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Abstract— As small-scale devices get more and more com-
mon, more means to connect many devices into new types of
networks that will allow the exchange of localized information
are being developed. One such rising field of networks is
VANET, a network that connects devices in or associated with
vehicles in an ad-hoc fashion. One of the main goals of this
sort of network is to give geographically bounded information
that is of particular relevance to cars passing through the
area. As such, we are working of developing a geographically
bound VANET that can run cloudlet applications within a
specific cluster of cars. We call this form of VANET Vehicle-
Crowd based VANET (VC-VANET). One of the areas that
we are focusing on enhancing with VC-VANET is behavior
of the network at intersections, since these represent areas
where cars will be stopped for a period of time, which we
can use to create a stable network. As such, one of our areas
of focus is determining how large we can expect the network to
expand at each intersection at any given time. Our approach
to solving this problem is through Rad-Ap, a C++ class we
created to approximate the threshold distance, or radius, of
the network that VC-VANET will maintain at the intersection
using predictive methods based on the density of traffic at the
intersection.

I. INTRODUCTION

VANET applications attempt to connect the devices in
multiple vehicles so that they can exchange location relevant
to the current location or the process of driving. They may
do this in order to advertise local services such as gas stops
or rest areas that the driver may be interested in, or to
provide warnings about traffic issues in nearby roadways.
Some future versions may even pass live data on how the
car is being steered so that the cars behind it can mimic the
inputs, reducing the required work for the followers to drive.
Regardless of their purpose, making VANET applications
scalable is vital to their success, as a large number of devices
will be connected in a VANET system.

One of the major ways to help increase the scalability
of VANET systems is to group cars together into what
is commonly called clusters or vehicle-crowds (v-crowds)
[1]. These v-crowds represent a group of cars that can
communicate with each other freely and will remain able
to do so for some period of time, similar to a Local Area
Network. They are added into the network in a hierarchical
manner on top of the foundations of a traditional vehicular
ad-hoc network. These v-crowds are designed to be used
in our VC-VANET to introduce additional capabilities for
local computation and collaborative storage systems across
the vehicles inside of the v-crowd.

Applications generally try to find clusters of cars that
are travelling together down the same section of the road.
However, these v-crowds are difficult to identify due to the
high mobility of vehicles and the lack of cohesion within
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groups when driving [2]. Fortunately, unlike normal mobile
ad-hoc networks, systems within a VANET are generally
required to follow the rules of the road, which gives us some
additional knowledge that we can use to help identify clusters
that we can use in our VANET applications [3].

One of the major features of VC-VANET is that the
v-crowds it identifies are intended to be geographically
bounded and can be used to run cloudlet applications within
that area. This feature exists so that the cloudlet applications
can gather and distribute information relevant only to that
particular area, including congestion information, nearby
points of interest, and many other types of local data. As
such, our of the major areas of focus for this project was
investigating how we could use intersections to identify v-
crowds that we could use for our system. We chose to
focus on intersections for this since they can slow down
traffic, force them to form groups, and are always located
at a static position. We then chose to investigate further
into intersections with traffic lights, due to a couple of
distinct features of these intersections. The first feature is
that traffic lights have a more predictable pattern of vehicle
dispersion when compared to intersections with stop signs
or no signage at all. Many of them are locked to set cycles,
and even the ones that arent are generally ruled by a very
simple algorithm, making them very predictable. Traditional
intersections without traffic lights are largely ruled by human
decision making, which is far less straightforward to predict.
The second feature is how traffic lights tend to be employed
at intersection that have a high traffic density, increasing the
ease of creating clusters as well as the stability of the clusters
at that intersection. The third feature is that traffic lights in
our region have vehicle traffic data collected on them and
stored by the Alabama Department of Transportation. By
collaborating with them, we were able to access and use
data on local intersections to help guide the creation of our
project.

The product we developed for use with VC-VANET we
termed Rad-Ap, which is short for Radius Approximator.
This product uses data on vehicles arriving at the intersection
to predict the current density of vehicles at the intersection,
then uses this to approximate the size of the v-crowd
currently at the intersection. It can be run within a VC-
VANET system as one of the applications it maintains to
help the system attempt to form a v-crowd of an appropriate
size without having to collect information on the vehicles
currently at the intersection. It was developed with intersec-
tions that have traffic lights in mind, but may be able to be
extended to other locations as well.



II. BACKGROUND AND RELATED WORKS

The architecture of VC-VANET is run on top of existing
VANET system and adds in the new component, namely the
v-crowd, when a group of vehicles in the same area forms.
Once these v-crowd forms, each vehicle continues to have
all the capabilities it had when in was just connected by
the VANET system, but also gains the ability to collaborate
in local computing and storage projects managed by VC-
VANET. While these v-crowds may form sporadically at
any location, we chose to focus on v-crowds anchored at
a particular location, as they may last for a longer period of
time. This may especially be the case at intersections along
well-trafficked roads, so they were of particular interest to
us. This upper tier of v-crowds is a logical layer built on top
of the lower tier of vehicle to vehicle communications.

Vehicles within a v-crowds will collaboratively hold pieces
of information and perform data processing in a distributed
systems architecture. These data chunks and tasks can be
passed within the v-crowd or to approaching vehicles. A
v-crowd is similar to the concept of a cloudlet [ref], but
VC-VANET is focused on the network aspects for forming
storage and performing computations. In order to ease the
communication cost across vehicles, a cluster head may be
employed to coordinate systems and pass messages. When
the cluster head leaves, the system can choose a new head
using methods such as reelection or leader handover.

A. Rad-Ap Functionality

Rad-Ap works by recording data on when vehicles arrive
at the intersection and using this data to predict the current
density of vehicles at the intersection using a methodology
developed for this particular purpose [4]. We then associate
that density with a threshold distance, and use feedback from
the system that tells us whether the network was able to be
established across that distance to adjust the threshold dis-
tance to more accurately represent a maintainable distance.
Each declaration of the class will represent one intersection.
Optimally, the class would be pre-trained on recorded data,
but since it is the first existing software we found that collects
data on this subject, it is also capable of being deployed
untrained. As it runs, it collects data about the intersection
and how the density relates to the threshold distance, and
can print this to a file that can be opened by the class to
pre-train a new declaration of the class on the data that the
old declaration collected.

In addition to this, the class allows the user to adjust many
of the core variables of the class, so we can use the data
stored by previous runs of the class to determine constants
that are more appropriate to the location the class is being
deployed at. The variables that can be changed include the
default value that each new density starts on, how large
the clusters of densities that are considered the same are,
the recovery value for when a threshold distance would hit
zero, and how quickly the threshold distances change after
each reported success or failure. Additionally, RadAp has
a system for passing and storing the current densities of
local intersections. It currently does not do anything with

this information, but other applications could be interested
in using this data for various tasks. The size of the range
for intersections to be considered local is also a variable that
can be adjusted on declaration of the class.

B. Previous Work

VANETS have been adapted to provide a wide range of dif-
ferent services. Many of these are focused on using VANETS
to improve traffic safety. These projects focus on a number of
different issues, including detecting traffic accidents that have
already occurred and avoiding them, avoiding collisions in
intersections, and avoiding high congestion areas [5] [6] [7]
[8] [9] [10]. Other applications are interested in providing
internet connectivity to the users devices in the system,
affording a great deal of additional utility to VANETSs [11]
[12] [13] [14]. Previous studies have also researched using
VANETS to transport data across long distances [15].

Many previous works have laid the groundwork for pro-
cesses that we will need to run VC-VANET as well as our
Rad-Ap system. Among these are projects that developed
broadcast techniques for VANET [16] [17] [18], routing
techniques for VANET [3] [19] [20], VDTN store-and-
forward techniques for dealing with intermittent connections
[21] [22] [23] [24], and connectivity analysis [25] [26] [27]
[28].

Many papers have focused on creating clustering tech-
niques for VANET [29] [30] [31] [32]. Many of the clus-
tering techniques proposed by these papers are developed
for application-specific clustering techniques, so using the
techniques they put forth would be sub-optimal for our
application [50]. We chose to not pursue a general purpose
clustering technique for our application due to the specific
nature of our application.

Since the advent of VANET technologies, many different
clustering algorithms have been developed for VANET im-
plementations. These algorithms generally started off as al-
gorithms created for MANET systems, but gradually moved
to be increasingly tailored for VANET systems, as the nodes
mode very differently in a VANET system from how they
do in a MANET system. Many of these implementations can
be classified into one of seven different types of algorithms:
general purpose, routing, channel access management, se-
curity, vehicular network topology discovery, traffic safety,
and combinations with cellular infrastructure [33]. General
purpose algorithms are created without any application in
mind and generally attempt to maintain a robust connection
in the face of high vehicular mobility [34] [35] [36]. Routing
algorithms attempt to build a hierarchical overlay on top of
the network that can be used to pass packets across to other
clusters [37] [38] [39] [40]. Channel access management
algorithms have the cluster head control when a node is
allowed to access the channel [41] [42]. Security algorithms
feature a large amount of protection against malicious ve-
hicles entering the cluster, allowing the cluster to function
as a trusted space [43] [44]. Vehicular network topology
discovery algorithms use informations on the clusters to
create maps of the connectivity between vehicles, which is



important for both communication protocols as well as traffic
management systems [45]. Traffic safety algorithms collect
data from other cars within the cluster and uses it to help
predict and prevent car collisions within the cluster [46].
Algorithms that combine with cellular infrastructure seek to
provide a link between a VANET cluster and the internet
that will reduce the load on the cellular network while still
providing sufficient access to all the vehicles in the cluster
[47] [48] [49] [50].

Our application would be best classified as a routing
algorithm developed specifically for use in VC-VANET.
However, it differs from other algorithms due to the focus
on using data on intersections to create the clusters, which
makes it have the distinct properties of being geographically
bounded as well as being determined by using patterns
from the vehicle density that are tuned specifically for
intersections.

III. MEASUREMENT METHODS

In order to test how well our system worked, we created
a program that would run our class on test data. For our test
data, we used actual recent traffic data collected from 44
intersections that spanned over 84 weeks. We used this data
to simulate cars entering the intersection over time. The test
program then gets the threshold distance suggested by the
program and fails it if it passes certain criteria. The purpose
of this is to simulate when the threshold distance suggested
becomes too large for the amount of cars at the intersection.
In an effort to better simulate a real world environment, we
made test cases that had random chances of failing regardless
of size and that had some variance in the maximum size that
would work for a particular density. As a result, the tests will
represent a more realistic environment where not everything
will be perfectly executed. We included a variety of different
tests that could simulate different possible situations that the
class could be operating under.

A. Natural Tests

Our first test was designed to represent the class being
employed in a semi-realistic environment where we know
little about the true values of the system. As such, this
test featured an optimum threshold distance significantly
higher that the default starting value, with the default starting
value being set to 5, while the optimum value averaged
around 87. Additionally, the threshold distance increases
proportionally to the square root of the vehicle density at
the time. Theoretically, we would expect this to also be the
case in the real world, since the density represents the area
contained within the circle that our cluster occupies, while
the threshold distance represents the radius of our cluster.
We also included a random jitter that varies the optimum
threshold distance by around 5.4% in order to better represent
the instability of a network connection.

Since our class is also capable of gathering data and
allowing the user to analyse it or just use the the collected
data to start in a pre-trained state, we also included a test that
would examine how our class would perform after having

been trained or pre-set correctly. In order to determine this,
we created a second test that was largely similar, but had
the default starting value set to be equal to the optimal
threshold distance. We then created a test to determine
how well our class would run in an extreme condition to
investigate whether our class is sufficiently robust. As a
result, our third test adjusted the default starting values to
be extremely high relative to the optimal threshold distance,
around 10,000 times the optimal threshold distance, with a
value of 9,000,000.

B. Network Condition Tests

In addition to the previous set of tests, we created a battery
of tests designed to determine how network stability affects
the performance of the class. To accomplish this, we created
six tests with various different characteristics. The first of
these completely removed the random jitter that test 1 had
in order to observe how well our program could perform
on a completely stable network. This was a particular point
of concern for our system, as it was designed to be able to
rapidly adapt to most conditions, but as a result does not
optimize as well as other implementations could on a very
stable network. The next test investigated the exact opposite
possibility: a network that is considerably less stable than
our original tests dummy network. This test increased the
random jitter to have triple the range of the original test,
giving the network a random variance in range of around
16.2%. Then, since our original test did not represent how
a network can randomly drop packets regardless of distance
of transmission, we created a test that replaced the random
jitter with a 5% failure rate on all attempted transmissions.
We then also created a test that had both the tripled random
jitter as well as the 5% random failure rate to see how
well our program could perform in an extremely unstable
environment. We then created one more test that replaced
the cutoff value for the transmission distance with a random
number from O to 100. While this test is not particularly
meaningful in an attempt to model a real world system, we
chose to include it in order to determine how well our class
could maintain a reasonable transmission success rate in an
extremely high entropy environment.

C. Scaling Rate Tests

As a means of preventing our assumptions from interfering
with our results, we created one more battery of tests that
examined how our class would perform if our original
assumption that the radius increases proportionally to the
square root of the density was incorrect. This battery of tests
included three new situations: one where the density did not
affect the threshold distance at all, one where the threshold
distance increased proportionally to the density, and one
where the threshold distance increased proportionally to the
density squared.



TESTS CONDUCTED

TABLE 1

Test Name Class’s Random Failure Scaling
Initial Value | Jitter Chance Rate

Test | 5 5.4% 0% Vn
Test 2 80 5.4% 0% Vn
Test 3 9,000,000 5.4% 0% \n
Net Test 1 5 0% 0% Vn
Net Test 2 5 16.2% 0% Vn
Net Test 3 5 0% 5% \n
Net Test 4 5 16.2% 5% Vn
Net Test 5 5 100% 0% Vn
Scale Test 1 5 5.4% 0% 0
Scale Test 2 5 5.4% 0% n
Scale Test 3 5 5.4% 0% n?

IV. INVESTIGATION AND RESULTS

We ran our class through each test multiple times and
recorded how close the average threshold distance it sug-
gested was to the optimal threshold distance, as well as
what percentage of suggested connections were actually
successful. Our goal was to reach at least a 95% success rate
in the suggested connections while optimizing the distance
between average threshold distance and optimal threshold
distance as much as possible, so that an application using
our class would be likely to establish a successful connection
each time while sacrificing as little from the number of cars
that would be connected as possible.

A. Natural Test Results

TABLE 2
TEST RESULTS
Test | Average Threshold Optimum Success
Name Distance Threshold Distance Rate
Test 1 82.5120 ft 87.0114 ft 95.0779%
Test 2 82.5438 ft 87.0114 ft 95.0750%
Test 3 271.6135 ft 87.0114 ft 95.0654%

distance being only 0.0326 higher than that reported in the
first test case, and the success rate was actually 0.0029%
lower. Both these differences can be largely attributed to how
the first test case would have had a series of lower numbers
early on as it was growing to find the true mean which would
have had a higher success rate, but would pull down the
average suggested threshold distance. As such, we can infer
that both test cases had similar performance in the long term,
but the second test case had more optimal performance on
the early values since it was already pre-adjusted.

The third test case produced some unexpected results, as
it also reported reaching a success rate of 95.0654% on
attempted connections, but it had an average suggested radius
of 271.6135 feet. By examining the collected data at the end
of the test, we were able to determine that the suggested
radiuses at the end were largely less than the average, and
if the median suggested radius were than high then with
the optimal suggested radius remaining at 87.0114, the class
should have had a success rate of less than 50%. As such, we
can infer that the median was not as high at the mean, which
indicates that the suggested values were heavily skewed
towards lower values. Thus, it would seem that our average
was thrown off by the values starting at 9,000,000, and is not
exceptionally meaningful in this instance. However, by the
success rate remaining over 95%, we can determine that our
class seems to have given a large amount of suggestions that
were under the optimum threshold distance, and maintained
our goal success rate even with an unreasonable initial value.

Variance across multiple runs of these test cases was
incredibly low, with all runs having a difference of less
than 0.0248% in average suggested threshold distance and
a difference of less than 0.00126% in the success rate. As
such, differences between the different tests is very likely to
be indicative of an actual difference in performance between
the tests rather than the result of statistical variance.

B. Network Test Results

TABLE 3
NETWORK CONDITION TEST RESULTS

The first test achieved an average suggested threshold
distance of 82.5120 feet, with the true optimum distance for
that test case being 87.0114 feet, putting us within 5.18% of
the optimum value. Additionally, it achieved a success rate
of 95.07779%, just over our goal value of 95%. Since this
test most resembles how wed expect the real world would
perform, this is indicative of our classs ability to maintain a
high success rate when used untrained in an actual system
while keeping the suggested threshold distance reasonably
close to the true optimum value.

The second test performed slightly better on average,
which is expected since it represents how the class will
perform once we have gathered data on the intersection and
used it to adjust future versions of the class. However, the
difference was surprisingly small, with the average threshold

Test Name| Average Threshold | Optimum Thresh. | Success
Distance Distance Rate
Net Test 1 82.8151 ft 92.0114 ft 95.1341%
Net Test 2 75.1491 ft 77.0114 ft 94.8629%
Net Test 3 57.1815 ft 92.0114 ft 93.9753%
Net Test 4 51.7103 ft 77.0114 ft 94.0315%
Net Test 5 5.7181 ft - 93.7780%

We next ran the battery of tests the focused on how
network performance would impact the program, using the
same goals as we did for the first three tests. However, the
optimal threshold distance changes slightly based on the test,
and for the tests that had a 5% random failure rate it would
only be possible for our class to reach a 95% success rate if
it had a 100% success rate on all the transmissions that did
not randomly fail, so we did not expect those tests to reach



that goal, but still wanted them to get as close to the goal as
possible.

The first of the network tests achieved an average sug-
gested threshold distance of 82.8151 feet, but since this
test removed the random jitter, the true optimum value was
further away than it was on previous tests, at 92.0114 feet.
The success rate was also higher than the previous tests, at
95.1341%. However, in a similar way this is less impressive,
as there was no randomness involved to decrease the success
rate. As such, this confirmed our concerns that the class is not
well optimized to performing in a very stable environment,
so it may be better to use alternative solutions in such
circumstances. However, we did not investigate how well
the class could perform if we passed in variables that were
optimized for the network environment, so it may be possible
for this to be improved with better tuned variables.

The second test in this battery had the least distance
between the optimum threshold distance and the average
suggested threshold distance, with the average value at
75.1491 feet while the optimum value decreased to 77.0114
feet. However, this did decrease the success rate to less
than our goal of 95%, at 94.8629%. Between this test, the
previous, and the first three, we can see how our program has
a tradeoff between success rate and proximity to the optimum
distance. We can affect where this exchange is centered by
changing the values of the class, but these tests give us a
reasonable idea of the sort of relation between these values
we can expect to see when the class is used in a real world
environment.

In the third test case, which replaced random jitter for a
5% failure chance, the success rate fell to only 94.0314%,
meaning that of the transmissions that didnt randomly fail,
98.98% succeeded. However, in exchange for this, the av-
erage suggested threshold distance plummeted to 57.1815
feet, while the optimum returned to the value it had in the
first network test case. This is a result of the class being
set up to seek a 95% success rate in a system where a 95%
success rate is almost impossible to achieve. This further
demonstrates the exchange rate between average suggested
distance and success rate within the class.

The fourth test case, which combined the increased jitter
of the second and the failure rate of the third, saw a mix of
results. As in the case of the second, the average suggested
threshold distance grew closer to the optimum value than it
was in the third, with the average decreasing only to 51.7103
feet, while the optimum decreased to 77.0114 feet. Also
similarly to the difference between the second and first, the
success rate fell only slightly to 93.9753%. As such, we can
see that the program is quite resilient to increases in the
amount of random jitter, especially when compared to how
much it suffered from having a high simulated packet drop
chance in the third test.

The fifth test case is somewhat more difficult to evaluate,
as there isnt a set optimum value for the threshold distance
to reach. However, it did reach a success rate of 93.7782%
while maintaining an average suggested threshold distance of
5.72002 feet. As such, we can see that the class will maintain

a high success rate even in situations with very unstable
networks, but in exchange may perform suboptimally in
terms of average threshold distance as compared to the
optimum value.

C. Scaling Test Results

TABLE 4
SCALING RATE TEST RESULTS
Test Name | Average Threshold Optimum Success
Distance Thresh. Distance| Rate
Scale Test 1 80.6427 ft 85 ft 95.0753%
Scale Test 2 86.3787 ft 91.1849 ft 95.0816%
Scale Test 3 135.598 ft 614.142 ft 95.1014%

We ran the last battery of tests designed to determine how
different scaling rates could affect the performance of the
class using the same constraints as the previous tests. Once
again, the optimum value for threshold distance varied from
test to test, so we made sure to re-evaluate the optimum
values for each test.

The first of these tests, which had no scaling, performed
comparably to how the class ran with the square root of
density scaling in the first three tests. It achieved an average
threshold distance of within 5.13% of the optimum value,
at 80.6427 feet and 85 feet, respectively, and a success rate
at 95.0753%, which was 0.0048% higher than that achieved
in the first test. As such, we can see that the class actually
performs slightly better when the threshold distance does not
increase as the density increases. We primarily attributed this
to the decrease in distance between the optimal values for
each density and the initial value.

The second test case had the average suggested distance
within 5.28% of the optimum value, only slightly further
from it than the tests with no scaling and scaling propor-
tional to the square root of the density. Its success rate
also rose slightly to 95.0816%. We once again attributed
this difference to the increased period of time where the
suggested distance was lower than the optimum value, as
we did between the first and second tests. Based on theses
values, we determined that the class could run comparably
with scaling proportional to the density when compared to
our assumption of square root of density scaling.

The last of these tests faltered significantly, with the
average suggested threshold distance only getting within
77.93% of the optimum value, with the average at 135.598
and the optimum at 614.142. After reviewing the data, we
attributed this issue primarily to extremely high values that
rarely occurred but had a very high maximum threshold
distance, as they could increase the average optimum value
easily and the class would not collect enough data on them
to correctly determine an accurate value for the maximum
threshold distance. However, since the amount of time spent
under the optimum value increased, the success rate rose
slightly to 95.1014%.



D. Performance

As our class is designed to be employed in a mobile
network environment, it must be able to run on a system
while using only a small amount of processing power. As
such, when running our tests we also recorded how long it
took the tests to run to determine whether a smaller computer
would be able to run our class efficiently using live data.
Since we used test data that covered 44 intersections across
84 weeks, our test program had to run through 3696 times the
amount of data that we would expect a particular intersection
to encounter within a week. With this amount of data, each
of our tests managed to finish running within 30 minutes.
In addition, the algorithms for processing a line of data all
run in constant time, making our program run in O(n) time
when processing n data. As such, we can reasonably expect
a far slower computer to be able to appropriately handle live
data from a single intersection.

CONCLUSION

Our investigations found that under most circumstances
our class can approximate the threshold distance with a
reasonable degree of accuracy while maintaining a success
rate higher than 95 percent. However, our investigations
also showed that it will be beneficial to correctly adjust the
class for the network connection in order to optimize its
performance. However, even without optimizations, the class
was shown to able to perform with only a small detriment
to its performance. For future work we plan on running
instances of this class at multiple intersections to collect
real world data, then we plan on using that data to create a
better informed program that can perform more optimally for
the conditions of the intersection. Additionally, we plan on
developing a cluster head selection and distribution algorithm
to use with this class that would allow it to be used as a full
clustering algorithm.
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