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Abstract

The performance of protocols and architectures for upcoming vehicular net-
works are commonly investigated by means of computer simulations, due to the
excessive cost and complexity of large-scale experiments. Dependable and re-
producible simulations are thus paramount to a proper evaluation of vehicular
networking solutions. Yet, we lack today a reference dataset of vehicular mobil-
ity scenarios that are realistic, publicly available, heterogeneous, and that can be
used for networking simulations straightaway. In this paper, we contribute to the
endeavor of developing such a reference dataset, and present original synthetic
traces that are generated from high-resolution real-world traffic counts. They
describe road traffic in quasi-stationary state on three highways near Madrid,
Spain, for different time-spans of several working days. To assess the poten-
tial impact of the traces on networking studies, we carry out a comprehensive
analysis of the vehicular network topology they yield. Our results highlight the
significant variability of the vehicular connectivity over time and space, and its
invariant correlation with the vehicular density. We also underpin the dramatic
influence of the communication range on the network fragmentation, availability,
and stability, in all of the scenarios we consider.

Keywords: Vehicular networks, highway traffic, synthetic traces,

vehicle-to-vehicle communication, connectivity, complex networks.

Preprint submitted to Computer Communications October 22, 2015



20

25

30

1. Introduction

A key enabling technology of future Intelligent Transportation Systems (ITS),
vehicle-to-vehicle (V2V) communication is envisioned to interconnect vehicles
into distributed, self-organized networks. The latter are expected to comple-
ment today’s mobile access architecture, and support services such as coopera-
tive awareness, collision avoidance, or data dissemination.

The emergence of large-scale vehicular networks requires that a large fraction
of vehicles is equipped with dedicated radio interfaces. Such a pervasive deploy-
ment of V2V communication is closer than one would imagine: standards for
V2V communication, such as IEEE 802.11-2012 [1], IEEE 1609 [2],0SI CALM-
M5 [3] and ETSI ITS-G5 [4] are now finalized, and regulators in the USA plan
to enforce V2V radio interfaces on all new vehicles by 2017 [5]. Early large-scale
field tests are also in progress, e.g., within the sim™ project in Germany, or
the Ann Arbor Safety Pilot in Michigan, USA.

This notwithstanding, experimental trials of vehicular networking solutions
remain an exception, due to their costs and complexity. The vast majority
of applications, protocols and architectures for upcoming vehicular networks is
evaluated via computer simulation. The dependability of results is then condi-
tional on the level of realism of the models assumed, and the representation of
the mobility of individual vehicles is often the single feature that introduces the
largest bias [6].

For that reason, during the past decade, significant efforts have been made
to gather real-world road traffic data [7, 8], develop effective tools for the sim-
ulation of vehicular movement [9-12], and generate realistic synthetic mobility
traces [13-15]. Still, a reference set of realistic, publicly shared, heterogeneous
road traffic scenarios for networking simulation is not yet available. This situa-
tion, originated by a manifest scarcity of mobility traces featuring the required
level of realism and spatiotemporal granularity, is raising questions on the de-
pendability and reproducibility of research results [16]. Within such a context,

this paper puts forward several major contributions, as follows.
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First, we take a step forward in the direction of dependable and reproducible
vehicular networking research, by providing to the community multiple novel
realistic highway traffic traces for network simulation. The traces are based
on real-world traffic count measurements that feature an unprecedented level
of detail, and are representative of heterogeneous motorway segments and road
traffic conditions, as discussed in Sec. 2.

Second, we outline a detailed methodology to generate synthetic mobility
traces of unidirectional highway traffic starting from road traffic counts. The
traces model road traffic in quasi-stationary conditions, where macroscopic fea-
tures such as the average vehicular density, speed, and out-flow observed on each
highway lane are invariant over the full span of the simulated road segment. To
that end, we leverage inherent properties of the real-world data for the per-
vehicle calibration of well-known car-following and lane-changing microscopic
models. Details are provided in Sec. 3.

Third, we characterize the vehicular network connectivity resulting from
the proposed synthetic traces. To that end, we perform a network protocol-
independent study, by adopting an instantaneous topology model, as discussed
in Sec.4. We investigate the impact of a wide range of parameters, including
time (i.e., hour of the day, day of the week), highway settings (i.e., number
of lanes, speed limits), road traffic conditions (i.e., free flow or synchronized
traffic), and V2V communication range. Our results, presented in Sec.5 un-
derscore, in all of the scenarios we considered, the following properties: (i) the
dramatic impact that relatively small communication range variations have on
the network structure; (ii) the prevalent role of the vehicular density in driv-
ing network connectivity via three-phase dynamics; (iii) the limited availability
and stability of long-range multi-hop vehicular networks, (iv) the fact that the
highway vehicular network is difficult to navigate.

Finally, a comparative review of the related literature is provided in Sec.6,

before we draw conclusions in Sec. 7.
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(a) Highway locations (b) M30 - Aerial view (c) M40 - Aerial view (d) A6 - Aerial view

Figure 1: (a) Geographical location of the measurement points on the three highways consid-
ered in our study, near Madrid, Spain: M30 (A), M40 (B) and A6 (C). (b,c,d) Close-by views
of measurement points on M30, M40 and A6.

2. Source measurement data

The synthetic traces we present in this paper are based on empirical data that
comes from real-world measurements carried out in the region of Madrid, Spain.
The data, kindly provided to us by the Spanish office for the traffic management
(Direccién General de Tréfico, DGT) and the Madrid City Council, details the
vehicular traffic conditions on the following three arterial highways.

M30. With an average distance of 5.17 Km from the city center, M30 is the
inner part of the Madrid city beltway system, which also comprises the outer-
most M40 and M50. The data employed in this study comes from measurements
along the northbound direction, close to the junction with the A-2 Motorway
and marked as A in Fig. 1la. There, M30 features 4 lanes in the main carriage-
way, as it can be observed in the aerial view of Fig. 1b. The speed limit along
M30 is 90 Km/h.

M40. Motorway M40 is part of the intermediate layer of the Madrid city
beltway system. It has an average distance of 10.7 Km from the city center, and
traverses both the most peripheral areas of the municipality as well as several
surrounding minor cities. The measurement point, marked as B in Fig. 1a, is
at the 12.7-Km milepost, where M40 traverses the suburb of San Blas and the
town of Coslada. The measures cover the southbound carriageway, in Fig. lc,

which includes 3 lanes with a speed limit of 100 Km/h.
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A6. Autovia A6 is a motorway that connects the city of A Coruna to the
city of Madrid. A6 enters the urban area from the northwest, collecting the
traffic demand of the conurbation built along it. The data collection point is
placed around the 11-Km milepost in the Madrid direction, depicted with a C
in Fig.la, where A6 features 3 lanes, as per Fig.1d. The speed limit is 120
Km/h.

2.1. Collecting fine-grained traffic count data

The sensors deployed on the three highways are induction loops, i.e., loops
of wires buried under the concrete layer and creating a magnetic field. When
a vehicle transits on the vertical axis of the loop, it induces a variation in the
magnetic field. If two loops are placed close to each other, other metrics, e.g.,
the vehicle speed and length, can be also determined.

Usually, these devices are programmed to supply coarse-grained data, since
public transportation authorities are generally interested in aggregate measures
on, e.g., the number of vehicles transiting on a road, their average speed, or
the percentage of heavy vehicles', so as to detect major alterations of traffic
conditions [17, 18]. The loops used in this work are normally configured to
supply data averaged over 60 seconds, but their setup was changed specifically
for our study, so as to provide fine-grained information on each transiting vehicle.

Not only the level of detail, but also the timing and duration of the mea-
surements are critical aspects of the data collection. Indeed, vehicular traffic
presents significant daily variability, and rush hours yield diverse traffic condi-
tions than off-peak hours, especially on main arterial roads like those we con-
sider. In order to capture such temporal heterogeneity, and compatibly with
the limitations imposed by the dedicated setup needed at the induction loops,

we collected the following datasets.

L As an example, Direccién General de Tréfico provides elaborations of the traffic count data
via the Infocar web service at http://infocar.dgt.es, with visualizations of the historical

aggregate data at the observation points.
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One day-long dataset, collected on M30 during 24 hours of a typical weekday
in May 2010. This dataset features variable conditions, from very sparse traffic
at night to heavy congestion during the morning rush hours. It thus provides
a rather complete view of the possible traffic scenarios met on a real-world
highway.
Sixteen 30-minute datasets, collected on M40 and A6. These datasets were
recorded on multiple weekdays of May 2010, during the morning traffic peak
(from 8:30 a.m. to 9 a.m.), and during off-peak hours (from 11.30 a.m. to 12
p.m.). The rationale for these shorter datasets is that they allow us to generalize
our study, by investigating the effects induced by different roads (e.g., number
of lanes, speed limits and proximity to the city center) and different weekdays.
Overall, these traffic count datasets provide a comprehensive view of het-
erogeneous traffic conditions, and they do so at a high level of detail. Their
unprecedented combination of precision and completeness makes them an ideal
input to the microscopic simulation of highway traffic, enabling the generation
of realistic mobility traces that are representative of many and varied traffic

situations.

2.2. Understanding the data
Each traffic count dataset entry records one vehicle transiting at the mea-

surement point, and includes:

e Timestamp: the time at which the vehicle transit was recorded by the

induction loop. The precision of the time reference is 100 milliseconds.
e Speed: the vehicle speed, in Km/h.
e Lane: the lane on which the vehicle transited.

An overview of the traffic count data is provided in Fig.2. The day-long
time series of the vehicular speed and in-flow on M30 are portrayed separately
for each lane in Fig.2a and Fig.2d, respectively. The in-flow is the number

of vehicles transiting by the measurement point per minute, and us typically
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Figure 2: Traffic count data overview. Per-lane speed (a) and in-flow (d) recorded during a
full day on M30, and during two sample 30-minute intervals (highlighted as gray-shaded in
day-long plots) on M40 (b,e) and A6 (c,f).

used as a measure of road traffic intensity. We remark the very low in-flow at
night, i.e., from midnight to around 7.30 a.m., where speeds also tend to be
the highest. Early morning, from 7.30 a.m. to 10 a.m. is characterized by
a significant increase of in-flow and reduction of speeds — a clear symptom of
congestion. Once the morning rush hours have passed, the traffic is quite regular
over the rest of the day, with the notable exception of some flow reduction at
around 2 p.m., i.e., lunch time in Spain. On a per-lane basis, the speed of the
rightmost lane is typically the lowest, while that of the leftmost lane is normally
the highest: this is expected, since overtaking is only allowed to the left in Spain,
which pushes faster vehicles to travel on left lanes. Also, we observe that traffic
tends to be the thickest in the central lanes, at least in standard, non-congested
situations: again, this is the common behavior in Spain, with the rightmost lane
left to heavy trucks and the leftmost one used for overtaking only.

From a traffic flow theoretical standpoint, the diverse combinations of speed
and in-flow present in the M30 dataset fall into two different road traffic states.
So-called free flow traffic [19], characterized by neatly separated speeds on dif-
ferent lanes, dominates most of the dataset. This is especially evident from 10
a.m. onward, as beforehand the traffic is either too sparse to be statistically
significant, or too thick to be in free flow. The latter situation, i.e., thick traffic
leading to congestion, is observed during the early morning, between 8 a.m. and
10 a.m. During this period, the traffic is in so-called synchronized state [19],

where the density is such that all lanes are equally jammed: indeed, we can
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Figure 3: Inter-arrival time CDF measured on May 12, 2010. Each plot refers a lane on M40
at 8:30 a.m. (a, b), A6 at 11:30 a.m. (c, d), and M30 at 11:30 a.m. (e,f). Solid black lines

represent the mixture model for each distribution.
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Figure 4: Time series of the percentage of road traffic entering M30 with exponential inter-

arrivals. Curves refer to different lanes of the highway.

remark the distinctive slower, homogeneous speeds on all lanes.

As far as the 30-minute datasets collected on M40 and A6 are concerned, the
speed and in-flow yielded by two sample excerpts are shown in the remaining
plots of Fig.2. Their time-spans are highlighted in the day-long M30 plots as
gray-shaded intervals, so as to give a better perception of how their duration
compares to that of the M30 data. Throughout all these datasets, road traf-
fic is mostly in a free flow state, but for rare and episodic spontaneous local

perturbations that rapidly disappear.

2.3. Interarrival times analysis

The analysis of vehicle inter-arrival times in the traffic count datasets we col-
lected on M30, M40 and A6 shows that a mixture Gaussian-exponential model
yields an excellent approximation of the empirical data. Fig. 3 shows the match

between the mixture model and the experimental data on multiple combinations
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of highway, lane, day and hour.

The mixture model also provides valuable information on drivers’ behavior.
On the one hand, the Gaussian part of the distribution captures bursty arrivals
of vehicles that travel close to each other at similar speeds, a behavior typical
of congested road traffic. On the other hand, the exponential part of the distri-
bution models isolated vehicles whose movement is less constrained by that of
other cars, which is normally observed in pure free flow traffic conditions.

An intuitive representation of the mixture of the two road traffic behaviors
is depicted in Fig.4. There, we portray the percentage of road traffic measured
on M30 during the whole day that exhibits exponential inter-arrivals. The value
on the y axis is expressed as the percentage of vehicles that show an isolated be-
havior (i.e., exponential inter-arrivals); clearly, the residual percentage is made
of vehicles traveling in bursts (i.e., with Gaussian inter-arrivals). Results are
divided by lane.

We observe that inter-arrivals are never purely exponential. In fact, the
Poisson arrival assumption may be a somehow decent approximation at night,
between 11 p.m. and 6 a.m. However, throughout the rest of the day, all lanes
are characterized by an even mixture of bursty and isolated arrivals. In fact, we
even remark the prominence of the first type of arrivals on the leftmost lanes
(i.e., lanes 3 and 4) between 8 a.m. and 9 a.m., i.e., during the morning traffic
peak.

Some differences also emerge among lanes. Inter-arrivals on the leftmost
lane, denoted as lane 4 in the plot, tend to have a more exponential behavior
in the general case: as shown by Fig.2d, this lane is typically less trafficked
than the others, and vehicles traveling on it are more isolated. However, during
the morning rush hours, traffic on the leftmost lanes increases significantly, and
the high speed of vehicles traveling on such lanes forces drivers to keep very
similar safety distances: ultimately, this results in very homogeneous traffic and
low-variance Gaussian inter-arrivals.

Interestingly, all the results above invalidate, in the case of our target sce-

narios, the common assumption of exponential or even uniform distribution of
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the time headway between subsequent vehicles on each lane.
For additional details on the modeling of inter-arrival times in our datasets,

we refer the reader to the discussions in [20, 21].

3. Vehicular mobility traces

Our objective is to generate road traffic traces that are representative of
unidirectional highway traffic in quasi-stationary state, i.e., such that traffic
conditions are comparable between the in-flow and out-flow boundaries of the
simulated road segments. Quasi-stationarity is a common assumption in vehic-
ular networking research, see, e.g., [17, 22-28|. It provides a controlled envi-
ronment where ungoverned road traffic phenomena (e.g., continuous road traffic
variations due to in- and out-ramps, unpredictable drivers’ behaviors, or acci-
dents) do not bias the evaluation of network solutions. Although it does not
model macroscopic perturbations induced by the aforementioned phenomena,
quasi-stationarity still allows a full-fledged representation of the microscopic
dynamics of real-world road traffic (including, e.g., varying vehicle speed due to
acceleration or deceleration, lane changes, overtakes).

In this section, we feed the real-world traffic count data presented in Sec. 2
to a microscopic vehicular mobility simulator?, based on state-of-the-art car-
following and lane-changing models (Sec.3.1) that are purposely calibrated

(Sec.3.2) so as to derive our trace (Sec. 3.3).

3.1. Microscopic models

The car-following and lane-changing microscopic mobility models imple-
mented by our simulator are IDM and MOBIL. Both models have been vali-
dated by the transportation research community, and are widely adopted for
the simulation of vehicular networks.

The Intelligent Driver Model (IDM) [29] characterizes the behavior of the

driver of a vehicle ¢ through the instantaneous acceleration dv;(t)/dt, calculated

2 Available at http://www.it.uc3m.es/madrid-traces.

10
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In (1), v;(t) is the current speed of vehicle i, v is the maximum speed its

driver would like to travel at, and Azde*(t) is the so-called desired dynamical
distance, representing the distance that the driver should keep from the leading
vehicle. The latter is computed in (2) as a function of several measures taken
with respect to the car in front of vehicle i: the minimum bumper-to-bumper
distance Az**f¢ the speed difference Av;(t), and the minimum safe time head-

way, i.e., the time the driver needs in order to react to sudden braking by the

safe

front vehicle and avoid an accident, denoted as At;

. In both equations, a
and b denote the maximum absolute acceleration and deceleration, respectively.
When combined, these formulae return the instantaneous acceleration of the
car, as a combination of the desired acceleration on an empty road, i.e., the
term [1 — (v;(t)/v™)%], and the braking deceleration induced by the preceding
vehicle, i.e., the term (Azde*(t)/Ax;(t))2.

The Minimizing Overall Braking Induced by Lane-changes (MOBIL) model [30]
builds on a game theoretical approach, and lets the driver of a vehicle 7 move to
an adjacent lane if the advantage in doing so is greater than the disadvantage

of the trailing car j in the new lane. The (dis)advantage is measured in terms

of acceleration, which translates into the inequality

_ d’l}i(t) tay Z D (d’l)cjlt(t)

. dt

d’Ui (t)
dt

dv;(t)

dt

L)—l—k-a, (3)

where the notation |- |, denotes accelerations computed as if vehicle i were
traveling on the lane to its left rather than in the current one. In (3), p € (0, 1]
is a politeness factor that models the selfishness of the driver with respect to the
new back vehicle j, k-a is a hysteresis threshold that prevents lane hopping, and
ar, is a bias acceleration that can be used to favor or limit movements to left.

An identical formulation can be used for right-hand-side lane changes, and the

11
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respective advantages can be compared to determine the final lane movement,
if any. Note that, in Spain, road traffic regulations enforce drivers to travel on
the rightmost lane whenever possible: we thus expect ag > ar and ar > 0, i.e.,
right-hand-side movements to be favored over left or no movement, if equivalent

conditions are present on all lanes.

3.2. Model parameter calibration

In order to obtain quasi-stationary traffic conditions over the simulated high-
way segment, some calibration of the IDM and MOBIL parameters are nec-
essary. Specifically, for the acceleration a, deceleration b, politeness factor p
and minimum bumper-to-bumper distance Az*®/¢ the default values suggested
in [29, 30] work well. The other parameters have instead to be adapted to the
specificities of the road traffic scenarios we considered, as summarized in Tab. 1.
We remark that ours is the first work integrating fine-grained traffic counts in
a microscopic vehicular mobility generator; in this context, the calibration pre-
sented below is mandatory in order to avoid instability in the synthetic road
traffic?.

Maximum desired speed. Vehicles are introduced in the simulation at

the time and with the speed defined by the real-world traffic count dataset.

However, we need to determine the maximum desired speed v;"** of each vehicle
i, i.e., the cruise velocity that its driver would keep if alone on the highway [29].
We proceed as follows.

First, we recall that, according to traffic flow theory, vehicles in a free flow

state have limited interactions, which allows them to travel at velocities close to

3Specifically, we recorded a significant amount of dangerous driving behaviors in the real-
world traffic count data, leading to inter-distances that are incompatible (i.e., too small)
with the speed difference (too high) among subsequent vehicles. In such a scenario, letting
vehicles move at constant speed, or choosing desired speeds and safe time headway from non-
calibrated distributions, leads to continuous accidents or extremely slow traffic. Also, removing
misbehaving vehicles is not an option, since their number is not negligible, and discarding them
would limit data realism. Our parametrization can accommodate such dangerous but realistic

situations in a synthetic mobility trace.

12
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Table 1: IDM and MOBIL parameter settings

‘ Model ‘ Parameter | Meaning ‘ Value
IDM a Maximum acceleration 1 m/s?
IDM b Maximum (absolute) deceleration | 2.5 m/s?
IDM v ar Maximum desired speed ~ fv(v)
IDM Agsafe Minimum distance 1m
IDM At?afe Minimum safe time headway ~ fr(At)
MOBIL | p Politeness factor 0.5
MOBIL | ar, Bias acceleration (left) 0 m/s?
MOBIL | ar Bias acceleration (right) 0.2 m/s?
MOBIL | & Hysteresis threshold factor 0.3

their maximum desired speed. We thus assume that real-world ingress speeds
in the free flow zone can be used as a baseline for the derivation of the desired
speeds. We identify the free flow zone in each traffic count dataset: in the
M30 dataset, as discussed in Sec. 2.2, free flow characterizes the hours from the
start of the day and 6 a.m. (when synchronized traffic first appears), and from
10 a.m. (once synchronized traffic dissolves) to midnight; in the M40 and A6
datasets, we can safely consider that road traffic is consistently in free flow.
Second, we extract the free flow speed distributions for each road, on a per-
lane basis. The corresponding Probability Density Functions (PDF) are shown
in Fig. 5a, Fig. 5b, and Fig. 5c, for M30, M40 and A6, respectively. In the latter
two cases, the empirical distributions overlap for all combinations of day and
hour, and are thus aggregated. The PDFs are separated by lane, as drivers
traveling on different lanes tend to have dissimilar maximum desired speeds.
Interestingly, all distributions have Gaussian shapes, which let us model the
maximum desired speeds as a Gaussian-distributed random variables, whose
fitted PDFs are portrayed as solid lines in Fig.5. Clearly, the mean p; and
standard deviation oy, ; of the fitted distributions vary depending on the highway
h and lane [ considered: there is a neat trend for lanes towards the left to yield

higher velocities than those towards the right, in all scenarios.

13
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Figure 5: Calculation of the maximum desired speed v]***. (a,b,c) Empirical and fitted
distributions of the free flow speed on each lane of M30, M40 and A6, respectively. (d)
Example of per-vehicle truncation and normalization of the fitted distribution, so that only

values larger than the initial speed v? are considered for v"%%, Vi.

As a third step, we adapt the final lane-dependent v[*** distribution on a

per-vehicle basis, as

0, v <y

K2

fv(v) = (4)

V2 exp(—(v—pn,1)?/207 ;) 0
Oh VT [1+erf((vg—uh,1)/ah,“/§)], v >

i

The expression in (4) truncates and re-normalizes the Gaussian distribution at
the speed v recorded in the real-world traffic count data for vehicle i. This
is graphically explained in Fig.5d. This way, the initial velocity of i, i.e., v?,
becomes the lower bound to v]"**, which guarantees that the maximum desired
speed of a vehicle 7 is never lower than v?. The opposite would be unrealistic, for
two reasons: first, it would imply that ¢ enters the simulation at a speed higher

than the maximum velocity it targets, which hardly makes sense; second, it

14
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Figure 6: Calculation of the minimum safe time headway Atiafe. (a) Reference distributions

of the typical safe time headway on each lane of M30, as inferred by the experimental flow,
speed, and inter-arrival information contained in the traffic count dataset. (b) Example of
per-vehicle truncation and normalization of the reference distribution, so that only values

smaller than the initial inter-arrival time At? are considered for Atfaf ¢, Vi.

would force an immediate braking according to the IDM model in (1), slowing
down the following vehicles and introducing an unrealistic queuing perturbation

in the highway traffic.

Minimum safe time. The minimum safe time headway At:*/® is known
to vary across real-world scenarios. In [29], the default value is 1.5 s. However,
drivers in different countries prefer diverse safe times, from 0.9 s in Germany [31]

to 3 s in some States of USA [32].

safe

;" for our scenario, we fol-

In order to determine the correct per-vehicle At
low a similar approach as that taken for the calculation of the maximum desired
speed. In this case, however, extracting the baseline empirical distributions is
less straightforward, and we opt for a mixed analytical-empirical approach, as
follows.

From the dataset, we can measure the inter-arrival times between vehicles,
which can be directly related to the At:*/® values. However, as discussed in
Sec. 2.3, the mixture Gaussian-exponential shape of inter-arrivals is known to
aggregate bursty as well as isolated arrivals [20]. The latter are generated by

vehicles that travel far away from each other: in this case, drivers are not

influenced by the behavior of nearby vehicles, and thus isolated arrivals are not
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representative of actual safety distances. As a result, we need to exclude them
from the Atf“f ¢ estimation, and preserve bursty arrivals that refer to thick
traffic, where drivers actually keep a minimum safe time headway with respect
to their front vehicle.

We resort to traffic flow theory to perform the operation above, on a per-lane
basis. On a highway h, the vehicular density p on lane [ can be expressed as

1
L+ At o

(5)

Ph,l =

where L is the average length of the vehicles, vy, ; is the average speed, and Atzalj N
is the average safe time headway [33]. From density pj,;, we can compute the

vehicular flow gy ; = pp.; - v, which results in

saje 1 L
At = — - —. (6)
qh,l Uh,1

Expression (6) directly relates Atzaif “ to the maximum value of the flow ¢,

and average speed vp,;. The maximum flow g, ; can be inferred by identifying
in the M30 dataset the time interval at which the speed breakdown occurs on
each lane in Fig.2. The average speed vy, is easily computed as the average
velocity of vehicles in free flow conditions. Considering L = 4 m as the vehicle
length, we obtain typical values of At,ﬁf ¢ on each lane of every highway. In the
M30 dataset, we have 2.11, 1.93, 1.66 and 1.52 s for lanes from the rightmost to
the leftmost, respectively. Interestingly, these values are well aligned with those
found in the literature [29, 31, 32].

The reference Gaussian distribution of safe time headway is then assigned a
mean Atfﬁlf . The standard deviation oy, ; is set such that the minimum inter-
arrival time recorded in the real-world traffic count dataset, i.e., 0.3 s, represents
the 0.99 quantile of the distribution, i.e., three standard deviations. Formally,

ol = (Atzalfe — 0.3)/3. The resulting per-lane distributions are plotted in
Fig. 6a for the M30 case®.

4An equivalent analysis is not possible for M40 and A6, since the associated traces do not
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As a final step, similar to what done for the maximum desired speed, a per-
vehicle distribution is to be determined from the lane-dependent reference ones.

In this case, the final Atfaf ¢ distribution is

V2 exp(—(At=A4 )2 /207 ) 0
- safe : 5 t S Atz
fr (At) _ ) onavT [1+erf((At?—Atth )/G'h,l\/i)] (7)

0, t> A,

where AtY is the initial inter-arrival time of vehicle i recorded in the traffic count
dataset. Again, (7) yields transformations that truncate and re-normalize the
reference distribution, as graphically shown in Fig. 6b. In this case, At? becomes

safe
%

the upper bound to At , ensuring that no vehicle enters the simulation with
an inter-arrival time that is lower than its minimum safe time headway. Such a
situation would in fact lead to sudden braking, and possibly to accidents.
Lane change bias and hysteresis threshold. In our highway scenarios,
the default MOBIL settings result in a traffic that is highly skewed towards
the left lane, which thus suffers from unrealistic congestion. We ran a compre-
hensive campaign to identify the combination of right (ar) and left (ar) lane
change bias, and lane change hysteresis threshold factor (k) that grants quasi-
stationary traffic over the different lanes. Such consistent ingress and egress
per-lane properties were obtained for ag = 0.2 m/s? ar = 0 m/s?, and k =
0.3. Interestingly, the lane change bias favor movements to the right in absence

of a clear preference among lanes, which is in compliance with road regulation

in Spain.

3.3. Synthetic mobility traces

The final synthetic traces are composed of one day-long trace describing road
traffic over the four lanes of M30, and sixteen 30-minute traces of vehicular

mobility along M40 and A6, for different day and hour combinations®. The

feature congestion periods. We assume that drivers on M40 and A6 have minimum safe time

headway values comparable to those computed for M30, and reuse the same distributions.
5 Available at http://www.it.uc3m.es/madrid-traces.
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Figure 7: Vehicular density heatmap, day-long M30 trace. Plots refer to lanes from right to

left (bottom to top). Figure best viewed in color.

traces record the position of each vehicle at every 500 ms, over a 10-Km road
stretch®.

As mentioned earlier, all traces are representative of quasi-stationary road
traffic. This clearly emerges in Fig. 7, which shows heatmaps of the vehicular
density on each lane of M30 over 24 hours: density variations at the beginning
of the trace (i.e., at distance equal to 0 Km) reflect throughout the whole length
of the road, up to the end of the simulated segment (i.e., at distance equal to
10 Km). The slight slope is normal, and due to the time required for vehicles
to traverse the highway segment. White stripes in the bottom plot indicate
occasional absence of traffic on the leftmost lane at night.

The unprecedented combination of source data granularity, temporal dura-

tion, and road heterogeneity makes these traces the current state-of-the-art for

6The road segment span is a configurable parameter in our simulator. We opted for a 10-km
distance since it is a common choice in the literature that allows evaluating the performance

of most networking solutions.
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vehicular networking studies in highway environment. This is supported by the
comparative analysis of our datasets with respect to synthetic mobility traces
used in the networking literature, as discussed in Sec. 6.

Finally, we underscore that the original methodology presented in Sec. 3.2
can be used to calibrate any model of microscopic vehicular mobility. Thus, it
is fully compatible with the models implemented by popular road traffic simu-
lators used by the networking research community, such as SUMO [9] or Vanet-

MobiSim [10].

4. Vehicular network model

We consider the mobility traces presented in Sec. 3, and analyze them from
a vehicular networking perspective. Specifically, we are interested in investigat-
ing the connectivity properties of spontaneous vehicular networks that emerge
from the mobility traces. The rationale for such an approach is that network
connectivity is the base upon which solutions at all network layers are built.
Thus, a connectivity study is, by its own nature, protocol-independent. More-
over, connectivity analyses have been shown to unveil the availability, stability
and internal structure of the network — all of which are paramount notions to
the sensible design of vehicular networking solutions [34].

As a preliminary step to our analysis, we present in this section the network
model that we assume (Sec4.1). We then leverage this model to formally define

the connectivity metrics used in our study (Sec4.2).

4.1. Instantaneous connectivity graph

Our analysis focuses on the instantaneous connectivity of spontaneous ve-
hicular networks. Therefore, at each time instant ¢, we represent the network
as an undirected graph G(V(t),E(t)), where V(t) = {v;(t)} is a set of vertices 7
v;(t), each mapping to a vehicle ¢ in the network at that time. E(t) = {e;;(t)} is

7Or nodes — the two terms will be used interchangeably.
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the set of edges e;;(t), connecting v;(t) and v;(¢) if a direct V2V communication
link exists, at time ¢, between vehicles ¢ and j.

We adopt a unit disc model to represent the radio-frequency signal propaga-
tion. Hence, an edge e;;(t) exists if vehicles ¢ and j are separated by a distance
of at most R meters at time ¢, where R is the communication range. We employ
this simple model due to the fact that deterministic (based on, e.g., ray tracing
techniques) and stochastic (based on, e.g., statistical approaches) propagation
models do not scale to the large mobile scenarios we consider, composed of tens
of thousands instantaneous graphs, each including hundreds of vehicles. Instead,
the unit disc model is computationally inexpensive, and fully captures the con-
nectivity dynamics induced by vehicular mobility, which occur at timescales in
the order of seconds.

In order to make our study as general as possible, we repeat all of our an-
alyzes for several significant values of R. Despite physical layer standards for
vehicle-to-vehicle Dedicated Short-Range Communication (DSRC) claiming up
to 1-Km ranges [35], independent experimental studies demonstrated that ac-
ceptable packet delivery ratios are constrained to much lower distances [36-39].
Extensive experimental analyses in [37] show that a distance of 100 m allows
around 80% of the packets to be correctly received in urban environments, when
using common power levels (15-20 dBm) and robust modulations (3-Mbps BPSK
and 6-Mbps QPSK). Under similar settings, R = 50 m is experimentally iden-
tified as the largest distance at which vehicle-to- vehicle communication attains
packet delivery ratios close to one [36, 37]. Conversely, R = 200 m is the
maximum distance granting a reception ratio above 0.5 [37]. The propagation
conditions appear to be even worse in pure highway environments, where R
= 50 m is found to be the threshold beyond which the packet delivery ratio
drops, on average, below 50% [38]. This occurs even when transmissions are
performed at 21 dBm, i.e., the maximum power allowed in Europe (where the
tests were performed), and using the lowest coding rate with BPSK modula-
tion, corresponding to a data rate of 6 Mbps with standardized 20-Mhz channel
bandwidth. Finally, extensive field trials on 35 highways in the United States,
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Germany, Austria, Italy, and Australia confirmed that reliable vehicle-to-vehicle
communication is achieved, in the vast majority of cases, at distances ranging
from 46 to 229 m [39]. In the light of all these results, in our analysis we will
consider R € [50,200].

4.2. Connectivity metrics

We use the graph model to define the metrics of interest to our connectivity
study. First of all, we denote the number of nodes in the graph (i.e., the
number of vehicles in the road scenario) at time ¢ as N (t) = ||[V(¢)].

We name a component C,,, (t) = G(V,,,(¢t), E,, (t)) a subgraph of G(V(¢), E(t)),
such that V,,(t) is a subset of V(¢) including all and only the vertices map-
ping to vehicles that can communicate via direct or multi-hop V2V links at
time ¢t. Similarly, E,,(t) C E(¢) includes all edges mapping to communication
links among vehicles whose corresponding vertices are in V,,(¢). We denote as
Sm(t) = [V (t)]| the size of the component C,,(t).

By definition, components are disjoint, i.e., a vertex belongs to one and only
one component at each time instant. We thus use C(t) = {C,,,(¢t)} to refer to
the set of components appearing in the network at time ¢, and C(t) = ||C(¢)||
to indicate the number of components. As a result, the average size of
components appearing at time ¢ is referred to as Squ,(t) = N (¢)/C(t).

We denote Chae(t) = Cpi(t), s.t. m = arg, max S, (t), as the largest com-
ponent appearing in the network at time ¢. As Craz(t) = G(Vinaz (6); Emax(2)),
we also use Sy (t) = ||Vinasz(t)|| to represent the size of the largest com-
ponent at the same time instant.

With reference to the internal structure of a given component, we can iden-
tify, for each pair of vertices v;(t) and v;(t) belonging to a same component
Ci,(t) at time ¢, a shortest path of length p;;(t), which corresponds to the
sequence of vertices in Cy,(t) that connect vehicles ¢ and j at minimum com-
munication hop cost. We can thus define the average shortest path of the
component C,,(t) as 1,,(t) = E(i)j))#j Dij (1)) (Sm(t) - (Sm(t) — 1)).

Finally, we name vertex degree the number of nodes directly connected
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Table 2: Notation employed in the vehicular network connectivity analysis. All metrics refer

to the instantaneous topology of the vehicular network.

‘ Parameter | Meaning
R Vehicle-to-vehicle radio-frequency communication range
N Number of network nodes
C Number of network components
Savg Average size of a (generic) component
Smaz Size of the largest component
l Average shortest path within a (generic) component
k Degree of a (generic) node

to a given vertex v;(t) at time ¢, formally k;(t) = ||{v;(t) s.t. e;;(¢)}]|. The
degree of vertex v;(t) thus maps to the number of direct V2V communication
neighbors of vehicle i.

For the sake of simplicity, we drop the time notation in the rest of the paper,
and we refer to all metrics at a generic time instant. Similarly, we consider
generic clusters or nodes, and drop the cluster and node indices. Then, N
represents the number of vertices in the network, C the number of components,
Savg the average size of a component, and Sy,q, the largest component size.
Equivalently, [ is the average shortest path of a component, and k is the node
degree of a generic vertex. Tab.2 summarizes the notation introduced above

and used throughout Sec.5 below.

5. Vehicular network connectivity

Our study of the connectivity of vehicular networks considers a variety of
highway scenarios (M30, M40, A6) and road traffic conditions (sparse overnight
traffic, daytime free flow traffic, congested traffic during rush hours). It is or-
ganized by focuses. We will first address network-wide connectivity features
(Sec.5.1), and then study how they depend on the vehicular density and com-
munication range (Sec.5.2). The availability and stability of the network are

then discussed (Sec.5.3). Finally, we investigate the internal structure of the
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Figure 8: The distribution of the number of components, C, for different mobility traces, and

under varying R values.
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Figure 9: The distribution of the largest component size, Smax, for different mobility traces,

and varying R values.

highway vehicular network, so as to assess its navigability (Sec.5.4). We sum-

marize our discussion by providing networking insights (Sec.5.5).

s 5.1. Network-wide connectivity

We start by studying the global connectivity properties of the network at
each time instant. Thus, we focus on the distributions of the number of com-
ponents C and of the size of the largest component S,,.,. Indeed, C is a mea-
sure of how fragmented the network is, while S,,4, is the maximum number of

a5 nodes that can be reached via multi-hop communication at a given time instant.
Therefore, the lower C and the larger S,q., the better connected the vehicular
network.

In Fig. 8 and Fig. 9, we present the distributions of C and S,,4., respectively.
In both figures, each plot refers to a different value of the communication range

wo R. Within every plot, each candlestick summarizes the distribution for one
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(subset of) mobility trace, and is obtained by aggregating the C or S;,q. met-
rics computed in all instantaneous graphs observed at every 500 ms during a
30-minute timespan. In the M40 and A6 cases, 30 minutes match the whole
duration of each trace, whereas in the M30 scenario we selected four represen-
tative 30-minute subsets of the day-long trace, i.e., at 7.30 a.m. (traffic peak
time), 11.30 a.m. and 5 p.m. (free flow traffic comparable to that encountered
in the M40 and A6 cases), and 11 p.m. (very sparse traffic).

Each box extends from the lower to the upper quartile of the distribution,
with a line at the median. The whiskers pinpoint the minimum and maximum
values. Also, the step function in the plots of Fig. 9 is the maximum value N,z
of N observed throughout the whole 30-minute interval. It thus represents the
upper bound, and an important benchmark value, to Sy,q4.: the closer 8,44 to
Ninaz, the nearer the vehicular network to a fully connected single component.
Communication range. When observing the plots, the most striking result
is the dramatic impact of the communication range R, whose value can dra-
matically improve or disrupt the network-wide connectivity. For R = 50 m,
there are, on average, between 20 and 50 disconnected components throughout
all datasets — excluding a few outlying situations that we will discuss later in
detail. As R grows, however, the network fragmentation is reduced, and more
nodes join the largest component: e.g., when R = 100 m, C typically drops
below 10; when R = 200 m, almost all vehicles belong all the time to one single
component. We conclude that the communication range is the first and fore-
most parameter controlling the vehicular network connectivity, as it can induce
variations in C and S,,4, that are typically much larger than those imputable
to the many and varied road traffic conditions encountered throughout the 20
datasets in Fig. 8 and Fig.9.

Vehicular density. Still, some diversity is noted across the different traces,
and, in a couple of cases, the impact of the road traffic scenario attains levels
comparable to those induced by communication range variations. Although
the relative performance of each 30-minute (sub-)trace tends to be consistent

throughout all values of R, such diversity is perhaps best observed for R = 50
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Figure 10: C and Smqz versus the number of nodes A for the M30, M40 and A6 datasets, for
different R values. Blue points represent the average C with the 5th and 95th percentile when
M30, M40 and A6 have valid N values.

m, in Fig.8a and Fig. 9a. There, both C and &,,4, show three major behaviors.
The first is that of traces referring to free flow traffic conditions, i.e., all M40 and
AG traces, plus M30 traces at 11.30 a.m. and 5 p.m.: these present a comparable
fragmentation, as the network is separated into 20-50 small components. The
second and third behaviors correspond instead to outliers. On the one hand,
the M30 trace at 7.30 a.m. yields a vehicular network that consists of a single
connected component, as C ~ 1 and S;ax ~ Nmaz. On the other hand, the
M30 trace at 11 p.m.results in extremely poor connectivity, with 70 or more
components of a few nodes each. As these outlying behaviors correspond to rush
hours and sparse overnight traffic, respectively, we speculate that the vehicular
density is the second key parameter that drives vehicle-to-vehicle network-wide

connectivity.

5.2. Laws of vehicular connectivity

We investigate whether some general law exists that can explain the fluc-
tuations of vehicular network connectivity as a function of the different system

parameters. To that end, we model the network-wide connectivity metrics, i.e.,
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C and Sz, as functions of the factors that appear to influence them the most
in the analysis of Sec.5.1, i.e., R and the vehicular density. We map the lat-
ter to the number of nodes N, following a common practice in network science
analyses [40].

Three-phase connectivity in A. Fig.10 portrays the evolution of C and
Smaz versus M. As the latter is a proxy for the vehicular density, we also report
that measure, expressed in vehicles/km, on the top x axis. For the sake of
clarity, at this time we limit our analysis to the mean behavior recorded in the
day-long M30 trace, denoted by solid black lines in all plots of Fig. 10. We will
introduce the other elements of the plots in due time.

The dynamics of both C and 8,4, are strongly dependent on . The largest
component size, in the bottom plots, features a clear positive correlation with
N'. The number of components, in the top plots, displays instead a skewed bell
shape. Comparing the plots, the instantaneous vehicular connectivity appears
to be characterized by three phases, or behavioral regions, as a function of N,

under any R.

I. Initially, for low N, Spaz ~ 1 and C grows linearly with A/. This means
that the network is very sparse, and increasing the number of vehicles N/
just means to introduce additional isolated nodes: as these nodes are not
connected with each other, they become new components (of one node

each).

II. Once a first critical N threshold is reached (denoted by the leftmost red
dotted vertical line “A” in the plots), a second behavior ensues. Namely,
Smaz grows super-linearly with A/, and C decreases sub-linearly with A
Beyond this first critical vehicular density, new cars are not isolated any-
more, but tend to be connected to each other. Thus, they either join

existing components or even bridge them into larger ones.

ITI. The third region is attained after a second A/ threshold (denoted by the
rightmost red dotted vertical line “B” in the plots) is surpassed. There,

Simaz ~ N and C ~ 1, i.e., the vehicular network becomes fully connected
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Figure 11: Number of nodes N/, for different values of R. Critical thresholds are marked with
A and B.

into a single component whose size matches the number of vehicles on
the highway segment. Additional vehicles necessarily end up in the giant

component and increase its size.

The qualitative three-phase behavior above is invariant across different val-
ues of the communication range R. The impact of R is on the critical A/ thresh-
olds that trigger phase changes: the “A” and “B” critical densities are shifted
to the left (i.e., intervene at lower vehicular density) for larger values of R. This
naturally induces better connectivity for higher values of R, for a fixed N.

Some interesting considerations emerge from the mapping of the critical
density thresholds above to the time series, shown in Fig. 11. We remark that
when R = 50 m, the vehicular network never reaches the third phase. Indeed,
it remains in the first phase at night, and in the second phase for the rest of the
day, i.e., 7 a.m. to 11 p.m. The second phase also dominates when R = 100 m,
as the network spends just a few hours in the first (2 a.m. to 6 a.m.) and third
(7 a.m. to 8 a.m.) phases. The network behavior changes radically for R = 200
m, where the third phase spans over most of the day (7 a.m. to 10 p.m.), and
the rest of the time is spent in the second phase.

These results let us comment that attaining the third phase, i.e., persistent
full connectivity, in highway vehicular networks cannot be taken for granted, as
it requires either elevate communication ranges, or significant traffic congestion
conditions. In all cases, common values of highway V2V communication range,

e.g., 50-100 m [38, 39], seldom allow reaching this phase.
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Impact of other road traffic parameters. In all plots of Fig. 10, the light
gray region around the mean shows how the 0.05-0.95 quantile range of the C and
Smax metrics varies as a function of /. We observe that such a range is fairly
small throughout all plots, which means that the network-wide connectivity
dynamics we discussed above are statistically consistent, i.e., yield a moderate
variability. This is an important remark, since it implies that other parameters
characterizing the road traffic do not have a significant impact on the vehicular
network connectivity. In other words, factors such as the specific daytime or
day of the week, the number of lanes of the highway, or the speed limits are only
responsible for minor variability around the connectivity dynamics dictated by R
and A. Another way to read the same conclusion is that considering one single
road traffic parameter, i.e., N, is enough to properly characterize the vehicular
connectivity in all situations encountered during a typical working day.

On a related point, the precise conditions of road traffic do not appear to
be directly related to the connectivity of the vehicular network. In all plots
of Fig. 10, black vertical dashed lines separate the different regions (in the N
space) characterized by diverse traffic conditions. Specifically, these thresholds
roughly identify A ranges corresponding to sparse overnight traffic (left region),
typical daytime free flow traffic (middle region), and synchronized congested
traffic (right region). By confronting these A thresholds with those that denote
connectivity phase changes (“A” and “B”), we do not observe any significant
overlap. Thus, no direct correspondence can be established between the sole road
traffic state and the vehicular network connectivity.

Comparison across different traces. The plots in Fig. 10 also include the C
and Sy,qz recorded for the sixteen M40 and A6 traces. These are represented
as filled circles in the plots, where dots represent the mean values recorded
for different values of N, and are obtained by aggregating all traces showing
a similar vehicular density. Error-bars represent the 0.05 and 0.95 quantiles.
These dots do not cover the whole N range, since the M40 and A6 traces only
capture 30 minutes of traffic, mostly in free flow conditions, and thus only

provide a partial view of the connectivity dynamics. Still, the majority of M40
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Figure 12: Vehicular network average y-availability versus the number of nodes N, for different

values of R.

and A6 fall very close to the mean behavior observed in the M30 case, and their
0.05-0.95 quantile ranges tend to correspond to those of M30. Therefore, we
conclude that the same three-phase connectivity dynamics in N holds for all of
the highway scenarios we consider. Moreover, the impact of R on the network

connectivity is equivalent in all such scenarios.

5.8. Availability and stability

As prominent connectivity factors, R and A/ control two key network prop-
erties, i.e., availability and stability. We now quantify these very features, and
investigate how they depend on the communication range and vehicular density.
Network availability. The availability maps to the probability that vehicle-
to-vehicle communications build a network that can be actually exploited for
basic services such as multi-hop cooperative awareness, content dissemination,
or data aggregation. Formally, we say that the system has a level of availability
~ if a component of size at least equal to v is present in the network.

Fig. 12 portrays the level of availability one can expect from the vehicular
networks in our reference mobility scenarios, as a function of the chief factors R
and A. The three plots refer to different communication ranges, and each plot
illustrates the average probability that a level of availability v is attained at a
given vehicular density. For instance, the leftmost curve in Fig. 12a shows that,
for R = 50 m and N = 400, the network is 0.1-available (i.e., there exists a
component that includes 10% of the nodes or more) with a probability of 30%.
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Figure 13: Correlogram heatmap for S;qz. Figure best viewed in color.

The same probability grows to 80% by considering a slightly denser network
with A/ = 500. These numbers imply that the network is unavailable 70% of
the time in the first case, and 20% in the second.

In addition, a comparative analysis of the plots in Fig. 12 yields the following
remarks. First, the results confirm the dramatic impact of R. If vehicles that are
200 m apart can communicate, 1.0-availability (i.e., full network connectivity)
is around as probable as 0.1-availability with R = 50 m, and 0.25-availability
with R = 100 m. Conversely, the network is never 1.0-available with a proba-
bility higher than 80% if R = 50 m. Second, most curves are quite steep as a
function of AV, indicating that percolation thresholds in N often characterize the
network availability: if the system operates around the threshold, small varia-
tions of vehicular density (in the order of a a few vehicles/km) can drastically
change the probability that the network is «y-available, for a given . A notable,
persistent exception to the percolation behavior is visible in the longer tail of
high-availability curves (i.e., v > 0.75): this implies that ensuring with certainty
that the vehicular network is highly available demands a significant additional
effort, for any R.

Network stability. The notion of stability concerns the amount of time for
which the vehicular network maintains the same connectivity properties. We
investigate stability by focusing on the largest network component, as it repre-
sents the portion of the network that can best support practical services based

on multi-hop vehicle-to-vehicle communication. More precisely, we map the
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Figure 14: Vehicular network average temporal stability versus the number of nodes N, for

different values of R.

stability of such a component to the temporal autocorrelation of its size, Syaz-
The rationale is that if Sy,e. is strongly autocorrelated over long time periods,
then we can expect that the most significant portion of the network conserves
stable topological properties.

An intuitive explanation of the analysis we carry out is provided in Fig. 13.
There, we show heatmaps of the correlograms of time series of S,,4.. To de-
rive the plots, time series are divided into 10-minute windows, and, for each
window, the temporal autocorrelation at different lags is calculated. Values in
the heatmap hence represent the autocorrelation value for each window (along
the horizontal axis) and lag (along the vertical axis) pair. The heatmaps pro-
vide complete information on the level of stability of the vehicular network over
time. In particular, it proves how stability can be highly time-varying: as an
example, we can remark that, for R = 100 m, a strong S,,., autocorrelation
peak, denoting a network much more stable than usual, appears just before 8
a.m.

The heatmap representation allows introducing a more formal definition of
stability: we say the vehicular network to be stable if the size of its largest
component yields a temporal autocorrelation higher than 0.7 [41]. Fixing this
autocorrelation threshold allows pinpointing a precise lag time at each instant
in time and for each R, i.e., for each point in the (R, N') space. The result is
portrayed in Fig. 14, which provides a neat representation of the stability one

can expect from the vehicular networks in the highway scenarios we consider.
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We remark that, when R = 50 m, in Fig. 14a, the network is very unstable, as
the low threshold lag implies that the largest component undergoes significant
size variations every 2-3 seconds on average. This behavior is independent of
N. As the communication range grows to 100 m, the stability only slightly
improves over the R = 50 m case, raising to 3-5 s. This time, however, A starts
having some impact, even if only at rather high vehicular densities around 80
vehicles/km that already denote road traffic at the boundary between free flow
and congestion. In such traffic conditions, increasing N favors stability, and
large components that persist over intervals of 10-25 s can be observed. For
R = 200 m, as soon as N grows beyond sparse overnight traffic, at around
50 vehicles/km, a more stable behavior emerges, with large components that
typically endure 20-25 s. By looking at the absolute values of the network
stability that we identify, we note that, under all system parametrizations, the

stability of the vehicular network is in the order of a few tens of seconds at most.

5.4. Internal structure

Having assessed that the spontaneous vehicular network yields poor avail-
ability and stability, we study its level of navigability, i.e., its predisposition
to support multi-hop communication [40]. To that end, we analyze internal
structural properties of the largest network component, where multi-hop V2V
transfers can actually occur. Also relevant to the network navigability is the du-
ration of V2V contacts: indeed, it determines the amount of time during which
two vehicles can communicate, and thus the usability of contact opportunities.
Small-world property. A network is said to be a small-world if the distance
among its vertices stays small as the network size grows. More rigorously, a
typical example of small-world network is the Erdos-Rényi random graph, whose
average shortest path length, i.e., l~, scales logarithmically in the number of
vertices N. In fact, in a Erdos-Rényi network, [ ~ log(N)/log(k), where k =
E;\il k; /N is the average vertex degree.

We compare the instantaneous vehicular networks in our reference highway

scenarios to the Erdos-Rényi random graph, in Fig.15. The plots show the
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Figure 15: Scaling properties of the average shortest path [ measured in the largest component
Crmaz of the vehicular network, for different values of R. The result is compared to an Erdos-

Rényi random graph of equivalent size Spmaz-

average shortest path times the logarithm of the average node degree, versus
Sinaz, along log-linear axes. Therefore, the Erdos-Rényi model portrays as a
line of unit slope.

By observing how the same measure scales with the component size in our

case study, we conclude that instantaneous vehicular networks in the highway
scenarios we consider are not small-world: the empirical curves lay well above
the logarithmic scaling of a typical small-world graph. The effect of R is again
evident, as the average multi-hop distance among vehicles is reduced threefold
for significant component sizes, i.e., Spqr > 100, when R grows from 50 m to
200 m. However, the super-logarithmic trend of the mean for any R implies
that adding nodes to the network pushes the largest component farther away
from a small-world behavior, making it harder to navigate. From a networking
perspective, this implies that increasing the vehicular density leads to larger
components where multi-hop communication among node pairs becomes much
more challenging and delay-prone.
Scale-free property. A scale-free network retains the same functional form
of its vertex degree distribution at all scales. In other words, the probability
distribution of the degree obeys a power law P(k) ~ k~<, with the exponent
« typically lying between 2 and 3 [40]. This property is known to result in
an easily navigable network, with a backbone of high-degree hub nodes that
interconnect that majority of low-degree leaf nodes.

This is, however, not the case in the vehicular networks we consider, as shown
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Figure 16: CCDFs of the node degree k, for different values of R, separated according to Smaz
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Figure 17: Vehicle-to-vehicle contact duration on M30, under different values of the commu-
nication range R. (a) Time-aggregate PDF. (b) Time-aggregate CDF. (¢) Time series, over
24 hours.

in Fig. 16. There, Complementary Cumulative Distribution Functions (CCDF's)
of the vertex degree, separated for different S,,q, ranges (0-400, 400-800, and
800-1200, respectively) are plotted for each value of R. It is evident that the
distributions are not power laws, and thus the highway vehicular networks we
consider in our study are not scale-free. Instead, they are characterized by a
remarkably small range over the node degree k: wvehicles traveling on highways
have one-hop communication neighborhoods of rather constant size over time,
with a variability in the order of a few units at most. We remark that this is
very different from what is observed in urban scenarios [34].

Contact duration distributions. As anticipated, the duration of commu-
nication links established by vehicles is an important metric that characterizes

how easy (or difficult) it is to exploit the data transfer opportunities created
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by vehicular mobility. Indeed, experimental works showed that, in presence of
short-lived V2V contacts, even simple signalization procedures induce a signifi-
cant overhead and waste precious communication time [36, 37].

Fig. 17a and Fig. 17b show the PDF and CDF of the V2V contact duration.
Each curve refers to a different value of the communication range R. We observe
that also in our large-scale scenarios, contacts typically last from a few tens of
seconds to a few minutes, and are thus quite short, as one could expect in a
highly dynamic environment such as the vehicular one.

The communication range has a significant impact on the contact duration,
which can be expected again. In order to highlight the dramatic effect of R, we
can, e.g., underscore that 10% of contacts last more than two minutes when R =
50m, while the same percentage grows to 90% when R = 200m. Similarly, the
median contact duration grows from 30 seconds to 3 minutes when R increases
from 50 m to 200 m.

These results are aggregated over a full day of measurements on M30. An
interesting question is then if the different road traffic conditions we observed to
occur on the highway throughout the day affect the duration of V2V contacts.
Fig. 17c portrays time series of the median contact duration over 24 hours, un-
der different communication ranges. The results highlight once more the critical
importance of R, but also the minor variability of contact durations throughout
the day. Except for slightly shorter contacts at night, between midnight and
6 a.m., and slightly longer contacts during the morning traffic peak, contacts
tend to have the same duration. The reaction to different road traffic conditions
is intuitive, since the higher (respectively, lower) speed recorded at night (re-
spectively, during congestion) leads to shorter (respectively, longer) lived V2V
communication links. However, even the maximum variability due to different
traffic conditions is not dramatic, especially when compared to that induced by
different values of R.

Overall, the results above underscore that vehicular network components
are not small-world nor scale-free, and that they are in fact the result of fairly

short-lived V2V contacts, in the order of a few tens of seconds at most. All
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Table 3: Impact of system parameters on vehicular connectivity properties, and implications

for the design of networking solutions.

Connectivity properties Networking insights
e R > 200 m induces a fully connected network,
but connectivity rapidly deteriorates for lower
o) R, until complete fragmentation is reached for
e . R < 50 m.
? Three-phase network connectivity
~ | model in Fig.10. The model is a function| ® Ve.hicular. connectivity is easily modeled and
2 of N (determines the overall shape) and R | predicted given N, R.
% | (introduces a scaling factor). e Employ store-carry-and-forward for delay-
Z tolerant data dissemination.
e Resort to cellular networks for long-range or
QoS data transfers.
2| o Large connected components are
5| typically unavailable, and 100% avail- o Reference chart of component availability as
g ability is extremely difficult to obtain un- a function of N, R in Fig. 12.
d system settings.
E‘ °r any system settings e Network- and transport-layer protocols need
o | e Large connected components remain sta- to be highly reactive to topology changes.
O | ble for a few tens of seconds at most.
e Use effective (geographical) routing.
) . e Need for extremely rapid V2V link establish-
% | ¢ No small-world property observed in | (across the whole protocol stack).
@ | highway vehicular networks.
g e MAC-layer solution design:
2| e No scale-free property observed in high- 4 en:
g way vehicular networks. — Data rate adaptation must operate on fast
: e Short-lived links established among ve- (ordpr of 100 ms) dynamics, while channel con-
£ | hicles traveling on highways. tention and power control can be less reactive.
= e Stable one-hop neighborhood as far Different MAC-layer algorithm are needed
z as size is concerned i for highway and urban environments.
— Reference chart of expected contention as
a function of A/, R in Fig. 16.

these aspects together let us conclude that wvehicular networks in highway en-
vironments have poor navigability properties. We remark that, in this regard,

highway vehicular networks are comparable to urban ones [34].

5.5. Discussion and networking insights

The results presented in Sec.5.1-5.4 have significant implications in terms
of viability of communication paradigms and design of network architectures
and protocols in vehicular environments. Below, we summarize our findings
and discuss how they are useful to the networking community. Tab. 3 provides
a useful reference in that sense.

The limitations of the network connectivity may be even more severe
than expected. The positive impact of factors such as R and the vehicular

density on the instantaneous connectivity of vehicles is a quite intuitive result
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that has already been observed in the past, as also indicated in Sec. 6. How-
ever, in addition to confirming the findings of previous works, our