approach also allows for the identification of latent risk conditions
in the infrastructure, even in the absence of accidents. Among available approaches, the Highway
Safety Manual (HSM) methodology is chosen for its synthesis of validated highway research and best
practices for incorporating safety into both new design and rehabilitation. For this study, a preliminary
new version of HSM is used. The application of this method, which combines a predictive model
with observed accidents through an empirical Bayesian approach, requires a calibration process that
is crucial to tailoring this method to the specific study context. In this research, the predictive model is
calibrated for single carriageway roads with one lane per direction across the Italian national network.
Following calibration, the safety indicators are evaluated. The results obtained according to different
indicators are compared to show the importance of adopting this method to counteract the regression
to the mean of observed crashes. In fact, the method, supported by empirical Bayesian analysis,
enables the identification of high-risk sections of the road network, selecting more sections that would
be neglected by traditional indicators based solely on observed crashes. Finally, a possible approach
to prioritizing sites for inspection based both on the excess of crashes and the Safety Potential (SAPO)
is proposed. In addition, SAPO is adjusted to local conditions to account for the specific context and
the decreasing trend of accidents over the years.

Keywords: road safety; road crashes; predictive methods; crash modification factors; safety performance
indicators; field inspections; road management

1. Introduction

Road traffic crashes (or accidents) are the eighth leading cause of death worldwide
and the leading cause of death among children and young adults (aged 5-29 years) [1].
The European Union has set a goal of “Vision Zero” to eliminate all road traffic fatalities.
To achieve this goal, the target for the 10-year period between 2020 and 2030 is to reduce
the number of road deaths and serious injuries by 50% [2]. Similarly, Italy has set a crash
reduction objective in line with the EU target [3]. However, Italian roads are still far from
achieving the desired goal. In fact, according to the Italian Institute of Statistics, when
comparing 2022 with the previous year, there is an increasing trend in road accidents
(+7.2%) and road fatalities (+12.2%) on rural roads [4]. Moreover, comparing 2022 with the
pre-pandemic situation, a slightly decreasing trend in road fatalities is recorded (3173 road
fatalities in 2019 versus 3159 in 2022).
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Road managers have the duty to carry out numerous activities to improve the level
of road safety. In Italy, some guidelines for road management activities have been pub-
lished [5]. At the international level, other approaches are available, such as the one pro-
posed in the Highway Safety Manual [6]. To manage an extensive road network, the
first crucial step is to identify the most dangerous road sections so that a more detailed
inspection can be planned. In fact, due to the vast scale of the national road network, it
would be impossible to intervene simultaneously on the entire infrastructure, but some
degree of priority should be assigned to different road sections. To assign a gradual level of
priority to different road sections, the road network should first be divided into elementary
sections of constant length to be analyzed. Then, each section should be evaluated in terms
of safety level by adopting safety performance indicators. These indicators can quantify
the actual level of safety by referring to different aspects. In fact, there are several safety
performance indicators that can be taken into account, depending on the data available
on the road network. In general, it is always preferable to consider more than one safety
indicator at a time. Once safety performance indicators are associated with constant-length
segments, these segments can be ordered from the most dangerous to the least so that field
inspections can be planned accordingly.

Italian guidelines [5] for road safety management usually refer to safety performance
indicators based on the actual crashes that have occurred on the road in question. However,
observed crashes are affected by the phenomenon of regression to the mean, meaning the
fluctuation of the number of crashes around the average value. This is because crashes are
rare, random, and independent events that should be carefully evaluated using statistical
tools. The Italian reference also introduces the concept of Safety Potential (SAPO), which
is the potential economic benefit that could be achieved on a road section thanks to the
reduction of crashes by adopting idoneous measures. The SAPO is calculated based on
the number of fatalities and injuries, the associated costs, and the risk exposure, which
is evaluated by the Annual Average Daily Traffic (AADT). SAPO also depends on the
base value of accident cost density, which is defined by the Italian guidelines developed in
2012 [5] and may need to be updated. However, SAPO is quite effective in providing an
immediate result in terms of the road sections that should be urgently inspected.

To overcome problems related to the random nature of crashes, the empirical Bayesian
(EB) approach, based on predictive methods and observed crashes, can be adopted. These
methods are usually an alternative to a reactive or preventive approach to road safety. The
reactive approach usually involves the idea that infrastructure interventions to improve
safety are planned in response to a very critical accident trend, involving significant ethical
and social costs due to loss of life and economic costs from overburdened healthcare
systems [7-9]. The preventive approach, instead [10-13], aims to intervene at critical points
in the road infrastructure before accidents occur, typically using methods like the Road
Safety Audit [14], which assesses road safety through checklists [15].

The approach adopted for this study is the empirical Bayesian approach presented in
the Highway Safety Manual. It was developed in the USA and is a synthesis of validated
highway research and best practices for integrating safety into both new design and reha-
bilitation projects. In this procedure, the best estimate of expected crashes for segments
and intersections is obtained by combining the crashes predicted by a Safety Performance
Function (SPF) and the observed crashes. Then the HSM safety performance indicator, the
excess of expected accidents over predicted accidents, is calculated. The SPFs included
in the HSM, which can describe the level of safety as a function of input variables de-
pending on the specific characteristics of the road (traffic volume and functional-geometric
characteristics), are not fully valid outside the subset of states where they were defined.
Two alternatives are possible to overcome this problem: to develop new SPFs appropriately
for the study context, but this requires knowledge of a very large database, or to adapt the
functions already proposed by the HSM to the study context through a calibration process.
For the present study, the latter alternative is chosen. After calibrating the functions and ob-
taining the excess of expected over-predicted crashes, a comparison is performed between
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traditional safety performance indicators (based on observed crashes) and indicators based
on the HSM approach to show the possible impact of this approach. Finally, the different
results in terms of safety ranking based on the various safety indicators are compared,
and a possible prioritization method based on both the excess of crashes and the SAPO is
proposed.

2. Literature Review

Improving road safety is a priority both at the Italian national level [3,5] and the
international level [16]. To enhance road infrastructure safety, it is necessary to develop
a method that identifies critical conditions for road users, allowing for intervention even
before serious consequences arise. This is the general principle of the safe system approach,
which aims to create intrinsically safe roads that mitigate the consequences of human
error. To achieve this, various international frameworks have been proposed to address
road safety. Several countries have developed specific guidelines for road safety and
maintenance management, including the USA [6], Australia [17-20], Canada [21,22], the
UK [23,24], and Switzerland [25]. In addition, numerous international associations are
developing useful safety management tools, such as iRAP (International Road Assessment
Programme) [26] and PIARC (World Road Association) [27].

The most widely used framework is the American approach detailed in the HSM, first
published in 2010 [6] by the American Association of State Highway and Transportation
Officials (AASHTO). An update of the HSM is also planned, and a preliminary document
has already been shared [28]. This update will facilitate the application and adaptation
of the US HSM methodology to various international contexts. The main improvement
related to this update is that the predictive models are differentiated for levels of accident
severity. This makes it easier to adapt the US method to the Italian reality, where only
accidents with fatalities and injuries are recorded, as opposed to the US, where accidents
with property damage are also considered.

The safety level of a road or road network can be quantified by the number of accidents
that occur on it. However, accidents are rare, random, and independent events subject to
regression to the mean, so relying solely on observed accidents can distort reality. This issue
can be addressed by using an empirical Bayesian (EB) approach that quantifies the expected
number of accidents, combining observed accidents with the ones obtained by predictive
models based on the real site conditions (i.e., traffic volume and geometric-functional road
characteristics). The predictive model referenced below is the one used in the HSM.

In order to transfer the HSM methodology to other contexts, as mentioned previously, two
approaches can be followed. The first approach consists of developing new safety performance
functions for the specific case study, as already happened for a case study conducted in
Italy [29]. The second approach, which is selected for the present study, consists of adapting
HSM safety performance functions to the study context through calibration. In this case, the
reliability of the model depends on the accuracy of the calibration process that is required
to adapt the HSM to the Italian context. The transferability of the HSM model has been
repeatedly assessed by international studies [30—41]. For the optimization of the calibration
procedure and the evaluation of its goodness, a specific tool has been developed [42]. In
Italy, the HSM model has already been adopted for various purposes [43—47], showing that
the model is not always immediately transferable to the Italian context. Thus, a stratified
calibration process for different geographical areas might be appropriate. In this way, the
model would be applied to geographical sub-areas with homogeneous characteristics. This
would make the model more functional, as the input data would be less scattered in terms of
terrain, orographic characteristics, and behavioral habits. The appropriately calibrated model,
applied across the entire managed road network, would enable the number of accidents on
different sections of road to be estimated and particularly high-risk locations to be identified.

This approach offers a more reliable assessment of the road safety level than traditional
safety performance indicators (such as SAPO, crash rate, and crash frequency) based on
observed crashes [5]. In fact, while observed crashes are affected by randomness and
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regression to the mean, the EB approach, based on both predictive methods and observed
crashes, takes into account the actual site conditions and provides a more stable result.

Safety performance indicators based on predictive methods are widely used world-
wide to identify the most critical road sections, also known as black spots [48]. Moreover,
alternative safety performance indicators have been considered for specific case studies [49].
Given the presence of numerous variables affecting the existence of black spots, artificial
intelligence and deep learning have been adopted [50]. Performance indicators have proven
to be essential in road safety ranking to assign a priority level to each road section for field
inspections [51].

Additionally, predictive models would allow us to assess the potential effects of main-
tenance interventions before implementing them [52]. There are studies in the literature that
have evaluated the potential effectiveness of maintenance interventions on individual in-
frastructure characteristics, such as pavements [53-55], lighting [56,57], left-turn maneuver
signals [58], shoulder paving [59], medians [60], and rumble strips [61].

3. Research Objectives

This study aims to evaluate the effectiveness of different safety performance indicators
in identifying the most critical sections of a managed road network. Various safety per-
formance indicators are considered and applied to an Italian case study. In particular, the
following safety performance indicators are considered: (i) the traditional safety indicators
based on observed crashes (observed crash frequency and observed crash rate), (ii) the
safety potential, which is the safety indicator proposed by the Italian guidelines [5], (iii) the
traditional safety indicators transferred to the EB approach (expected crash frequency and
expected crash rate), and (iv) the safety indicator proposed by the HSM (excess of expected
crashes over predicted crashes).

In order to use the HSM safety performance indicator, the US HSM predictive model
must be adapted to the specific application context. In fact, the most appropriate safety
performance function describing the model is selected, and the calibration process is
performed to adapt it to the Italian context. An extensive calibration of a wide portion
of the national road network for single carriageway roads with one lane per direction is
performed. The calibration of the HSM method allows its further application for quantifying
the safety level of various road network sites. In fact, the safety of different road locations
is quantified in terms of the number of crashes predicted by the model. Then, the empirical
Bayesian method is used to determine the expected number of crashes for each location,
and the HSM safety indicator is calculated.

At this stage, each road section is associated with various safety performance indica-
tors, which lead to different safety rankings. In fact, by ranking the sites in descending
order of risk, it is possible to prioritize them for inspection and, if necessary, maintenance
intervention. The reliability of the safety ranking is critical to properly prioritizing the sites
for maintenance activities. In fact, a comparison of the safety ranking for different locations
of the road network according to alternative safety performance indicators is determined.
This allows us to highlight the importance of implementing predictive methods to over-
come the limitations of traditional safety ranking procedures, mainly related to the random
nature of observed crashes. In addition, a possible approach for prioritization based on
both the SAPO and HSM indicators (excess of expected accidents over predicted accidents)
is proposed.

The paper is organized into a first part explaining the method adopted (Section 4), a
second phase of application to an Italian case study (Section 5), followed by the section
devoted to the presentation and discussion of the results (Section 6), and, finally, the
conclusions (Section 7).

4. Analysis Method

Considerable effort is required to calculate the safety indicators proposed by the HSM
(i.e., expected crash frequency, expected crash rate, and excess of expected crashes over
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predicted crashes) based on the predictive models and observed crashes. Therefore, to
perform a safety analysis of an existing road network, the procedure described below,
which consists of several steps, is adopted. In particular, the overall procedure flowchart
is synthesized in Figure 1. Three main phases are identified: (i) the preliminary activity,
(ii) the calibration, and (iii) the safety indicator evaluation.

INPUT DATA
- i 7 !
S a3 . . B
= Observed crashes Road geometric characteristics: Safety Performance
(&) (Nops) ¢ Curvature Functions
: A;V/qﬁ ¢ Lanewidth (SPE,) B
x +  Shoulder width and typology =
§ + Roadside hazard rating N
= * Driveway density...
b3 L y,
]
L A 2
o ( . ) ——_
o Segmentation Crash Modification Predicted crashes
Road divided into sections with Factors (non calibrated)
homogeneous characteristics (CMFy) (Npred ne.)
I
z |
(<}
=
é Allocation of crashes to Calibration Predicted crashes
0 | homogeneous segments (Cx) (Nprea)
=
<
¢ ]
0 ™ .
oc % Subdivision of the road Empirical Bayesian method (EB)
E 9_ E in elementary sections (1 km) (Nexp)
<
[T = "
o Predicted and ted
g o &' rec::sie::ere:'ﬁ: € Safety Performance Indicators Safety ranking m
4 a for elementary sections (1 km) of elementary sections (1 km)
= (Npred 1km Nexp 1km )

Figure 1. Methodology flowchart.

4.1. Preliminary Activity

First, the preliminary activity must be carried out. This is essential to characterize the
study context by collecting all necessary data and information to apply predictive methods.
Thus, the preliminary activity consists of two main stages: the characterization of the study
context and the adoption of the HSM predictive model. The study context is determined
by collecting traffic data, accident data, and geometric-functional road characteristics data.
Then, the predictive approach is employed, and the analyzed road section is divided
into homogeneous segments based on the aforementioned information. Since the HSM
predictive model is selected as the most appropriate for this analysis, the HSM ‘base’
conditions are considered, along with Crash Modification Factors (CMF;) to evaluate the
effect of different characteristics of each specific segment with respect to ‘base” conditions.
In fact, the combination of crash prediction under ‘base’ conditions defined by the Safety
Performance Functions (SPF;) and the CMF; allows to determine the crash prediction for
each specific site. It should be noted that this crash prediction, being developed in the
USA, does not account for specific characteristics of the study context. This limitation is
overcome by a specific calibration procedure.

4.2. Calibration

The predictive model calibration is necessary to adapt the model to the Italian national
context. For this calibration activity, it is first necessary to assign the observed crashes to
specific homogeneous segments. This makes it possible to compare, for each segment, the
number of observed crashes and the number of predicted non-calibrated crashes and to
optimize the calibration to make the prediction closer to reality. Thus, a calibration factor is
determined for each study context, and the actual crash prediction is obtained. Given the
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extension of the study area, the calibration factor obtained could represent a sufficiently
reliable value for further applications to Italian single carriageway roads with one lane per
direction.

4.3. Safety Indicator Evaluation

At this stage, the safety indicator evaluation can be performed. Various safety indica-
tors are considered and compared. The HSM safety indicator (excess of expected crashes
over predicted crashes) involves the application of the calibrated predictive model to evalu-
ate the actual safety level of each road section. First, the empirical Bayesian method is used
to obtain the best estimate of crash frequency (expected crashes) for each homogeneous
segment. The road network is divided into elementary sections of a constant length of 1 km
to make them comparable in terms of safety level. Then, observed, predicted, and expected
crashes are transferred from the road network divided into homogeneous segments to the
same road divided into elementary sections. Different safety performance indicators are
evaluated for each elementary segment, and different safety rankings are performed accord-
ingly. The analyzed sections are ordered from the least dangerous to the most dangerous
based on each safety performance indicator. These safety rankings are extremely useful
for identifying the most critical road sections and for planning field inspections. Finally, a
comparison between the results obtained with different safety indicators is carried out, and
a possible approach to assigning priority to road sections is defined. The following section
describes the procedure in detail and applies it to an Italian case study.

5. Case Study

The study has focused on a specific road category: Italian state roads with a single
carriageway and one lane in each direction. This road typology is comparable to rural two-
lane two-way roads discussed in Chapter 10 of Part C of the HSM [6], which is referenced
in this study. The specific application involves approximately 130 km of a state road (5516)
running north-south along the east coast of Italy (crossing three different Italian regions:
Emilia-Romagna, Marche, and Abruzzo). However, this procedure can be extended to
other infrastructures nationwide.

5.1. Preliminary Activity—Study Context

The data required to apply the HSM predictive model is collected for the infrastructure
being analyzed. This data includes:

Traffic data over a sufficiently long-time interval (at least 3 years);
Road accident data for the same interval, geo-referenced, and possibly classified by
accident type;

e  Geometric-functional characteristics of the road (e.g., radius of curvature, lane width,
shoulder width and typology, roadside hazard, driveway density).

For the application of the predictive model to the case study, a time interval of 3 years
(from 2015 to 2017) is considered.

5.1.1. Traffic Data

The traffic volume on the analyzed road section is an essential input for the application
of the predictive methods. In fact, the number of vehicles traveling daily on the analyzed
road represents one of the variables of the model considered in the following. Traffic is
expressed by the Annual Average Daily Traffic (AADT) and is collected for different sections
of the investigated road. Since the traffic is recorded at specific sections, it is assumed to be
constant for adjacent intervals. Starting from the known traffic value for 2016, it is assumed
that traffic in the previous and following year does not differ significantly and is therefore
constant for the three-year period from 2015 to 2017. The traffic volume for the analyzed
section during the study period is illustrated in Figure 2.
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Figure 2. Annual Average Daily Traffic (AADT) for the analyzed road section (only colored segments
are included in the study).

5.1.2. Accident Data

To conduct the safety analysis, it is necessary to collect data on crashes that occurred
on the road section under investigation. Specifically, information on the number of crashes,
fatalities, and injuries recorded on the road during the analysis period must be gathered.
For this study, micro-data on accidents was obtained from the Italian Statistics Institute
(ISTAT). Observed crashes are then allocated to the corresponding homogenous segments
of the road network (Section 5.3.1). It should be noted that since the analysis is solely
performed for road segments without intersections, only accidents that occurred along road
segments and not at intersections are considered. This approach allows for an accurate
assessment of the safety level of road segments.

5.1.3. Geometric-Functional Road Characteristics

The geometric-functional characteristics of the road are assumed to remain constant
over the three-year analysis period. To apply the HSM predictive model, the following
information is required:

1. Planimetric curve radius and curve length;
2.  Lane width;

3. Shoulder width and typology;

4.  Roadside hazard;

5.

Driveway density.

For this study, in the absence of data (for roadside hazards and driveway density), the
HSM ‘base’ conditions (as expressed in the following Section 5.2.2) are assumed. A lane
width of 3.5 m for Italian roads is assumed to be constant for all road sections.

5.2. Preliminary Activity—Predictive Method

After collecting data for the study context, the preliminary activity consists of a set of
tasks that need to be completed to conduct the subsequent calibration and safety indicator
evaluation. The preliminary activity procedure is schematized in the upper portion of the
flowchart in Figure 1. It shows the steps to be followed to adapt the HSM model to the
Italian context. The HSM predictive model allows for the calculation of the number of
predicted crashes for a specific site according to its boundary conditions, as described in
Equation (1).

Npred = NSPF'H CMF;-Cx ()

where N, is the predicted average crash frequency for a specific site, Nspr is the predicted
average crash frequency for ‘base’ conditions (obtained through the Safety Performance
Function—SPF), CMF; are the Crash Modification Factors to adapt the specific geometric-
functional features of the site to ‘base’ conditions, and Cyx is the Calibration Factor to adjust
the SPF for local conditions.
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5.2.1. Segmentation

Once the geometric-functional characteristics and traffic data are collected, the segmen-
tation of the analyzed road sections is performed. This step is essential to dividing the road
layout into segments with homogeneous characteristics. For this study, 285 homogeneous
segments were identified (147 straight lines and 138 curves). For each segment, the relative
geometric-functional characteristics are measured, and the traffic volume is associated. The
data collected for homogeneous segments is summarized in Table 1.

Table 1. Summary statistics of the geometric-functional characteristic and traffic volume data.

Parameter Unit Average Std Deviation Min Max
AADT! [vehicles/day] 14,885 6526 4919 31,979
Length ! [m] 521 1018 12 7861
Radius of horizontal curves 2 [m] 399 259 24 948
£ Curve length 2 [m] 126 110 12 601
g Lane width ! [m] 3.50 0 3.50 3.50
T Shoulder width ! [m] 0.75 0.36 0.20 1.00
@ Driveway Density—DD ! [driveways/mile] 5 0 5 5
Roadside hazard rating 1 [-] 3 0 3 3
Shoulder type ! [-] 624/?) /Ff;iil(ng )
1 Average, standard deviation, minimum, and maximum values calculated from 285 segments. 2 Average, standard
deviation, minimum and maximum values calculated from 138 curves.
5.2.2. Crash Modification Factors—CMFE;

As the proposed procedure involves the adoption of the HSM, it is necessary to
consider the ‘base’ conditions defined by the HSM. The ‘base” conditions represent some
specific geometric-functional characteristics according to which the HSM model has been
developed. The CMF; are then introduced to adapt the specific site conditions to the ‘base’
conditions. In fact, CMF; are multiplication factors that can assume values greater than
one if the specific site conditions are worse than the ‘base’ conditions; conversely, the CMF
value is less than one if the specific site conditions are better than the ‘base” conditions.
Table 2 summarizes the CMF; ‘base’ conditions and the relative values computed for the
investigated segments. It should be noted that the highest average CMF value is reported
for horizontal curvature, with an extremely high maximum value. This means that, on
average, Italian roads are characterized by small curve radii, leading to an increase in
the predicted number of crashes. In addition, as expected, the CMF; values for driveway
density and roadside hazard rating are equal to one since the actual geometric conditions
were unknown and the ‘base” ones were assumed. Similarly, for lane width, a constant value
slightly lower than the ‘base’ condition was assumed, so there is a constant CMF value
slightly greater than one. Finally, for shoulder width and type, the average CMF value is
greater than one, meaning that on average, Italian road conditions are more restricted than
US roads.

Table 2. CMF; description, ‘base’ conditions (according to HSM [6]), and CMF; values for the
investigated segments.
CMEF CMF Description ‘Base’ Conditions CMF; for Investigated Segments !
Average Std Deviation Min Max
CMF, Lane width 12 feet 1.03 0.00 1.03 1.03
cwry
CMF3, Horizontal curvature None (R = c0) 1.74 191 1.00 27.08
CMFg, Driveway density (DD) 5 driveways per mile 1.00 0.00 1.00 1.00
CMFqp, Roadside Hazard Rating (RHR) 3 1.00 0.00 1.00 1.00

1 Average, standard deviation, minimum, and maximum values calculated from 285 segments.
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5.2.3. Safety Performance Functions (SPF;) and Non-Calibrated Predicted Crashes
(Npred,n.c.)

Before performing the model calibration, it is necessary to select and employ one or
more SPF; to calculate the number of predicted crashes in the ‘base’ conditions (Ngpr). This
number of crashes only depends on the AADT and the segment length (L), as shown in
Equation (2). Then, to account for the actual geometric-functional characteristics of each
site, the CMF; are applied, and the number of non-calibrated predicted crashes is obtained
by Equation (3).

Nspr = f(AADT, L) 2)

Npred,n.c. = NSPF'H CMF; 3)

For the present study, three alternatives SPF; are considered, as shown in Table 3: the
SPF presented in the HSM [6], which refers to all crash severities, is considered, and two
SPF; suggested by the HSM update [28], to account only for specific severity levels (KAB
and KABC, where K is fatal injury, A is incapacitating injury, B is non-incapacitating injury,
and C is possible injury). This allows us to be more consistent with the crash recording
procedure adopted in Italy, which does not include Property Damage Only (PDO) crashes.

Table 3. SPF; considered in the study and relative value of predicted crashes in ‘base’ conditions and
non-calibrated predicted crashes.

Severity Level SPF—Safety Performance Function Ngpr ! [Crashes/Year] [ CgZﬁz:}CY:ar]
All Ngpp = AADT-L-365-106.¢(-0312) 375.38 500.73
KABC Nspr = exp[—9.006 + 0.977-In(AADT) + In(L)] 137.78 183.85
KAB Nspr = exp|—8.499 + 0.852:In(AADT) + In(L)] 67.88 90.71

! Total number of predicted crashes calculated for 285 segments.

According to the results shown in Table 3, it is evident that by considering only more
severe crash levels, the number of predicted crashes in ‘base’ conditions is lower, and thus,
the number of non-calibrated predicted crashes is reduced.

5.3. Calibration
5.3.1. Allocation of Observed Crashes (N,ps) to Homogeneous Segments

To calibrate the predictive HSM model, it is necessary to collect data on crashes
that occurred on the homogeneous segments identified above. In particular, the number
of observed crashes is reported for each year of the study period (from 2015 to 2017).
Table 4 synthetizes the total number of observed crashes for all investigated segments,
but it is worth noting that each crash should be localized to the specific segment where
it occurred. This step is essential to carrying out the calibration, which is based on a
segment-by-segment comparison between the number of observed crashes and the number
of non-calibrated predicted crashes.

Table 4. Summary statistics of crash data.

Observed Crashes with Injuries and Fatalities

Year Crashes (N,ps) Injuries Fatalities
2015 94 166 5
2016 75 129 1
2017 107 173 2
Total (3 years) 276 468 8
Average (1 year) 92 156 3

! Total number of observed crashes, injuries, and fatalities calculated for 285 segments.
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By comparing the average number of observed crashes per year (92 crashes/year) with
the number of non-calibrated predicted crashes obtained for the different SPFs considered
in Table 3, it is clear that the most appropriate SPF is KAB (90.71 crashes/year). In fact,
a closer value of the non-calibrated predicted crashes to the observed ones allows for a
calibration factor closer to one, which makes a model more adherent to reality. Therefore,
in the following section, only KAB SPF is accounted for the calibration step. In addition,
by excluding the “C” severity level, which refers to possible injury, the crash prediction is
more consistent with the Italian accident record system (only accounting for crashes with
injuries and fatalities).

5.3.2. Calibration and Predicted Crashes (Nyeq)

The calibration phase is necessary to adapt the US HSM model to the Italian context,
and it allows for the determination of the number of predicted crashes for each site. Dif-
ferent methods can be used to calibrate the model: a calibration factor or a calibration
function (composed of multiple parameters) can be considered. For the present study, both
alternatives showed similar results in terms of reliability. Therefore, the single calibration
factor is considered for simplicity. To calculate the calibration factor (Cx), Equation (4)

should be applied.
D all Nops
C — sites (4)
X Za]l NprednAc.

sites

Calibration results are optimized by filtering out some specific sites, defined as ‘out-
liers’, which are characterized by extremely different values of N,ps and Ny eqp.c.- This leads
to satisfactory calibration results in terms of goodness-of-fit, as summarized in Table 5. In
particular, the following goodness-of-fit parameters are considered: Coefficient of variation
(CV), mean absolute deviation (M AD), dispersion parameter (k), and % CURE deviation
(% CURE dev), as suggested by literature [42].

Table 5. Calibration results for the KAB Safety Performance Function.

Npred,n.c. 1 Nobs 1
[Crashes/3 Years] [Crashes/3 Years]

260.34 234 0.90 0.18 0.85 0.61 0.35%

1 Predicted crashes, observed crashes, and Goodness-of-Fit parameters calculated for 283 segments (by filtering
out 2 segments defined as ‘outliers’).

Cx1 cvl MAD1? k1 %CUREDev !

The goodness-of-fit is ensured by optimizing the calibration procedure, which consists
of filtering the input data for calibration. By considering the cumulative residuals plot,
it is possible to graphically represent the % CURE deviation, which is a goodness-of-fit
parameter, as reported in Figure 3. In fact, it can be noted that the cumulative residuals plot
is almost entirely comprised of the confidence limits, meaning that the % CURE deviation
(0.35%) is below the maximum suggested value (5%) and, thus, the calibration result is
reliable for the considered dataset. The exclusion of the aforementioned ‘outliers’” was
essential to keeping the cumulative residuals plot within the confidence limits.

Once the model is properly calibrated, it can be employed to determine the number
of predicted crashes for each site under study. In addition, the calibrated model can
be applied for future projections even in the case of a change in boundary conditions,
such as traffic volume. In fact, the calibration factor is a reliable reference for employing
predictive methods in case studies characterized by a similar context. The successive steps
are described in the following subsection dealing with the safety indicator evaluation.



Appl. Sci. 2024, 14, 6663

11 of 24

+-Cumulative Residuals
«++« Upper 95% confidence limits
.. --=-Lower 95% confidence limits

12 14

Cumulative Residuals

-30

N4 - Predicted crashes [crashes/3 years]

Figure 3. Cumulative residuals plot to express the goodness-of-fit of the calibration procedure.

5.4. Safety Indicator Evaluation
5.4.1. Empirical-Bayesian Method

The adoption of predictive models for the assessment of road safety levels aims at
mitigating the phenomenon of regression to the mean of the actual crash trend. The selected
and calibrated predictive model, as presented in Section 5.3, allows for the determination
of the number of predicted crashes (N,.4) according to the specific site conditions (traffic
volume, geometric-functional road characteristics). Then, the predicted crashes should be
combined with the actual number of observed crashes (N,). This is the typical approach of
the empirical Bayesian (EB) method, calculating a weighted average between the predicted
and observed crashes. The value obtained is usually referred to as the number of expected
crashes (Nexp), which represents the best estimate of crash frequency for a given site,
combining both the predictive model and reality. The formulation of the EB method is
described by Equation (5).

Nexp = w'Npred + (1 — w)-Nops &)

The weighting factor (w) depends on the accuracy of the model, which is derived from
the goodness-of-fit of the calibration process. In fact, the weighting factor is a function of
the overdispersion parameter (k) with inverse proportionality, as expressed in Equation (6).

1
T+ %'(Zall study Npred)

years

w =

(6)

The summary of the EB analysis results obtained for the analyzed road sections is
shown in Table 6. It can be observed that the total number of observed crashes is not
perfectly equivalent to the total number of predicted crashes since the EB analysis also
takes into account ‘outliers” that were excluded during the calibration process. For the total
length of the analyzed road section of about 148 km, 254.93 crashes are expected in three
years, which corresponds to around 85 crashes per year. This value is based on both the
predictive model and the actual crashes that occurred. In addition, the expected crashes
can be attributed to each specific homogeneous segment and related to their characteristics.
This step is essential to assign to each site the safety performance indicators capable of
describing the local safety level. In this way; it is possible to identify and localize potential
critical infrastructure conditions.



Appl. Sci. 2024, 14, 6663 12 of 24
Table 6. Summary of empirical-Bayesian analysis results.
N, N, N,
1 obs pred k exp
Segments Length [m] [Crashes/3 Years] [Crashes/3 Years] L @ [Crashes/3 Years]
Minimum 12 0.00 0.04 0.12 0.03 0.01
Maximum 7860 29.00 14.01 82.09 0.62 21.54
Average 521 0.97 0.86 9.35 0.36 0.89
Standard 1019 2.80 1.57 11.37 0.13 2.17
deviation
Total 148,459 1 276.00 24492 - - 254.93
I Minimum, maximum, average, standard deviation, and total values calculated for 285 segments.

The overall effect of the EB method is summarized in Figure 4, where the frequency
distribution of expected crashes is a combination of the distribution of observed and
predicted crashes. The frequency distribution of observed crashes is influenced by the fact
that, in reality, many segments (202) are characterized by zero crashes. On the other hand,
the frequency distribution of predicted crashes is shifted to the right because the predictive
model always leads to a value of crashes greater than one. Thus, since the expected crashes
are derived from a weighted average of the observed crashes and predicted crashes, they
are characterized by a frequency distribution that lies between those of the previously
mentioned entities.
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Figure 4. Frequency distribution of the number of observed, predicted, and expected crashes for
different segments (by considering 285 segments).

5.4.2. Elementary Sections

The results of the EB analysis, expressed in Table 6, refer to homogeneous segments
of various lengths. This could be misleading when comparing the number of expected
crashes at different sites to rank their actual safety conditions. To overcome this issue, the
overall road layout is divided into elementary sections of constant length equal to 1 km.
In particular, each 1 km section might be composed of portions of different homogeneous
segments. The number of observed, predicted, and expected crashes is determined for each
1-km elementary section, as shown in Table 7. According to the results, it is evident that the
variability of the number of crashes (observed, predicted, and expected) is reduced since
the standard deviation values are reduced. This is because sections of constant length are
considered instead of homogeneous segments of variable length.
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Table 7. Summary of empirical-Bayesian analysis results for 1 km elementary sections.
Elementary Sections Length Nobs,1 km Npred,1 km Nexp,1 km

(1 km) ! [km] [Crashes/3 Years] [Crashes/3 Years] [Crashes/3 Years]
Minimum 1 0.00 0.62 0.38
Maximum 1 12.00 347 8.78
Average 1 1.83 1.63 1.72
Standard deviation 0 2.28 0.64 1.57

Total 132 241.00 214.52 226.67

I Minimum, maximum, average, standard deviation, and total values were calculated for 132 elementary sections
of 1 km length.

5.4.3. Safety Performance Indicators

Once the road layout is divided into elementary sections of 1 km, a set of safety
performance indicators is associated with each of them. In particular, the following safety
performance indicators are considered:

e  Observed crash frequency [observed crashes/km/year] is calculated as the number of
crashes that occurred in one year in each 1-km elementary section. In particular, the
annual crashes are calculated as the average of the crashes that occurred during the
period under study (from 2015 to 2017).

e Observed crash rate [observed crashes/km/year/(AADT-365)-10°], calculated by
dividing the observed crash frequency for annual traffic and multiplying by 10° to
obtain the number of observed crashes per one million vehicle passages. This indicator
allows the exposure rate to be considered in terms of traffic volume.

e  Safety Potential (SAPO) [k€/km-year], which quantifies the potential economic benefit
that could be achieved in the specific road section due to the reduction of road fatalities
and injuries. It is determined according to the Italian guidelines [5], as expressed in
Equation (7).

Nm’Cm + Nf'cf
f —

where N;; and Ny are the number of fatalities and injuries, respectively, that occurred in the
considered road section, L is the length of the road section, and C,, and Cy are the average
costs associated with each road fatality and road injury, respectively. According to the
Italian guidelines [62], the average cost of a road fatality is equal to €1,503,990.00, while
the average cost of a single road injury is equal to €42,219.00. Finally, the BT'CI is the base
value of accident cost density, equal to 24 €/(1000-veic-km) [5] suggested for the overall
Italian rural roads. It should be noted that this value is determined by the Italian guidelines
developed in 2012. In fact, the reference value is quite high and could be updated according
to the local context and the decreasing accident trend (as proposed in the following).

SAPO = (BTCI-365-AADT)/10° 7)

e  Expected crash frequency [expected crashes/km/year] is calculated as the number of
expected crashes for one year per 1 km elementary section.

e  Expected crash rate [expected crashes/km/year/(AADT-365)-10°], calculated by di-
viding the expected crash frequency for annual traffic and multiplying by 10°.

e  Excess of expected crashes over predicted crashes [crashes/year/km], calculated as
the difference between the annual expected crashes and the annual predicted crashes,
as detailed in Equation (8).

Excess of crashes = Nexp, 1 km — Npred, 1 km (8)

This indicator allows us to evaluate the safety level of each specific 1-km section with
respect to the average safety of similar elementary sections (expressed in terms of predicted
crashes). Positive values of this indicator represent a more dangerous section compared to
the “average”, while negative values are associated with less dangerous locations. Basically,
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the predicted crashes represent the average conditions for the considered road section,
taking into account the geometric and traffic conditions. The excess represents the inherent
hazard of the site with respect to the average of similar sites.

The safety indicators presented above are calculated for the elementary sections under
study. The results are summarized in Table 8. As mentioned above, the adoption of a
single safety indicator may not be sufficient to assess the actual safety condition. However,
the combination of different indicators allows for a more complete description of the site

conditions.

Table 8. Safety performance indicators for 1 km elementary sections.

Observed

Expected

Excess of Expected

Observed Expected
Crash SAPO Crash Crashes over
Elementary Frequency Crash Rate Frequency Crash Rate Predicted Crashes
Sections (1 km) Crashes/Year/km/ Crashes/Year/km/
[Crashes/Year/km] [/( ::XSD?FS- 3 6e ;;_ﬂmg} [k€/km-Year] [Crashes/Year/km] [/ ( ;TASD?FS- 3 :Sa)r'l 0°] [Crashes/Year/km]
Minimum 0.00 0.00 —212.56 0.13 0.02 —0.74
Maximum 4.00 1.11 584.90 293 0.52 222
Average 0.61 0.13 —70.24 0.57 0.11 0.03
Std deviation 0.76 0.17 148.88 0.52 0.09 0.48

Crash frequency [crashes/year/km]

I Minimum, maximum, average, and standard deviation values were calculated for 132 elementary sections of

1 km length.

For each safety performance indicator, the specific distribution of the total number
of elementary sections considered (132 km) falling in each range can be represented by
the frequency distribution. Figure 5a shows the distribution of safety rankings by crash
frequency. When comparing the observed and expected crash frequencies, the expected
one has a more gradual trend with respect to the observed one. For high values of crash
frequency, sites have more critical conditions, while for lower values, the safety level
increases. In fact, a few 1 km elementary sections have extremely high values of crash
frequency and will be the first ones to be inspected. For less critical values of crash frequency,
the corresponding number of sections increases, but the inspection is less urgent. A similar
reasoning could be conducted for the crash rate according to the results in Figure 5b. The
most critical elementary sections are those corresponding to higher values of crash rate.
Note that elementary sections characterized by a high crash frequency are not necessarily
characterized by a high crash rate. For this reason, it is crucial to evaluate different safety
indicators simultaneously to select for further inspection all those sections that may present
safety problems in terms of different indicators.

Number of 1 km elementary sections
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Figure 5. Safety performance indicator distribution for 1 km elementary sections according to: (a) Crash

frequency for observed and expected crashes; (b) Crash rate for observed and expected crashes.
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An additional safety indicator based on the HSM method is the excess of expected
crashes over predicted crashes. Therefore, a safety ranking is performed for this indicator,
and the results are shown in Figure 6a. The most critical safety condition is associated with
high and positive values of the excess of crashes. Specifically, 60 sites exhibit a positive
value for the excess of crashes. Sites with an excess of crashes value of zero (37 sites) have a
safety level equivalent to the average of sites with similar characteristics. In fact, elementary
sections commonly fall into this category of zero excess of crashes.

Number of 1 km elementary sections Number of 1 km elmentary sections
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Figure 6. Safety performance indicators distribution for 1 km elementary sections according to:
(a) Excess of expected crashes over predicted crashes; (b) SAPO. The color gray represents a neutral
condition, warm colors (yellow to red) represent a condition of increasing severity, and cool colors
(light green to dark green) represent a gradually improving condition.

Sections with an excess of crashes greater than zero indicate specific site conditions
worse than the average, suggesting that the elementary sections should be monitored.
On the contrary, sections with an excess of crashes less than zero generally have safer
conditions than the average of similar sites, implying fewer urgent inspection needs.

SAPO is also considered to express the potential economic benefit of crash reduction.
Increasing positive values of SAPO are associated with critical safety conditions because the
potential safety benefit is greater. Decreasing negative values of SAPO are associated with
less critical conditions, which would result in smaller economic benefits. Figure 6b shows
the distribution of the elementary sections of 1 km according to the SAPO. According to
the figure, 18 sites exhibit a positive SAPO value, meaning a potential economic benefit
from intervention due to initial critical safety conditions.

By considering different safety indicators, different safety rankings are obtained. In
this way, the most critical road sections can be identified, and further inspections are
planned. Road managers should be careful when considering alternative safety indicators
so that potentially risky road sections are not neglected.

6. Results and Discussion

The present study applied the HSM method to an Italian case study to compare its
safety indicator with alternative indicators. The study comprised mainly the preliminary ac-
tivities, followed by the calibration process and the evaluation of the safety indicators. The
preliminary activities were crucial for contextual characterization and data identification
essential for applying the US HSM predictive model. Calibration was necessary to adapt
the predictive model to the specific Italian study context, ensuring accurate results. Once
calibrated, the model was used to evaluate safety indicators. Moreover, alternative safety
indicators are computed for the same elementary sections, and the results are compared.
Thus, the adopted procedure allowed for the following main results:
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e  Determination of the calibration coefficient for the HSM predictive model in the Italian
context.

e  Safety ranking of 1 km of elementary road sections within the managed network
according to six safety performance indicators.
Comparative analysis of safety rankings based on different indicators.
Proposal of a method to prioritize road sections for field inspection, integrating SAPO
and excess crash metrics.

6.1. Calibration Coefficient

The calibration results, discussed in Section 5.3, are applicable to similar roads belong-
ing to the same road typology (single carriageway, with one lane per direction), located in
the same study area. Thus, to adopt the HSM model based on the KAB safety performance
function, a calibration coefficient equal to 0.90 can be considered. The properly calibrated
model can then be employed repeatedly to perform the safety indicator evaluation, even
with minor changes in the boundary conditions (traffic volume changes). However, in
the event of significant changes in the boundary conditions of the analyzed road, the
preliminary activity should be carried out again.

6.2. Safety Ranking

The safety indicator evaluation allows for the determination of the safety performance
of the entire road network. Elementary sections of constant length (1 km) are associated
with different safety performance indicators. This enables the safety level to be assessed
in different terms and the most critical road sections within the network to be identified
through a safety ranking. For each safety indicator, the elementary sections are sorted in
descending criticality order. This method makes it possible to identify the most dangerous
stretches of road so that on-site inspections can be planned accordingly. In fact, safety
indicators allow us to highlight the presence of the problem, but to determine the potential
cause, an inspection is always required.

Furthermore, by geo-referencing different elementary road sections, it is possible to
graphically plot the safety ranking. Since six different safety performance indicators have
been considered, as explained in Section 5.4.3, a specific safety ranking is performed for
each of them. As a result, six different graphical representations can be produced for the
analyzed area. The following graphical representations show only a portion of the entire
area analyzed for illustrative purposes.

An example of a graphical representation of the safety ranking according to crash
frequency is shown in Figure 7. This allows us to compare, for the same road section, the
safety ranking according to the observed crash frequency (Figure 7a) and the expected
crash frequency (Figure 7b). By applying the same color scale, it can be noted that the same
elementary road sections have a slightly different level of danger according to different
safety indicators. In particular, the observed crash frequency results in a slightly more
critical safety performance with respect to the expected crash frequency. This discrepancy
could be due to the phenomenon of regression to the mean affecting the observed crashes.
Alternatively, it could be due to the fact that the observed crash frequency does not account
for traffic volume, and perhaps a higher number of crashes could be due to high traffic
volume, which implies high risk exposure.

Similarly, the safety ranking is performed in terms of crash rate. Figure 8a shows an
example of a graphical representation of the safety ranking in relation to the observed
crash rate, while Figure 8b shows the results in relation to the expected crash rate. When
comparing the observed and expected crash rates, a more similar trend is observed with
respect to crash frequency (Figure 7). The observed crash rate safety indicator also considers
traffic volume, which was not considered in the observed crash frequency. This confirms
the importance of combining different safety performance indicators.
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Figure 7. Example of graphical representation of safety ranking according to: (a) Observed crash
frequency; (b) expected crash frequency.
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Figure 8. Example of graphical representation of safety ranking according to: (a) Observed crash rate;
(b) expected crash rate.

Finally, the graphical representation of the safety rankings according to the excess
of expected crashes over predicted crashes and to the SAPO are shown in Figure 9a,b,
respectively. Most of the elementary road sections have a positive value for the excess of
crashes, which means a more critical condition with respect to the average of road sections
with the same characteristics (traffic volume, geometric-functional characteristics). On the
contrary, only a few of the elementary sections show positive SAPO values, which are
associated with more critical safety conditions. Thus, the sole reference to the SAPO safety
ranking could lead to the inability to identify risky infrastructure conditions, which are
instead considered by the excess of crashes (based on the HSM method).
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Figure 9. Example of graphical representation of safety ranking according to: (a) Excess of expected
crashes over predicted crashes; (b) SAPO.

6.3. Comparison of Safety Indicators

By comparing the safety rankings of 1 km of elementary sections according to different
safety performance indicators, it is possible to observe the influence of the methods. The
analysis encompasses 132 elementary sections of 1 km each, evaluating the excess of
expected crashes over predicted crashes (Figure 10a) alongside SAPO (Figure 10b). Both
indicators exhibit a similar overall trend, with peaks aligning at corresponding road sections.
However, the most critical sections according to the excess of crashes, characterized by
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positive values of the indicator (60 elementary sections), are more than the sections with
positive values according to the SAPO (18 elementary sections). It is worth noting that
all 18 sections considered dangerous by SAPO are included in the 60 critical sections
identified by the excess of crashes. In addition, SAPO displays distinct peaks correlating
with instances of road fatalities, confirming the high sensitivity of the indicator to this
aspect.

Excess of crashes [crashes/year/km] SAPO - Safety Potential [k€/km - year]
-1.0 0.0 1.0 20 3.0 -400 -200 0 200 400 600 800

Elementary sections of 1 km
Elementary sections of 1 km

(a) (b)

Figure 10. Safety performance indicator values for all 132 elementary sections: (a) Excess of expected
crashes over predicted crashes; (b) SAPO.

The 60 most dangerous sections, according to the excess of accidents, are then analyzed
in more detail to understand if the safety ranking is comparable to that obtained with SAPO.
Since SAPO only classified 18 sections as dangerous, the remaining 42 sections classified as
critical by the excess of crashes would be neglected. Thus, the SAPO is computed again
(as detailed in Equation (9)) according to the local base value of accident cost density
(BTCljp¢q1) and not based on the average Italian base value defined by the Italian guidelines
(BTCI) [5].

Ny Co + Nf-Cf

SAPOlacul = I

— (BTCl}peq1-365-AADT) /10° ©9)

The local base value of accident cost density (BTCIjye,;) is computed according to
average annual daily traffic (AADT), the overall length of the analyzed road section
(L), and the actual number of road fatalities (Ny;) and injuries (Ny) that occurred on
the analyzed road section. The obtained value for the present case study is equal to
11.70 €/(1000-veic-km). Since this value is lower than the suggested national average,
the road in question is generally less dangerous than the average proposed by the Italian
guidelines [5] for Italian rural roads. For this reason, the local SAPO may classify some
sections as dangerous that were excluded by the global SAPO.
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It is then possible to compare the excess of crashes with the global SAPO and the local
SAPO for the 60 most critical road sections, as represented by Figure 11, where elementary
sections are sorted in ascending order by excess of crashes. Among the 60 sections with a
positive excess of crashes, 18 have a positive value for global SAPO and 39 have a positive
value for local SAPO. Therefore, the local SAPO exhibits a better capacity to identify critical
road sections compared to the global SAPO.

2.5

Excess of crashes
2.0

--e--Local SAPO

--e--Global SAPO

Excess of crashes [crashes/year/km]
N
S
3

SAPO - Safety Potential [k€/km -year]

123456 7 8 91011121314151617 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60
Elementary sections of 1 km

Figure 11. Comparison of the excess of crashes, SAPO, and local SAPO for the 60 most critical sections
based on the excess of crashes, sorted in ascending order by excess of crashes.

Peaks in SAPO values (exceeding 400 k€ /km-year) correlate with incidents involving
road fatalities. Figure 12a,b illustrate the correlation between the excess of crashes and
both global SAPO and local SAPO, respectively. Local SAPO shows a better correlation
with the excess of crashes, likely due to its ability to account for specific study context
characteristics rather than relying on the average cost density in Italy. Furthermore, it can
be seen that almost no elementary section has positive values of SAPO and negative values
of excess of crashes (upper left quadrants of the graphs in Figure 12a,b), which implies
that the safety indicator “excess of crashes” is almost always effective in identifying critical
road sections. In addition, the excess of crashes makes it possible to identify an additional
number of potentially dangerous sections where crashes occurred without fatalities and
would therefore be ignored by the SAPO. These sites are those that fall in the lower right
quadrants of the graphs in Figure 12a,b.

6.4. Inspection Prioritization

With the aim of defining a possible approach to planning on-site inspections, a different
scale of priority could be assigned according to the defined safety indicators. When
considering the excess of crashes based on the HSM procedure and the SAPO proposed by
the Italian guidelines, the following method could be adopted:

o If both the SAPO and the excess of crashes are positive, the elementary sections
certainly show a critical safety condition and should be assigned high priority for
inspection.

e If only one of the two indicators is positive and the other is negative, a moderate
priority should be assigned, and the elementary sections with higher values of that
specific safety indicator should be inspected first.

e  If both the SAPO and the excess of crashes are negative, the elementary sections have
less critical conditions and can be assigned a low priority for inspection.
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Figure 12. Correlation between the excess of crashes and: (a) Global SAPO; (b) local SAPO.
Considering the 132 elementary sections of 1 km, the subdivision into different classes
of priority could be performed, as summarized in Figure 13. When using the global SAPO,
18 elementary sections are assigned to the high priority level, whereas when using the local
SAPO, 39 elementary sections are assigned to the same level. In addition, almost no sites
classified as potentially risky by SAPO are neglected by the excess of crashes. Conversely,
42 sites and 21 sites alerted by the excess of crashes are neglected by the global SAPO and
local SAPO, respectively. This means that the HSM procedure leads to a more cautious
safety assessment with respect to the SAPO, which is still affected by the regression to the
mean.
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Excess of crashes <0 Excess of crashes >0 Excess of crashes <0 Excess of crashes >0
150 Global SAPO >0 Global SAPO >0 150 Local SAPO >0 Local SAPO >0
G G
@ '® MODERATEPRIORITY  HIGH PRIORITY @ '® MODERATEPRIORITY ~ HIGH PRIORITY
é 50 0 sites 18 sites E 50 1 site 39 sites
= =
~ ~
g 0 g 0
O s O s
< Excess of crashes <0 Excess of crashes >0 < Excess of crashes <0 Excess of crashes >0
9 100 Global SAPO <0 Global SAPO <0 9 00 Local SAPO <0 Local SAPO <0
© ©
e Qo
Ch LOW PRIORITY | MODERATE PRIORITY S LOW PRIORITY | MODERATE PRIORITY
o . . - -
~200 72 sites 42 sites 2200 71 sites 21 sites
-250 -250
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Excess of crashes [crashes/year/km] Excess of crashes [crashes/year/km]
(a) (b)

Figure 13. Subdivision of the 132 elementary sections into different levels of priority according to the
excess of crashes and: (a) Global SAPO; (b) local SAPO.

It is important to note that the excess of expected crashes over predicted ones is more
consistent with the goal for the 10-year period between 2020 and 2030, which is to reduce
the number of road deaths and serious injuries by 50% [2]. The condition of SAPO greater
than zero would, in practice, neglect crashes with only injuries, even if serious, and zero
fatalities.



Appl. Sci. 2024, 14, 6663

21 of 24

7. Conclusions

This study aimed to assess the effectiveness of various safety performance indicators
in evaluating the actual safety level of the road network. This evaluation is crucial for
prioritizing road sections for field inspections and, if necessary, subsequent maintenance.

Traditional safety indicators based on observed crashes are subject to regression to
the mean and influenced by the stochastic nature of accidents. Therefore, safety indicators
based on the US Highway Safety Manual approach were also considered. The application
of the US HSM model to the Italian context required calibration to suit different average
conditions. The calibration result can be applied to similar contexts unless significant
boundary condition changes occur.

The study evaluated six different safety performance indicators across elementary
road sections of constant length (1 km). These indicators enabled different safety rankings
for the elementary sections. In particular, two safety indicators are compared: the excess
of expected crashes over predicted crashes, based on the US HSM model, and the Safety
Potential (SAPO) proposed by the Italian guidelines and relying solely on the observed
crashes. As a result, the excess of expected crashes indicator is more conservative in
identifying critical sections, with some sections classified as dangerous by this indicator
being ignored by the SAPO. This disparity might be due to the fact that the SAPO is affected
by the regression to the mean of observed crashes and is mainly focused on road fatalities.

Moreover, a local SAPO is proposed as an alternative to the safety indicator defined by
the Italian guidelines (global SAPO). The local SAPO considers base cost density specific to
roadway sections rather than relying on the national average value, as suggested by the
Italian guidelines [5] for the global SAPO. In fact, the local SAPO shows a better capability
to identify critical roadway sections with respect to the global one.

The excess of crashes effectively identifies potentially critical conditions in sections
with both fatalities and injuries, whereas SAPO prioritizes crashes with fatalities.

The safety ranking is crucial for organizing field inspections, which are time-consuming
but essential for determining the actual causes of accidents. Thus, safety indicators should
be employed to assign a priority level to road sections. When available, it is always appro-
priate to rely on more than one safety indicator and possibly introduce the safety indicators
based on the HSM procedure, which allow to overcome the issue related to the regression
to the mean. A possible approach to assigning priority based on the excess of crashes and
SAPO is detailed in Section 6.4. However, the proposed solution is based on just two safety
performance indicators and represents one of the possible options. In fact, a more extensive
and detailed analysis would be needed to include additional indicators in the method or
even to adjust the approach according to the available indicators in order to refine the result
and more precisely select the sites for on-site inspection.

Then field inspections can be conducted according to the assigned priority. In this
way, if the on-site inspection reveals the presence of critical infrastructure conditions,
maintenance interventions could be planned accordingly. Thanks to the safety ranking, it
would be quicker and more immediate to focus attention on the most dangerous locations.

Utilizing predictive methods allows for assessing the potential impacts of maintenance
interventions before implementation. Cost-benefit analyses aid in selecting the most
beneficial intervention among different alternatives and prioritizing urgent needs across
different locations based on safety considerations. A further agenda could focus on refining
these predictive approaches to optimize resource allocation and enhance safety outcomes
across the road network.
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