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Abstract

In the road traffic safety domain there is a need for using proactive (non-crash-based)
indicators, known as safety performance indicators (SPIs). Traffic speed based on big data
(floating car data [FCD]) could help develop network-wide SPIs, but related knowledge and
experience are insufficient so far. The authors attempted to fill this gap by using nationwide
Italian FCD to develop speed-related SPIs and validating their relationship to crashes to see
their potential explanatory value. The authors calculated the coefficient of variance (CV),
congestion index (CI), and the number of incidents as candidate SPIs. For validation, the
authors used linear correlation, crash frequency model, and ranking consistency. Incidents
turned out to be the best SPI, especially for motorways.

1 INTRODUCTION

From a global perspective, the level of road safety is unaccept-
able. According to the latest overview [1], road crashes bring
1.35 million deaths each year and present the first leading cause
of death for children and young adults (5–29 years of age). The
long-term targets, which aimed at a 50% reduction in the num-
ber of deaths, have not yet been achieved [1]. Specifically in the
European Union, the trend is positively downward; however,
in recent years, it has stagnated and currently every year 25,000
people die on EU roads and more than 135,000 are seriously
injured [2, 3, 4].

It is generally accepted that safety plans and targets need to
be monitored periodically to verify the progress made and to
adopt necessary changes based on recent trends observed [5,
6]. The number and severity of traffic crashes have been used as
traditional indicators–however, these present only ‘the tip of the
iceberg’ since they occur as the worst case of unsafe operational
conditions of the road traffic system [7]. This has motivated the
development of so-called ‘safety performance indicators’ (SPIs),
originally defined as any measurement that is causally related to
crashes or injuries and used to monitor safety performance or
understand the process that leads to crashes [8]. Later in the
frame of the SafetyNet project, the following purposes of SPIs
were summarized [9]:

- to reflect the current safety conditions of a road traffic system,
- to measure the influence of various safety interventions,
- to compare different countries, regions etc.
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The European Transport Safety Council (ETSC) [8] report
introduced a set of seven SPIs focused on: alcohol and drugs,
speed, protective systems, daytime running lights, vehicles,
roads, and trauma management. In the current EU Road Safety
Policy Framework 2021 to 2030, the set increased to eight SPIs
(labelled as ‘key performance indicators’ [KPIs]): speed, safety
belts, child restraint systems, protective equipment, driving
under the influence of alcohol, driver distraction by handheld
devices, vehicle safety, infrastructure safety, post-crash care [4].

In parallel, there have been numerous studies using ‘surrogate
measures of safety’ (SMoS), which may serve as an alternative or
complement to traditional (crash-based) safety analyses. Most
often SMoS are used to assess the safety of road infrastructure
(for an overview see, e.g., [10, 11, 12]). In addition, SMoS data
collection and analysis methods have recently employed various
advanced sensing technologies [13], such as automated video
analysis, Light Detection and Ranging (LiDAR), or floating car
data (FCD). Nevertheless, these techniques are usually limited
to individual sites; the exception is FCD, which is big data
collected from dedicated sensors embedded in-vehicle probes
travelling in the road network and is thus relatively unlimited in
time and space [14].

SMoS have also been used for studying driving behaviour,
assessing driving styles or driver profiling, and using nat-
uralistic driving in instrumented vehicles or with on-board
devices. The obtained information may then be utilized in
various usage-based insurance (pay-as-you-drive/pay-how-you-
drive) schemes. More information is available, for example, in
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2 AMBROS ET AL.

reviews of Horrey et al. [15], Tselentis et al. [16], or Singh and
Kathuria [17].

Especially, speed is interesting from the perspective of SMoS
since there is a well-documented relationship between speed
and safety. For example, the Power Model [18] related the effects
of mean speed changes to the number of crashes of different
severity and was validated in various road environments and on
various levels [19–21]. In addition, speed may be used to fur-
ther calculate derivatives such as acceleration or jerk. There are
a number of approaches to speed estimation [22]; speed can
also be conveniently obtained from FCD, either from global
positioning system (GPS) or accelerometer data. Using FCD
to obtain speed data has several advantages over traditional
measurement techniques, such as roadside traffic counters or
inductive loops. FCD enables network-wide data collection, as
well as the availability of historical data, which is an ideal source
for before-after studies.

We decided to focus on speed-related indicators, which can
be conveniently obtained from FCD and used to assess the
safety of countries or regions similarly to SPIs. More details on
FCD-based and speed-related SMoS were recently summarized
by Ambros et al. [23].

Our objective was to develop speed-related SPIs from FCD
and explore their validity. The subsequent text introduces a
Literature review, followed by Data and methods, Results, and
Discussion and conclusions.

2 LITERATURE REVIEW

In principle, both SMoS and SPIs/KPIs share similar moti-
vations and definitions. The difference between them is that
they have been applied on different spatial levels: SMoS on the
micro-level (road sections or intersections), and SPIs/KPIs on
the macro-level (countries and regions).

When developing an alternative indicator, its reliability and
validity should be ensured. In the context of FCD-based speed,
reliability means the relationship to the ‘ground truth’, that
is, speed obtained from traditional sensors. Validity may be
interpreted as the relationship to crashes as a traditional safety
indicator; as noted by Tarko et al. [12], to be useful for trans-
portation safety applications, there must be a possibility for
non-crash events (i.e. SMoS/SPIs) to be converted into a
corresponding crash frequency and/or severity.

The following paragraphs present examples of previous stud-
ies, which used FCD to obtain speed-related indicators, and
included some form of reliability and/or validity test.

Firstly, several studies focused on speed and safety on
selected roads, for example:

- Pei et al. [24] used GPS data from 480 taxis and assigned it to
112 road segments in Hong Kong. Their analysis confirmed
that average speed plays a significant role in crash risk.

- Wang et al. [25, 26] used FCD from 15,000+ taxis travelling
on urban arterials in Shanghai to derive speed and speed vari-
ation. Using statistical models, both variables were shown to
be positively associated with crashes: an increase in speed was

associated with an increase in total crashes, and larger speed
variation was also associated with increased crash frequency.

- Using a database of FCD from private cars, buses, and trucks,
Gitelman et al. [27] developed models for 179 road sections
in Israel, which linked speed, injury crash data, traffic volume,
and road infrastructure characteristics. The models demon-
strated a positive relationship between mean speeds and
crashes while controlling for traffic and road characteristics.

- In a series of Canadian studies [28–31], several SMoS were
derived from smartphone GPS data collected in Quebec
City, Montreal, and Ottawa. The measures, including braking,
congestion, average speed, and speed variation, were incor-
porated into statistical models and found related to crash
frequency and severity.

- Based on FCD from HERE, National Performance Manage-
ment Research Dataset (NPMRDS) was made available in the
USA and used in several studies focusing on speed–safety
relationship: for example, Banihashemi et al. [32] in the Wash-
ington State, Ederer et al. [33] on Georgia State Route 6, Das
et al. [34] in Ohio and Washington states.

- In Italy, the research on speeds from FCD has not been
focused on safety. For example, De Fabritiis et al. [35] devel-
oped and tested two algorithms to perform travel speed
predictions for a specific road link by directly using current
and near-past average FCD travel speeds. Fusco et al. [36]
also proposed a method for short-term speed predictions on
large networks based on raw FCD. Only one paper was found
where drivers’ speeds from FCD are compared to theoretical
safety speeds determined from road geometry [37].

Secondly, several studies collected FCD on a wider scale
(across a country). While they tested reliability (comparability of
FCD-based speed to fixed loops), they did not consider validity
(relationship to crashes)

- Bekhor et al. [38] estimated speed from FCD on approx.
1600 road sections in Israel and compared it with speeds
obtained from loops. The authors reported a ‘relatively good
fit between speeds measured by the two methods, with a
downward bias for the GPS speeds’.

- In a network of 500 rural road locations, Diependaele et al.
[39] obtained speed from FCD. When compared with loop
data, FCD speed was on average almost 10 km/h higher.

- Jurewicz et al. [40] determined speed from probe data
on 235 locations in the Australian state of Victoria. The
obtained FCD speed was lower than the speed measured by
loops.

More examples of comparative studies are provided in a
review by Ambros et al. [23]: interestingly, some found that
FCD-based speeds were higher than loop-based speeds, and
some found an opposite tendency. This may stem from dif-
ferences between time mean speed and space mean speed
[38], as well as from the complexity of estimation of free-flow
speed (FFS) from FCD and uncertain representativeness of the
FCD fleet to a driving population [41]. This emphasizes the
necessity of testing the validity of FCD-based speed indicators;
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AMBROS ET AL. 3

as indicated by Gitelman et al. [27] and Jurewicz et al. [40], using
FCD data may lead to the development of a new generation of
Power Models.

In sum, the first group of speed-safety studies adopted a
detailed approach on a sample of sites, usually cities or US states;
their goal was not to represent the whole country, as is the idea
behind SPI. On the other hand, the studies in the second group
were closer to SPI principles; however, they focused only on
speed reliability and did not test the relationship between speed
and safety.

Based on this overview of the state-of-the-art, we attempted
to fill the identified gap by using nationwide FCD to develop
speed-related indicators and validating them against crashes to
see their potential value as SPIs.

3 DATA AND METHODS

3.1 Data description

The primary data source was FCD from OCTO Telemat-
ics. This big data contains both personal and freight vehicles,
and private and commercial vehicles. Each monitored vehicle
is equipped with a black box that records GPS measure-
ments (position, heading, speed, quality) which are periodically
transmitted to a data processing centre every 3 min. The
data processing centre matches the received data to the
road network to estimate link travel speeds. According to
De Fabritiis et al. [35], the accuracy of the provided esti-
mates is over 90% on the entire road network, compared
with measures coming from Automatic Vehicle Identification
(AVI).

We selected all FCD from March 2010. The total number of
vehicles with at least one trip recorded was about 700,000 vehi-
cles, representing about 2% of the car fleet. The penetration rate
in 2008 was about 1.7% of the Italian privately owned car fleet
and is projected to rise to 3% by the end of 2009 according to
De Fabritiis et al. [35].

To assess the representativeness of the sample, we com-
pared the distribution of monitored vehicles by the 110 Italian
provinces in the FCD dataset with one of the national vehicle
fleet obtained from the Italian National Institute of Statistics
(Istat), excluding motorcycles, buses, and trailers. The corre-
lation coefficient was 0.94. In terms of percentage points,
the maximum difference found was 2.5%, while in 80% of
provinces the difference was below 0.55%. Based on these find-
ings, we assume that the sample represents the geographical
distribution of vehicles quite well.

We also compared the percentage distribution of Italian driv-
ing licenses as of 9 January 2011 (the data was not available
for 2010) by gender and age (data source: Italian Ministry of
Infrastructure and Transport) with the corresponding distri-
bution in the FCD dataset (see Figure 1). It has to be noted
that in this dataset the information available refers to the
owner of the vehicle and that for about 19% of the cases
gender and age group are not known because it is a company
vehicle.

FIGURE 1 Active driving licenses as of 10 January 2011 by age group and
gender in Italy and the FCD dataset.

The correlation coefficient between the distributions by age
group is 0.93. Considering the distributions concerning the
female gender, the correlation is even higher (0.98), while for
the male gender it is lower (0.81). The latter value is mainly due
to the difference for the over 64 age group, which accounts for
19% of licenses in the national driving population and 12% in
the FCD dataset. When assessing representativeness, however,
it should be borne in mind that the use of a car by drivers in
this age group (> 64) is lower, so the FCD sample is likely to be
even more representative in terms of mileage.

From available data, we selected the following variables:

- average speed (km/h),
- speed variance,
- number of incidents (defined as events with serious average

impact where acceleration/deceleration values remain, for a
sufficient period, equal to or greater than 2 g),

- vehicle-kilometers (VKM),

Average speed V̄ and speed variance VAR(V ) were calcu-
lated as follows: let di,p,r ,t be the distance travelled by vehicle i in
province p on road type r during time interval t, and let ti,p,r ,t be
the time spent by vehicle i to cover the distance di,p,r ,t .

V̄ =

∑N

i=1 di,p,r ,t∑N

i=1 ti,p,r ,t

VAR (V ) =

√√√√√√∑N

i=1

di,p,r ,t
2∕ti,p,r ,t

∑N

i=1 ti,p,r ,t

− V̄ 2

The secondary source was crash data from the CARE
database, which hosts detailed data on individual road crashes
resulting in death or injury in the European Member States.
Data are standardized using a Common Accident Data Set
(CaDaS; [42]). Severity levels were distinguished as fatally
injured (FAT) or injured (INJ). Since fatalities had relatively low
frequency (on average 6 % FAT vs 94 % INJ), we combined
both categories (FAT+INJ).
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4 AMBROS ET AL.

TABLE 1 Descriptive characteristics of data

Min. Max. Mean Std. Dev.

Speed (km/h) Urban 20.270 48.987 30.259 4.408

Motorway 64.293 122.442 105.393 9.568

Rural 32.205 73.572 48.294 6.691

Speed variance (CV) Urban 0.148 0.235 0.187 0.019

Motorway 0.000 0.083 0.046 0.024

Rural 0.077 0.154 0.110 0.013

Congestion index (CI) Urban 0.001 0.039 0.016 0.006

Motorway 0.000 0.038 0.002 0.007

Rural 0.001 0.041 0.015 0.007

Incidents Urban 1 294 22.654 41.861

Motorway 1 16 2.786 3.403

Rural 0 86 7.818 11.614

Vehicle-kilometres (VKM) Urban 1.858 × 10+08 3.331 × 10+10 3.081 × 10+09 4.616 × 10+09

Motorway 3.465 × 10+07 1.814 × 10+10 1.874 × 10+09 2.503 × 10+09

Rural 2.974 × 10+08 1.966 × 10+10 3.291 × 10+09 3.243 × 10+09

Crashes Urban 2 1652 118.700 218.978

Motorway 1 144 11.808 19.821

Rural 4 175 27.741 23.125

We did not obtain raw data, but several aggregations. From
possible alternatives, we selected a combination aggregated by

- provinces
- road types

◦ urban roads
◦ motorways
◦ rural roads

- 10 time intervals (night defined between midnight to 6, day
split into nine 2-h intervals)
◦ 0 (00:00–05:59)
◦ 1 (06:00–07:59)
◦ 8 (20:00–21:59)
◦ 9 (22:00–23:59)

Descriptive characteristics of data, aggregated by provinces,
are listed in Table 1. In addition to the mentioned vari-
ables (speed, incidents, vehicle kilometres, crashes) it contains
also additional variables (speed variance and congestion index)
which are described in the following subsection.

3.2 Methods

Based on the state-of-the-art and available data we anticipated a
link between the three elements

- potential SPIs
◦ speed
◦ number of incidents

- number of crashes

FIGURE 2 Illustration of visual identification of peak hours from VKM
sums as time intervals 2, 6, 7.

Instead of using average speed and/or speed variance, we
decided to use the coefficient of variance (CV). This standard-
ized speed indicator is computed as standard deviation (i.e.
square root of speed variance) divided by the mean (i.e. average
speed).

CV =
standard deviation

mean
=

√
speed variance

average speed

Following Stipancic et al. [28–31], we added the conges-
tion index (CI), which expresses the relationship between FFS
and average speed. Using MS Excel Conditional Formatting of
VKM sums (see Figure 2) we visually defined peak hours as time
intervals 2, 6, 7 (i.e. 8–10 and 16–20 o’clock). Then FFS was
defined as speed from off-peak hours. Average speed relates to
all-time intervals together, that is, both peak and off-peak hours.

CI =

{
FFS−average speed

FFS
i f FFS > average speed

0 otherwise
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AMBROS ET AL. 5

FIGURE 3 Expected link between speed, incidents, and crashes

FIGURE 4 Scheme of combinations used in calculation of correlation

CV and CI are indicators already tested in other studies that
showed a good relationship with the frequency and severity
of accidents in the off-peak period [28]. These indicators (CV
and CI) were calculated at the level of the provincial road net-
work. They were also calculated for different time intervals and
three road categories. Since they are normalized measures of
speed, they allowed comparisons both between different road
categories and time intervals and with results obtained in other
contexts.

The expected link between the elements is visualized in a
causal chain (Figure 3).

Should there be a statistical relationship between the ele-
ments, the causal chain will hold, that is, there will be a valid
link. In this case, speed and incidents indicators may be used as
SPIs.

According to an overview of SMoS validation studies [11],
there are several different approaches to validation, from which
we chose the following two: linear correlation and the crash fre-
quency model. Next, we added ranking consistency, which is
similar to the ‘method consistency test’ as used with hotspot
identification methods [43, 44-46].

Validation 1: Linear correlation

We proved by the Shapiro–Wilk test that the samples did not
follow a normal distribution (p = 0.000 < 0.05). Therefore,
we used the Spearman correlation coefficient, which is rec-
ommended for non-normal data. We calculated the correlation
coefficients in three pairs, as indicated in Figure 4. Originally,
we planned to use aggregations by province, road type, and time
intervals; however, splitting by time intervals turned out to result
in relatively small samples. Therefore, we used only aggregation
by province and road type.

Validation 2: Crash frequency model

The model was built in IBM SPSS with

- number of crashes as a response variable,
- speed, incidents, and VKM as potential explanatory variables.

As mentioned above, the input samples were not normally
distributed. Thus following safety modelling state-of-the-art
[47–50], we developed generalized linear models (GLMs),
assuming negative binomial error distribution and logarithmic
link function (i.e. VKM was added as a natural logarithm).

Our goal was to add explanatory variables as long as they:

1. have a statistically significant influence on at least 90% level
(p ≤ 0.10),

2. have a logical sign (VKM, incidents, speed should be
associated with crash increase).

Validation 3: Ranking consistency

Additionally, we deemed it practical to enable ranking the
provinces based on their safety level. This means we needed to
ensure that ranking based on potential SPIs is consistent with
ranking based on crash numbers. The idea of the test is that a
list of provinces, which were identified as ‘unsafe’ (i.e. on the
top of the list ranked in the descending order) by the tested
method, should be similar to the list of segments identified by
the standard method. Then the tested method, which identifies
segments with the largest overlap with the list of segments by
the standard method, is more consistent.

The results of the validation are reported in the following
section.

4 RESULTS

Validation 1: Linear correlation

Spearman correlation coefficient was calculated in IBM SPSS
for the correlation pairs indicated in Figure 3. Table 2 reports
the results for the road types, together with achieved levels
of statistical significance p (in italics). We adopted the thresh-
old level p ≤ 0.10; the values under this threshold (with two
exceptions) are listed in bold.

In sum, the highest correlation coefficients (approx. 0.6 and
more) were found between incidents and crashes. The remain-
ing pairs (speed + incidents, speed + crashes) had coefficients
in the range 0.2 to 0.6, with the lowest values on rural roads and
the highest values on motorways. It is also interesting to note
that in urban areas, congestion seems to have a higher correla-
tion with incidents than speed variability, whereas the opposite
is true on rural roads.

The relatively low values may not be too surprising. For
example, Stipancic et al. [31] reported Spearman correlation
coefficients between speed and crashes, of which none exceeded
0.6.

Validation 2: Crash frequency model

Parameters of built crash frequency models are listed in
Table 3:
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6 AMBROS ET AL.

TABLE 2 Spearman correlation coefficients and achieved levels of
statistical significance (in italics)

Urban Incidents Crashes

Speed CV 0.22 −0.10

0.022 0.310

Speed CI 0.29 0.30

0.002 0.002

Incidents 0.65

0.000

Motorway Incidents Crashes

Speed CV 0.65 0.34

0.000 0.003

Speed CI 0.64 0.35

0.000 0.002

Incidents 0.81

0.000

Rural Incidents Crashes

Speed CV 0.27 −0.16

0.004 0.107

Speed CI 0.19 0.17

0.046 0.083

Incidents 0.59

0.000

TABLE 3 Parameters of crash frequency models

B SE p R2

Urban (Intercept) −10.615 1.219 0.000 0.56

ln VKM 0.695 0.059 0.000

Speed CI 18.972 9.849 0.054

(ODP) 0.296 0.045

Motorway (Intercept) −14.926 2.881 0.000 0.73

ln VKM 0.815 0.133 0.000

Speed CI 19.482 12.700 0.125

(ODP) 0.238 0.082

(Intercept) −13.833 2.349 0.000 0.76

ln VKM 0.654 0.116 0.000

Speed CV 39.446 8.647 0.000

(ODP) 0.129 0.049

(Intercept) −8.767 3.879 0.024 0.83

ln VKM 0.520 0.182 0.004

Incidents 0.112 0.044 0.011

(ODP) 0.199 0.071

Rural (Intercept) −10.251 1.050 0.000 0.57

ln VKM 0.616 0.049 0.000

Speed CI 9.732 6.119 0.112

(ODP) 0.146 0.025

FIGURE 5 Graphs of ranking consistency

- B (SE) … standardized regression coefficient (plus its
standard error)

- p … achieved a level of statistical significance
- R2 … model goodness-of-fit
- ODP … overdispersion parameter

In two cases the p-value (marked red in Table 3) exceeded the
original threshold of 0.1. Since the exceedance was not much
high (approx. 0.1), we kept the models in the list.

All explanatory variables (VKM, speed CV, speed CI, inci-
dents) had a logical (positive) sign. Also, model goodness-of-fit
was satisfactory: the R2 values were between approx. 0.6 and 0.8,
which is comparable to [31] who reported values up to 0.85.

Models for motorways had the highest R2 values. Regarding
the indicators, the model with incidents performed the best.

Validation 3: Ranking consistency

For illustrative purposes, ranking consistency was assessed for
four variants of top selection from the ranked list of 110
provinces:

- 10% = 11
- 25% = 28
- 50% = 55
- 75% = 83

The results are reported in Table 4 and visualized in Figure 5.
Based on the results we may comment that

- rural roads performed the worst, motorways performed the
best (similarly to previous validation steps)

- incidents had the highest values of all indicators (approx. 60%
and more)

For illustration, it may be noted that previous studies with the
same ranking test [44–46] mostly reported values around 50%.
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AMBROS ET AL. 7

TABLE 4 Results of ranking consistency test

Speed CV Speed CI Incidents

Top selection Urban Motor-way Rural Urban Motor-way Rural Urban Motor-way Rural

10% 11 36% 55% 9% 45% 27% 18% 73% 82% 55%

25% 28 36% 58% 25% 40% 58% 33% 58% 65% 58%

50% 55 49% 60% 53% 60% 51% 58% 73% 75% 76%

75% 83 80% 91% 74% 81% 76% 78% 87% 80% 85%

5 DISCUSSION AND CONCLUSIONS

The objective of the study was to develop a speed-related
indicator from big data (FCD) and explore its validity. We
used both crash and FCD data aggregated at the Italian
province level. Validity was tested by three different approaches,
and we obtained the following results:

- Linear correlation:
◦ highest between incidents and crashes
◦ lowest on rural roads, highest on motorways

- Crash frequency model:
◦ models for motorways had the highest R2 values
◦ the model with incidents performed the best

- Ranking consistency:
◦ rural roads performed the worst, motorways performed

the best
◦ incidents had the highest values of all indicators

In sum, incidents turned out to be the best (i.e. the most valid)
SPI, especially on motorways. This may be due to the fact that
on motorways the geometric characteristics and traffic compo-
nents are more homogeneous, in sufficient technical conditions,
and with access restrictions. This homogeneity may explain the
low values of speed variance and CI, as shown in Table 1, and
its better ability to reflect the safety performance (incidents and
crashes). In contrast, rural and urban roads have many hetero-
geneous characteristics and other risk factors may play a role,
which masks the real impact of speed. This is especially true
in urban areas with a high variety of users, the presence of
intersections, pedestrian crossings etc.

However, some limitations of the study should be high-
lighted.

Aggregated data. It was not possible to access the raw data;
the available data had already been aggregated at the level of
Italian provinces and municipalities. The analysis was carried
out at the level of provinces to achieve better representative-
ness, with more homogeneous and significant penetration rates.
It would be beneficial to undertake further analyses at a lower
level, potentially including more road-related attributes, such as
number of lanes, traffic lights, or roadside conditions. Access
to raw data would also allow for better map-matching and
overcoming some of the problems highlighted in the next point.

Definition of road categories. The definition of urban and rural
road categories is also complex. In metropolitan areas, it is dif-

FIGURE 6 Provinces by penetration rate and incidents per crash ratio

ficult to perfectly distinguish between urban and rural roads; in
rural areas, the road cross-section may vary between a typical
two-lane road and a national road similar to a motorway. Such a
mix of characteristics may create a bias and affect the results.

Definition of traffic flow. Traffic may be either free-flow or con-
gestion, and each of these traffic flow conditions has a different
influence on speed, as well as road safety [51]. It would be thus
beneficial to distinguish these conditions in related analyses. For
this purpose, knowledge of gaps between the vehicles would
be necessary—but it is in principle unavailable when using data
from floating vehicles, which represent only a sample of driving
vehicles. Without this information, as was the case in our study,
the results represent a mix of both free-flow and congested
conditions.

Representativeness of the fleet. The monitored vehicle fleet (deter-
mined as the total number of vehicles that made at least one
trip in the month observed) represents about 1.7% of the total
Italian fleet. The penetration rate is variable from province to
province and varies from a minimum of 0.48% to a maximum
of 3.91%.

A relationship is observed between the fleet penetration rate
and the number of incidents per crash in a province. As the pen-
etration rate increases, the ratio of incidents per crash increases
(correlation coefficient of 0.65; see Figure 6). In general, a pene-
tration rate higher than 2% corresponds to an incident per crash
ratio greater than 0.17.

Seeing the highlighted limitations, the presented paper may
be considered a rather preliminary (exploratory) study, which
provides points for further research. Future studies should ana-
lyze the relationship between speed, incidents, and crashes while
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taking into account the geometric and functional characteristics
of roads that influence vehicle speeds (such as the number of
lanes, the presence of roadside verges, or traffic islands). The
possibility of accessing raw FCD data and the availability of
up-to-date geographical road databases such as OpenStreetMap
would make it possible to map-match the road network accu-
rately and to better define road categories that take these aspects
into account. Using other approaches to statistical validation
may be considered as well.

The main conclusions of this study can be summarized as
follows:

- The number of incidents derived from FCD in a certain area
can be used as an SPI thanks to the relevant correlation with
road crashes, allowing its use for even daily monitoring, for
example, with the elaboration of rankings of provinces by
safety level where data are available.

- The speed-based indicators (CV and CI) aggregated at the
provincial level have a good level of correlation with the num-
ber of crashes in the case of motorways, but the correlation
values for urban and rural roads are rather low. This link
should be further explored with dedicated analysis.
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