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Abstract

All means will be welcome to help data flow across smart cities. As a matter

of fact, smart cities widely rely in sensing the environment, an action that is

prone to generating huge amounts of data. A major challenge is how to collect

such data in an efficient way without the need to deploy, whenever necessary,

extra (costly) cellular infrastructure. In this paper, we examine the possibility

of creating a delay-tolerant vehicular network in the city of Rio de Janeiro,

Brazil, using the public transportation system as a data carrier. We evaluate the

capacity of such a network by analyzing a large mobility dataset reporting GPS

positions of 12,456 buses and 5,833 taxis during a 24-hour period. Our results

confirm the viability of the approach and reveal that hundreds of Terabytes can

circulate across the city on a daily basis while achieving significant city coverage.
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1. Introduction

Smart cities will improve the quality of life of their citizens with the help

of information and communication technologies. Among other tasks, it involves

monitoring environmental variables and applying advanced analytics to deter-

mine appropriate actions to be taken when necessary. The accomplishment of5

these tasks depends on the availability of a reliable, ubiquitous communication
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Figure 1: Taxis and buses serve as data carriers to help a smart city convey data from data

producers scattered across the city to a centralized server for further analysis.

infrastructure, such as a cellular network. Nevertheless, the cellular network

may not be sufficient to handle peak loads and may fail to provide services

when the city needs it most. A promising solution, the one we consider in this

paper, is to rely on alternative communication channels to alleviate the cellular10

infrastructure [1].

We investigate the transmission of smart-city produced data using vehicular

networks as a data offloading channel. We consider a system as illustrated in

Figure 1. Through opportunistic contacts between monitoring devices and the

public transportation system, it becomes possible to use short range commu-15

nication to piggyback collected data onto moving vehicles for further delivery.

This reduces the amount of data transferred through (costly) cellular channels

and eliminates the need of new infrastructure deployments.

Relying on the ubiquitous presence of buses and taxis to help gather and

move data throughout the city sounds exciting – nevertheless, we must make20

sure that they can collectively provide the necessary dynamics and capacity to

satisfy smart-city requirements. With this regard, we address the following two
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questions:

• How are locations in the city connected as a result of the displacements

of vehicles?25

• How much data can be transferred among these locations as a function of

time?

Several papers in the literature have considered the same principle (see Sec-

tion 7 for a survey on related work). We contribute to the community’s effort by

providing novel insights into the problem using a large-scale dataset of buses and30

taxis in the city of Rio de Janeiro, Brazil. Rio de Janeiro is the second largest

metropolis in Brazil, counting over 6 million citizens. The city has an area of

∼1,200 km2 and over 11,000 km of streets, where 2,576,947 vehicles (17,723

buses and 32,000 taxis) circulated in 2014. According to operational data ob-

tained from authorities, there were 725 active bus lines in October 2014, for a35

fleet of 9,028 vehicles; these buses made 1,832,461 travels that month, traveling

over 72 million kilometers and transporting over 117 million passengers [2]. As

for the taxis, data disclosed by the 99 company indicate GPS positions of 5,833

vehicles, which represents 18% of all the taxis in the city [3].

We analyze the dynamics and capacity of the vehicular network formed by40

these nodes by considering different wireless short-range technologies currently

available. Based on this analysis and on the period vehicles stay at the collection

points, we are able to estimate parameters such as the time vehicles remain

offline and the expected data collected while vehicles travel. Given the scale

of the network and the huge number of interactions between vehicles, we first45

reduce the complexity of the system by adopting a grid topology and clustering

nodes nearby using the STING (Statistical INformation Grid [4]) approach.

Clusters are regions in the city where vehicles can deliver the data they collected

while traveling between clusters. The resulting global network characterization

can help network designers better configure the communication capacity at the50

clusters. Our analyses reveal other important aspects:
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• Heterogeneous characteristics of public transportation systems. Buses have

fixed routes, mostly in high traffic avenues, and taxis can reach side streets.

Buses have a lower mean time than taxis to reach the next transfer point.

Thus, combining taxis and buses improves the network performance, both55

in terms of covered area and capacity.

• Delivery latency. The time to reach the next transfer point, in average,

can be as low as 30 minutes for most of the vehicles, depending on the

transmission technology. It is also possible to predict the next transfer

point of a vehicle, preparing it to receive the data and estimating the time60

of the next data delivery.

• Transfer capacity. Even under very conservative assumptions, we observe

that significant amounts of data can be offloaded onto the vehicular net-

work. For example, when we assume a bandwidth of 1 Mbps to commu-

nicate with vehicles, the system can transport over 500 TB daily.65

This paper is organized as follows. In Section 2, we describe the dataset we

consider in our study and provide some general characteristics of the collection

system. We present in Section ref:cluster the clustering algorithm we adopt

to reduce the complexity of identifying the communication opportunities that

emerge in such a dynamic system. We present the characteristics of the travels70

in Section 4 and analyze in detail the dynamics of the system in Section 5. In

Section 6, we investigate the capacity of the system to collect data throughout

the city. We postpone the related work to Section 7 so that the reader will have

enough material to understand the positioning of our work. Some discussion

about the results and future work directions are presented in Section 8. Finally,75

Section 9 concludes the paper.

2. Dataset, assumptions, and manipulation

In the following, we present the dataset considered in our study and per-

form a number of manipulations for the sake of tractability. We also list the
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assumptions that are necessary for the reader to understand our methodology.80

2.1. Public transportation data in Rio de Janeiro

Figure 2 shows a map of Rio de Janeiro. Each dot represents the raw location

of a vehicle. Data is provided by the municipality of Rio de Janeiro, which

neither filters nor indicates location errors. The figure is a snapshot of October

7, 2014. We consider two types of vehicles in our study:85

Figure 2: Map of Rio de Janeiro showing the location of buses (black) and taxis (red) during

October the 7th, 2014.

• Buses (black dots in Figure 2). Real-time position data reported by the

buses, updated every minute, plus other data, like the location of bus stops

and routes, are made available by the city of Rio de Janeiro through its

web portal [5]. This portal provided us with GPS positions of 12,456 buses.

The dataset for October 7, 2014, has 6,226,714 data entries (∼346 MB).90

It is important to point out that buses send their GPS positions at the

frequency of one position per minute, without any synchronization; this

means that, even with a precise GPS position, the analysis needs to con-

sider at least a window of one minute during which the exact location
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of the vehicles is undetermined. This same fact also interferes with the95

identification of the encounters between vehicles.

• Taxis (red dots in Figure 2). The taxis data were shared by the 99 com-

pany. The data was collected through a mobile application using the

smartphones of the taxi drivers. 99 is the largest mobile application for

taxi requests in Brazil. Created in 2012, it has the largest fleet of taxis100

and operates in more than 300 cities [3]. The data contains the GPS posi-

tions of 5,833 taxis, which represents 18% of the taxis in the city of Rio de

Janeiro. The dataset, also for October 7, 2014, contains 3,527,300 entries

(∼298 MB). Taxis upload their GPS positions at different frequencies,

ranging from six per hour to four per second.105

The most discernible feature between the two traces is the fixed route of bus

locations reports, mostly in high-traffic roads and avenues, and the capillarity

of taxi locations – taxis reach streets that buses do not. Those features are

explained by the buses’ fixed itineraries and the taxis’ characteristics of reaching

the exact origin/destination of the passengers.110

In a day, assuming that a vehicle informs its position once a minute, it will

produce 1,440 location records. In each of these positions, the vehicle may be

in range of dozens of vehicles whereas access points may have dozens of vehicles

connected to it.3 We can characterize the connectivity of a vehicular network

by measuring the vehicles displacement during a specified period (in our case,115

24 hours). The resulting interaction time-varying graph is potentially huge.

A manual search of nonconformities in the raw data shows that vehicles

reporting wrong positions are usually located, before and after that point, at

areas susceptible to GPS errors, such as tunnels and places with tall buildings,

like the business city center. It is important to note that, as the location errors120

are infrequent, they are filtered out by the clustering algorithm that we used to

manipulate the data (presented next).

3This happens often with buses because of their “predefined” displacements.
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From the analysis of location data, it is possible to identify patterns which

are typical of Rio’s public transportation system. It is possible to determine,

among others, the locations where the vehicles remain for longer periods. These125

can be end points such as bus parking lots, but also high traffic areas, terminals

for commuting between bus lines, or taxi stops.

2.2. Assumptions

The choice of analyzing GPS location data of buses and taxis is related to

the high capillarity of their routes and to the potential of data transfers at key130

locations, such as public transport stops. The discovery of locations with high

data transfer potential is one of goals of this work.

Different wireless technologies can be used in this vehicular network. In our

analysis, we consider two features that set communication technologies apart:

wireless range and transmission capacity. We use a constant α to model the135

capacity of wireless links, while the range is considered in meters.

We assume that the number of collection points (access points) scattered

throughout the city is limited. Therefore, to determine the best spots in the

city to install them, we use a clustering algorithm. The basic idea is that the

selected spots are the ones which are visited by the largest number of vehicles.140

Moreover, by measuring the time vehicles stay in radio range of a cluster’s access

point, we can estimate the data transmission capacity and the delays involved

in transmitting data over the vehicular network.

Finally, by matching the obtained capacity measurements with application

requirements, we can point out which applications this vehicular network is145

able to support. By knowing the application requirements, such as the accept-

able delay and the quantity of data gathered from the sensors, it is possible to

determine the wireless technology that supports it.

3. Handling the data: Clustering approach

As indicated previously, the computational cost to analyze all possible vehicle150

encounters is very high. To this end, it is necessary to compute, for each vehicle
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and at all times, the neighborhood as defined by the wireless radio range under

consideration. In this case, since the database is of significant size, the process

of determining the encounters is costly and time-consuming. Furthermore, to

determine the distance between two far-away points using GPS coordinates, it is155

necessary to take the curvature of the earth into consideration to avoid distance

errors. This computation involves floating-point arithmetic.

The dataset is composed of GPS positions of vehicles during an entire day.

Nevertheless, the positions are not synchronized. There is also a delay in the

update of this location of at least one minute, where it is not possible to assess160

the real location of vehicles without resort to guessing, such as creating esti-

mate GPS locations through interpolation. As those characteristics restrict the

handling of the dataset, we propose an algorithm (see Section 4) to compute

the characteristics of the vehicles’ displacements.

There are diverse ways to analyze massive amounts of spatial data, like de-165

termining the distance between all points, sampling a pool of points, reducing

the analyzed area, and clustering, to cite a few. As one of the goals of this work

is to investigate the suitability of a given wireless technology by considering

its nominal communication range, we adopt the clustering technique which fits

better our problem. More specifically, we consider a grid-based clustering algo-170

rithm. Kolatch suggests STING (STatistical INformation Grid-base method) as

one of the less complex algorithms for grid-based clustering analysis [6].

The first step of our approach is to create a graph where each vertex is a

geographic region of the city. To each vertex is associated a weight, which is

equal to the number of vehicles inside the region. For the formation of regions,175

the city map is divided into equal-sized quadrants. Then, each vehicle location

record in the database is mapped to a quadrant. A quadrant is a city region

bounded by a square of side L, defined via GPS coordinates. For capacity

analysis purposes (Section 6), the following results are obtained with quadrants

of L = 300 m.180

STING divides the target region into squares of equal size, creating thus a

grid [4]. This corresponds to the lowest level layer. For each cell of this grid,
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Figure 3: Map of Rio de Janeiro showing the 100 largest 300 m clusters.

it computes a parameter based on the number of objects (points). Then, new

layers are formed by merging, in a larger cell, multiple cells from the lower

layer. This creates the hierarchical structure of STING, composed by multiple185

layers. To determine the desirable cells, the search starts at the top layer. Cells

that match specific criteria are selected. After that, the search continues in

the lower level only of previously selected cells, going down the levels until the

desired conditions are reached.

During the assembly phase, STING has O(n) complexity, where n is the190

number of location reports in the database. At the level of cells, complexity is

reduced to O(m), where m is the number of cells in the grid. One of the main

advantages of this method is its low complexity, as compared to other clustering

algorithms [6].

Nevertheless, the grid-based clustering method has trade-offs that, if not195

properly tackled, might lead to poor results. The definition of regions may not

be optimal, meaning that the choice of the boundaries and location of cells

is crucial. Indeed, by fixing the location of the cells at the beginning of the
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execution of the STING algorithm, some regions may not be defined exactly

where they have the higher value. To mitigate this problem, it is necessary to200

adjust the cell size so that it is neither too small (leading to high processing

time) nor too big (leading to loss of resolution for data analysis), which impacts

directly in the performance of the algorithm.

Figure 3 shows the application of STING method to the dataset described

in Section 2.1. As each layer corresponds to a different cell size, to analyze a205

determined technology it is necessary to stop at a specific layer. In this case, we

choose a square cell with sides of 300 meters. The value of each cell corresponds

to the number of GPS location records of the vehicles inside it. Only the 100

cells with the largest number of location records are highlighted in the figure.

The cluster algorithm developed, despite using the entire database to identify210

the cells with the largest probability of data transfer, selects only the 100 largest

cells found for the later analyzes.

Figure 4 shows the percentage of vehicles grouped in the selected clusters

in relation to the total number of vehicles in the database. This data shows

that when using clusters of 1,000 meters, almost all vehicles are part of the215

network. By using clusters of 50 meters, just under 80% of vehicles are used in

the modeled network, still a significant number of vehicles.

By selecting only the busiest portions of the city, some vehicle location data

and also vehicles are discarded of the analysis. To determine the number of

clusters in the analyzes the percentage of vehicles in each cluster was taken into220

account. The number used, 100 clusters, guarantees that at least 90% of the

vehicles are analyzed when cells of 100 meters or more are considered.

4. Vehicle travels: Number, stay time, and travel time

We use the cluster algorithm to gather nearby vehicles into cells. Then, we

analyze the 100 largest clusters in terms of number of vehicles. We compute225

the following characteristics: number of travels between clusters, stay time at

each cluster, and travel time. A travel exists between clusters A and B if there
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Figure 4: Quantity of vehicles analyzed by the algorithm.

is a vehicle that reported locations inside cluster A followed by locations inside

cluster B.

Algorithm 1 is used to analyze the characteristics of travels. It takes as230

inputs the list of vehicles Cv[x] in each cluster x and the number of analyzed

clusters N . The line and column variables have the purpose to index the clus-

ter variable to search all the clusters (lines 2 and 3). When the origin cluster

is the same as the destination line = column, the algorithm does not per-

form anything (line 4). The function intersection(Cv[i],Cv[j]) receives as235

input the set of vehicles in two different clusters and returns intersect[], the

subset of vehicles detected in both clusters (line 5). Knowing all the vehicles

that intersect both cluster at line and column in the intersect[] variable, the

vehiclesTimeLocation() function discovers the time report of a vehicle in each

cluster, build a “time line” of the vehicle location. In this case, the function240

vehiclesTimeLocation() receives a list of all the vehicles that are detected

in both line and column clusters and returns a list of times reported by that

vehicle in the cluster timelineLine[] and timelineColumn[] (lines 7 and 8). The

variables tlLineIdx and tlColumnIdx (lines 9 to 12) are employed to index the

current location of each timelineLine[] and timelineColumn[] matrices, being245

incremented at each interaction of the for all loop (line 11 to 25). For all the vehi-
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Algorithm 1 Travel computation algorithm.

1: procedure Travels(Cv[], N) . Where Cv-Vehicle in Clusters, N-Number of

clusters

2: for line← 1, N do . Cluster Lines

3: for column← 1, N do . Cluster Columns

4: if (line 6= column) then

5: intersect[]← intersection(Cv[line], Cv[column])

6: for all intersect do

7: timelineLine[]← vehiclesT imeLocation(intersect[line])

8: timelineColumn[]← vehiclesT imeLocation(intersect[column])

9: tlLineIdx← 0

10: tlColumnIdx← 0

11: for all timelineLine AND timelineColumn do

12: if (interval(timelineLine[tlLineIdx] > timelineColumn[tlColumnIdx]))

then

13: if interval < 5 ∗ 60 then

14: stayT imeI ← stayT imeI + interval

15: travelT ime← −interval

16: Travel← TRUE

17: tlLineIdx← tlLineIdx+ 1

18: else

19: if interval < 5 ∗ 60 then

20: stayT imeJ ← stayT imeJ + interval

21: tlColumnIdx← tlColumnIdx+ 1

22: if Travel then

23: Travel← FALSE

24: travelsIJ ← travelsIJ + 1

25: totalTravelT ime← totalTravelT ime+ travelT ime

26: travels[line, column]← travelsIJ . Number of travels

27: travelsT ime[line, column]← totalTravelT ime . Total travel time

28: stayT imeI[line, column]← stayT imeLine . Total time at cluster i

29: stayT imeJ [line, column]← stayT imeColumn . Total time at cluster j
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cles detected in each cluster (line 11 to 25), the algorithm stores the total of trav-

els travels[line,column], the total travel time travelTime[line,column],

the total time at cluster i stayTimeI[line,column] and the total time at clus-

ter j stayTimeJ[line,column].250

Figure 5 illustrates the different measures of time gathered from the dataset

which are used for travel computation. Each column represents the time gath-

ered from a vehicle in a cluster. Vehicle 1 is inside cluster A at 00:01, 00:02,

00:03, 01:00, 02:00. It also reports location inside cluster B at 00:33, 00:34,

and 02:30. A travel time is defined by the last time report inside cluster A and255

the first-time report, after that last time, inside cluster B (line 10). Each time

a travel is inferred, it is accounted for (lines 20 to 23). In Figure 5, the first

travel time from A to B is 30 minutes, the difference between 00:03 and 00:33.

The stay time in cluster A is calculated as the time a vehicle reports it is inside

cluster A. For cluster A, it is the time between 00:01 and 00:03, for cluster B,260

the time between 00:33 and 00:34. It was not expected for a vehicle to stay

from 01:00 to 02:00 in cluster A, without traveling to cluster B, or updating

its location in cluster A. In such case, we can infer there were some errors or

missing data in the dataset. This can occur because of data lost in transmission.

Anyway, in this case we cannot tell if the vehicle was at cluster A or B from265

01:00 to 02:00. Thus, we do not consider this interval.

The stay time in a cluster is calculated in the Algorithm 1 from the first

time a vehicle reports its location inside a cluster (lines 12 to 17) until the last

report in the same cluster (lines 19 to 25). This stay time is measured only for

the same travel, as in the previous example. To prevent mismatches because270

of data loss of vehicles location, all the data location in a single “stay time” is

verified. Only consecutive reports with a time lapse lower than 5 minutes are

accounted for (lines 13 and 15 and 19 and 21). The five-minute interval was

chosen because of location reports are expected once a minute. Choosing not to

consider intervals longer than 5 minutes means that 6 communication failures275

or database errors in a row are needed for an interval to be considered invalid.

This 5 minute interval was chosen because 90% of the location data has refresh
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Figure 5: Representation of a travel between two clusters.

intervals lower than 5 minutes in our database. By analyzing the time a vehicle

stays in range of a determined area and the pattern of the vehicle movement, it

is possible to infer the capacity of the vehicular network.280

5. Structural analysis

5.1. Network dynamics

We analyze the dynamics of the network using 300-meter clusters. We select

the top 100 clusters in term of number of vehicle reports. We consider three

variants of the dataset: only buses, only taxis, and both. The “only buses”285

and “only taxis” datasets are composed by the location of buses and taxis re-

spectively, as already described, while the “both” dataset is a simple merge of

the two datasets, where each vehicle has a unique ID but no explicit indication

whether it is a bus or a taxi. Each of the analyses in this section considers the

three variants.290
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Figure 6: Distance (in km) between the top-20 bus clusters.

We first measure the straight-line distance between clusters. For the sake

of illustration, Figure 6 displays the distance between the top 20 bus clusters.

The distance between clusters ranges from 300 m to near 50 km, the maximum

distance observed in Rio de Janeiro.

Figure 7 shows the the probability density function (PDF) of the distances,295

in kilometers, between all pairs of the 100 clusters. It is possible to observe that

the maximum distance is lower when using only taxis than other two scenarios.

When we analyze the location data of buses and taxis, the number of clusters
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with the short distance (until 10 km) increases in relation to only buses. The

clusters of 10 to 40 km are close in value, with a slight advantage when only300

buses are used. Beyond 40 km there is no significant difference in the size of the

clusters.

Both datasets (taxis and buses) show a decrease in the average distance

between pairs of clusters. However, when analyzing the location of the taxis

clusters, we noted that there are more clusters of taxis in the south region of305

the city, region with the highest human development index (HDI) of the city and

near the clusters of the business area (downtown), which is the busiest area in

all cases. We observe the same trend when considering both datasets together.

Figure 7: PDF of the distance (km) between pairs of clusters.

Figure 8 plots the probability density function (PDF) of the number of trav-

els between clusters. Most pairs of clusters have less than 500 travels between310

them in a day. That means that there is one inter-cluster travel every 3 min-

utes, in average. When using all vehicles to calculate the number of travels,

we observe a rapid drop in the number of clusters that have a small amount of

travels. Taxi travels are more evenly distributed, showing few pairs of clusters

with a sizable number of travels. By correlating number of travels with distance315

between clusters, we observe that nearby clusters usually present more travels
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between them during the day, for both buses and taxis.

Figure 8: PDF of the number of travels between pairs of clusters.

We assume that each cluster is covered by one wireless access point (WAP).

We define the stay time as the interval a vehicle stays in range of a WAP.

Moreover, we assume that if a vehicle is inside a cluster it is in range of the320

WAP. The stay time is the period that the vehicle can exchange information

with the WAP, and it is later used to calculate the amount of data that can

be exchanged to vehicles while in range of the WAP, which depends on the

underlying technology. Figure 9 shows the PDF of the time that vehicles stay

in the range of the source cluster (which will give us how much data can be325

exchanged with the vehicle). It is important to mention that the stay time is

measured individually for different travels (from A to B and from B to A).

The stay time distribution for buses is long tailed, i.e., some clusters have a

very long stay time (75,000 minutes or 1,250 hours) in 24-hour period. On the

other hand, there is a concentration on values near zero minutes, because most330

of the times a bus just crosses a cluster. Much fewer buses stay a long time

inside a specific cluster. The tail of the taxis distribution is the shortest, and

has a peak at longer stay times. In other words, few clusters have very short

stay times. If we consider the network that combines buses and taxis, we see

an improvement on the stay time in the less busy clusters and a longer-tailed335
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distribution.

Stay time relates to the capacity of the infrastructure needed to transport the

data. Longer stay times mean that more vehicles are able to communicate with

the cluster WAP, increasing the amount of data transferred. The equipment and

the Internet connection of each cluster have to be able to handle the predicted340

quantity of data. Thus, the stay time impacts the requirements of the WAP

and backbone network and has to be used to calculate the deployment of the

infrastructure.

Figure 9: PDF of the time a vehicle stays inside a cluster.

The average travel time between two clusters is determined by the sum of all

travel times, divided by the number of travels that occur between those clusters.345

Figure 10 shows the PDF of travel times between clusters. Each bar corresponds

to a 20-minute interval. The PDF of travel time of buses presents a peak at 75

minutes, while the PDF of taxis travel time has a peak at 170 minutes. This is

because buses have predefined trajectories. Therefore, in average, taxi travels

are more spread across clusters as compared to buses.350

Compared to only taxis, when using both vehicles the number of pair of

clusters without any trip is reduced. The average travel times when using both

vehicles are predominantly low, around 100 minutes. The travel time between

the pairs is direction-dependent, as an example, cluster pair 17-20 requires, in
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average, a travel time of 236 minutes from cluster 17 to 20, and 773 minutes355

from cluster 20 to 17 using both taxis and buses.

Figure 10: PDF of the average travel time between pairs of clusters.

5.2. Graph analysis

By analyzing the number of travels between clusters, it is possible to identify

patterns, such as the importance of a region of the city. The idea is to reveal

regions with most vehicles and consequently greater opportunities to transport360

data. Vehicles in the network model are data vessels, i.e., mobile nodes that

transport data from one point to another. If we consider the stay time of a node

inside the range of a WAP, it translates into an amount of data transferred when

combined with the communication technology. To this, we have to add the time

for a vehicle to move between these clusters. In the following analysis, we employ365

the dataset with both buses and taxis, using 100 clusters of 300-meter size.

Figure 11 shows a weighted directed graph of the 100 clusters. The vertices

are the clusters, numbered from 1 (containing the largest number of vehicles)

to 100 (containing the smallest number of vehicles). The size of the node (circle

diameter) represents the value of betweenness centrality of each vertex. The370

8,904 edges represent travels of vehicles between clusters and the edge color and
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thickness represents the number of travels, ranging from blue (most travels) to

gray (least travels).

Figure 11: Graph of vehicles travels between 300-meter clusters.

The first interesting observation is that the graph has a single connected

component: all nodes are reachable from each other, directly or through multiple375

hops. As a weighted directed graph, it has two degrees, in-degree and out-

degree. The minimum in-degree is 29 while the maximum is 99. The minimum

out-degree is 28 and the maximum is 99. 19% of the nodes have the maximum

degree (198), and only 2% of the nodes have a degree smaller than than 100.

The average degree of the graph is 178.08, meaning the the network is highly380
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connected. On the other hand, the graph diameter is 2, meaning that all nodes

can be reached in at most two hops. The average path length in the network is

1.1 hop.

Another important metric is the number of shortest paths that go through

a node (betweenness centrality). The size of circles in Figure 11 is proportional385

to the betweenness of the node. Highly-central nodes are important because a

large number of vehicles (data vessels) cross them. Thus, those nodes are good

candidates to compose the backbone of the network. Nodes 3, 10, 12, 13, 14, 19,

21, 25, 26, 36, 47, 48, 49, 55, 63, 68, 87, 89 and 91 have betweenness centrality

of 21.76. It is interesting to note that the vertices with the largest number of390

vehicles are not necessarily the most central ones with respect to the travels

between clusters. Some clusters with low IDs (1, 2 and 4) have large numbers

of location reports, but show low betweenness centrality. Because clusters are

selected based on the number of vehicle location reports, some clusters are

located in bus parking lots or bus stops. Those points have low betweenness395

centrality, because of few connections to other clusters, however they have high

stay time, actually being good candidates to transfer data if this data has no

tight delay restrictions.

As any cluster can be reached in 2 hops or so, to transfer an information be-

tween 2 locations of the city (clusters), without the help of any other network,400

we need at most 1 cluster to relay the information to another vehicle. The

routing algorithm needed is quite simple, as only 2% of clusters have limited

connection to other clusters and the average path between clusters is 1.1, need-

ing fewer retransmissions in the network. The clusters with high betweenness

centrality are perfect candidates to act as relay points in this scenario, as most405

of the paths between nodes pass by them.

By observing the data contained is those sections together with the location

of the clusters in the city and some insights into how the city is formed, we

make interesting observations. When we consider the buses dataset alone, the

clusters are quite scattered across the city, reaching districts in the suburb, but410

with a greater concentration of clusters in the center of the city. When the
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clusters are based only in the dataset of taxis, they tend to concentrate only

in the center and south regions of the city. By joining the data from both

vehicles and running the clustering algorithm, the trends of both vehicles are

merged, containing clusters scattered throughout the city and a larger number415

of clusters in the southern part of the city. It is important to note that the

density of population in the southern zone is higher than in other areas of the

city – it is expected, as the southern region host families of higher income, who

use taxis more frequently. In addition, the most economically important area,

where most people work and where the commerce is concentrated, is the central420

area of the city. These two factors explain the higher concentration of clusters

located in these areas.

These analyses are useful to understand the data flow in the clusters, showing

the pattern of the data transfers. These numbers are indicative of the best

routing and disseminating algorithm to be implemented in the network.425

6. Capacity analysis

This section analyzes the amount of data that can be transported in the

network. We assume that each vehicle is able to store and transmit data using

the wireless connection inside each cluster. Vehicles collect data from devices

they encounter during their journeys and upload them to the Internet through430

some WAP in a cluster. We make no further assumptions in terms of the

applications that produce/consume data.

To evaluate different wireless technologies, we make the size of the cluster

proportional to the wireless range. Table 1 provides the typical transmission

range and capacity of each wireless technology. As seen on the table, the band-435

width of the technologies varies. Instead of simulating for each bandwidth,

we employ a multiplying factor, α to represent the capacity. As α is given in

bits per second and stay times in seconds, the total number of bits transferred

when a vehicle stays inside a cluster is simply the multiplication of those terms.

This table lists the most known technologies for vehicular data communications.440
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Technologies such as Bluetooth, LoRaWAN [7], or even Visible Light Commu-

nications [8] can also be considered in Vehicle-to-everything (V2X) networks.

Table 1: Overview of M2M wireless technologies.

Technologies Range Bandwidth

Zigbee 50 m ∼Mbps

802.11ac 100 m ∼Gbps

802.11n 300 m ∼100 Mbps

802.16

802.11p

500 m ∼Mbps

LTE-V2X 1,000 m ∼Gbps

6.1. Delivery latency

To analyze the data flow of the network, it is necessary to know the time a

vehicle is not in contact with one of the clusters, or the time between clusters.445

This variable shows the longest time needed for a vehicle to transmit the data

it gathered from devices in the city to an Internet gateway inside a cluster. The

worst-case scenario is for the data which is collected just after the vehicle has

left a cluster.

The measurements of time elapsed between consecutive contacts are used450

to plot the graph of Figure 12. This figure shows the cumulative distribution

function (CDF) of the time between cluster contacts of all vehicles, buses and

taxis considered. Each line represents a different cluster size, from 50 to 1,000

meters. Figure 12 also shows that, as the cluster size grows, the contact time

between clusters decreases. With 50-meter clusters, 90% of the time between455

contacts is less than 180 minutes. With 1,000-meter clusters, 90% of the contacts

are separated by less than 8 minutes. In all cases, the CDF is long tailed,

meaning that some vehicles take a long time to transmit the data to the clusters.
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In clusters ranging from 100 to 1000 meter, more than 90% of the time between

contacts are lower than 90 minutes.460

Figure 12: CDF of the time the vehicles travel to reach the next cluster.

Figure 13 shows the CDF of average time a vehicle spent to contact any

cluster, or average offline time of each vehicle. This data is measured as the av-

erage time, from all the day, each vehicle takes to go from one cluster to another

cluster. In all cluster size scenarios, the CDF is long tailed, meaning that some

vehicles contact clusters only a few times a day, having a high interconnection465

or “offline” time. The 1,000-meter range vehicles have a maximum mean time

of about 11 hours in a 24 hours interval.

At 300 meters or wider ranges, 90% of the offline time is under 50 minutes,

reaching 20 minutes for the 1,000 meters clusters. This indicates that the data

offloading time vary according to the cluster size, with the possibility of having470

a mean time of less than 30 minutes for large enough clusters.

Figure 14 shows, for all vehicles, the PDF of the number of 300-meter clusters

a vehicle is in range of in a day. For the buses, there are up to 1,440 possible

encounters, as the updates are separated by at most a one-minute interval. For

the taxis, as the location update rate is not predetermined, there are over 1,440475

encounters, meaning that some taxis reported the location more than once a

minute.
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Figure 13: Average time spent to find the next cluster (offline time).

Figure 14: Number of times each vehicles is within a cluster.

With this in mind, buses tend to encounter a larger number of clusters in

a day. The number of total encounters reaches over 2,000 clusters in a day for

only a few taxis. When using both datasets, the characteristics of both vehicles480

are merged, maintaining the high value of over 2,000 clusters encounters in a

day while there is a increase in the number of vehicles that encounter around

500 clusters in a day.

As the dataset does not provide locations of the vehicle between two location
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updates, it is not possible to guarantee that a vehicle remains a fixed number of485

seconds within range of a cluster. As the locations of buses are updated more

regularly than taxis, we chose to study the ratio between offline and online time

of buses.

Figure 15: Ratio between offline time and online time.

Figure 15 presents the CDF distribution of the ratio between the time a

vehicle spends in between clusters (offline time) and the time a vehicle remains490

inside a cluster (online time). This figure also shows the variation of the ratio

for multiple cluster sizes. The offline time is measured in minutes a vehicle needs

to reach the next cluster, while the online time is considered as one minute for

each report of a vehicle inside a cluster. The data is from all the ratios of each

travel of each vehicle.495

In Figure 15, lower ratios mean that offline and online times are close num-

bers, so the vehicle remains a few minutes without contact with a cluster. As

the range increases the time the buses are offline reduces, as expected. For

1,000 to 300-meter clusters, 90% of the encounters have the ratio under 17. For

50-meter clusters, 90% of the encounters have a ratio under 80. This metric500

shows that the capacity of data gathering while the vehicle is offline must be,

in the 50-meter clusters scenario, up to 1/80 of the capacity of the technology

of the transmission from the vehicle to the infrastructure.
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Figure 16: Number of simultaneous vehicles in a minute inside each clusters.

Figure 16 plots the cumulative distribution of the number of vehicles within

range of a cluster at each minute for 300-meter clusters. This information is505

related to the number of simultaneous connections needed in each cluster.

For 300-meter clusters, 90% of the clusters receive a low number of vehicles in

a minute, ranging from 12 when using only taxis to 30 vehicles at each cluster in

a minute when using both buses and taxis. The maximum value of simultaneous

vehicles in a cluster is 62 for taxis, 243 for buses, and 324 for both buses and510

taxis.

In the clusters with several concurrent vehicles, the connection may be

severely compromised, however, those cases are rare. When using both datasets,

there are 1,549 occurrences of values over 100 vehicles per cluster in an analysis

of 1-minute periods of 100 clusters, totaling 144,000 possibilities, meaning that515

about 1% of all occurrences have more than 100 vehicles. As mentioned before,

most of the time there are less than 30 vehicles sharing the same cluster.

To measure the predictability of vehicle encounters with clusters, we measure

the number of times a vehicle visits a cluster it had visited before, over the

total number of cluster the vehicle encounters in a day. In other words, we520

divide the number of non-unique clusters by the total number of clusters a

vehicle has visited. This variable tells if the vehicle tends to visit the same
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Figure 17: Predictability of encountering a cluster.

cluster over the day. In Figure 17 we group the vehicles according to their

measured predictability. Values close to 0 mean that all visited clusters are

unique, whereas values close to 1 mean that the vehicle has visited multiple525

times the same clusters, with few unique clusters.

From Figure 17, we note that as the cluster size grows, so does the pre-

dictability. With 50-meter clusters, the number of clusters visited by a vehicle

only once is high, leading to low predictability in most cases. For 1,000-meter

clusters, the encounters are highly predictable, as the vehicles tend to visit the530

same clusters more times. Although the city divided in 50 meters grids have a

higher number of squares than 1,000 meters grid, the analysis considers only the

100 largest clusters, and the predictability is only influenced by the number of

times a vehicle visits each cluster. With high predictability it is possible to more

precisely determine the contact between a given vehicle and a cluster. With this535

information, it is possible to plan data transfers and to better allocate resources

at the clusters, sizing the links and the access point radio equipment to support

the future demands.
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6.2. Data transfer capacity

Data transfer capacity is a key aspect to assess the applications that the540

vehicular network can support. We now combine the time a vehicle stays in

range of the cluster with the information of travels between clusters (Section 5.2)

to determine the amount of data transferred between clusters. To that end, we

need the number of vehicles reports inside each cluster, the stay times of each

vehicle inside each cluster, and the travel time between clusters.545

Figure 18: Number of vehicles reports in a day for each cluster in the city.

After the processing of the vehicles locations into the clusters, each cluster

has a determined number of reports of vehicle locations over a 24-hour interval.

Figure 18 shows the number of vehicles reports for the 100 largest clusters in

the city. As expected, increasing wireless ranges causes more vehicle contacts in

the cluster. The largest cluster receives some 250,000 vehicle reports in a day550

for the 1,000-meter scenario, while it receives 160,000 in 300-meter and 50,000

in 50-meter scenarios, respectively.

Figure 19 shows the total time that all vehicles stay in range of a cluster,

during the day, all clusters considered. This summation corresponds to the total

time vehicles can use to offload data to the network in a day. The first column555

of each group shows the total time of taxis only, the middle column, buses only,
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Figure 19: Total stay time of vehicles inside clusters, by vehicle type.

whereas the last column shows the total time by both vehicles. Each group of

bars correspond to a different wireless range, from 50 to 1,000 meters.

As mentioned in Section 3, a cluster is formed by all the vehicles that report

GPS locations inside it. In this way, if a vehicle stays longtime in a cluster it560

is accounted for more than once in this cluster. As clusters are formed by the

number of vehicle reports, there is a direct relation to stay time (dwell time),

but also there is a connection with the number of vehicles inside it, as a vehicle

has a finite number of updates per day and a cluster is composed by the most

active regions of the city.565

To compute the total amount of data that can be transferred in a day, we

only need to use the multiplying factor corresponding to each technology in

the total time that all vehicles stay in range of cluster, presented in Figure 19.

The multiplying factor is complex to be calculated correctly, as many variables

are needed to be taken into accountant. Being so, the literature provides some570

observations on throughput of data in wireless vehicular networks.

Jansons et al. [9] evaluate in a field test the throughput of an IEEE 802.11n

vehicular network composed by a vehicle and fixed access points. The experi-

ment reveals a contact time up to 77 seconds and a goodput of up to 30 Mbps

with 15 Mbps average.575
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Zhigang et al. [10] create a testbed using a vehicle equipped with IEEE 802.11p

and LTE radio transceivers and radio base equipment’s, forming a V2I network.

A throughput up to 30 Mbps is achieved with LTE and up to 5 Mbps using

IEEE 802.11p. The maximum radio range of IEEE 802.11p was 450 meters

while the LTE covered all the 2.4 km-long road used in the tests.580

Sarvade et al. [11] simulate a vehicular network composed of IEEE 802.11ac

equipment. The simulation is based on V2V communications, so only con-

tacts between vehicles are measured. The results show a maximum throughput

of 50 Mbps with 802.11ac, 30 Mbps with 802.11n and 10 Mbps with 802.11p

equipment.585

Hayat et al. [12] experiments on IEEE 802.11n and IEEE 802.11ac com-

munications using unmanned aerial vehicles, or drones. Despite the difference

between the vehicles, each vehicle is equipped with an 802.11ac radio, which is

in contact with a base station. The experiment shows that 802.11n technology

can transmit TCP traffic up to 90 Mbps in distances under 100 meters, and590

13 Mbps at 500 meters. IEEE 802.11ac can transmit up to 520 Mbps at 50

meters.

The studies show the potential of data transfer between vehicles and in-

frastructure points. As each one of then uses different equipment, different

conditions, it results in a unique testbed. The throughput of the data varies,595

showing the difficulty in determining a fixed throughput in a V2I scenario. So,

supported by these studies, we chose to establish the technology for clusters of

100 meters as 802.11n, for clusters of 500 meters as 802.11p and for clusters of

1,000 meters as LTE. In this scenario, the alpha value for 802.11n is 15 Mbps,

as seen in [9], for 802.11p is 5 Mbps and for LTE is 30 Mbps as seen in [10].600

The multiplying factor corresponding to each technology (alpha) applied to

the total time that all vehicles stay in range of cluster is shown in Table 2.

For example, a 15 Mbps throughput using 802.11n technology and 100 m range

can reach 500 TB during the day using both buses and taxis. The stay time

improves with the size of the cluster, as shown in Figure 19, but the throughput605

of technology decreases the capacity between the 100 and 500 meters clusters.
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In this case, the total transferred data of buses and taxis in 500 meters cluster

is 1.2 PB during the day. Even with a throughput three times lower, the longer

stay time compensate it and it is possible to transfer more data.

In the last case, the LTE technology can deliver 30 Mbps of throughput to a610

vehicle in long ranges, however, it is necessary to point out that this technology

is the most expensive of them. LTE needs a large infrastructure, composed by

multiple base stations and operates on licensed frequency. With that in mind,

the LTE technology can transfer near 15 PB per day considering both types of

vehicles.615

Table 2: Data transfer potential (Terabytes).

Cluster
size

(meters)
Technology

Throughput
(Mbps)

Transfered data (TB)

Taxis Buses Both

100 802.11n 15 64.39 445.65 480.15

500 802.11p 5 641.10 756.90 1,294.6

1.000 LTE 30 6,852.00 8,981.40 14,928.30

The use of both taxis and buses together improves the network capacity

mainly because of the higher number of vehicles. Nevertheless, the capacity is

not simply the sum of both networks isolated, because of the different movement

patterns of the vehicles. The most crowded regions for taxis or buses differ and,

as the number of clusters is fixed at 100, the cluster locations when using both620

vehicles may not be in the optimal regions for buses or taxis alone.

Figure 20 shows the stay time for both types of vehicles for each 1-hour

interval during the day, for different cluster sizes. We note that the time of the

day influences the network capacity. During business hours, and specially rush

hours, there is an increase in the traffic for all the clusters dimensions. On those625

hours, there are more vehicles to meet the demand of the workers of the city,

moving between home and the work location, or students going to the school,

to cite a few. The period from 8 pm to 8 am is the one with less data capacity.

Figure 21 plots the stay time only for 300-meter clusters. The plot shows
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Figure 20: Total stay time sampled by the period of day.

Figure 21: Total stay time by vehicle type using 300-meter clusters.

that until 6 pm taxis have lower stay time than buses. Moreover, taxis have630

fewer contacts with WAPs through the day, but after 6 pm, they have more

contacts than buses. This is explained mostly because the decrease on bus

activities is higher than that of taxi activities: at night more people tend to use

taxis because of the lower number of buses available. The scenario where both

buses and taxis are considered reaches a better throughput in all cases.635

The small number of vehicles sharing the resources in a cluster, together
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with the large number of encounters with clusters and short offline time, are in

accordance with the elevated data transfer capacity achieved in this analysis.

7. Related work

Smart cities and the Internet of Things (IoT) are hot topics which span dif-640

ferent research areas [13]. In this paper, we focus the transmission of data using

the transportation system. This section briefly reviews the related literature.

7.1. Devices and data communication

Dhillon et al. categorize IoT communications characteristics along two di-

mensions: range and mobility [7]. Range refers to the geographic spread of the645

devices, whereas mobility refers to whether the devices move and if they need

to communicate while in motion. They provide examples of different machine-

to-machine (M2M) application categories: long range and mobile, using cellular

technology in applications such as fleet management; long range and stationary,

using dedicated or cellular technologies in applications such as environmen-650

tal sensing; short range and mobile, such as logistic tracking, using Wi-Fi and

RFID; short range and stationary in home and industrial automation, using Zig-

bee or Wi-Fi; and personal network, such as personal activity tracking, using

Bluetooth.

Our present analysis does not aim a specific application but instead, ap-655

plications which fall in the category of: long-range environments (with devices

scattered over 1,000 m) and with or without mobility. Those scenarios are of-

ten based on cellular networks, such as 4G and 5G technologies, and dedicated

networks, deployed exclusively to the application [14].

Ndashimye et al. surveys Vehicular-to-Infrastructure (V2I) communications,660

identifying the most common wireless vehicular networks [15]. IEEE 802.11p

and LTE are considered the most promising technologies, but alternative trans-

mission technologies can also be implemented. It is possible to combine different

radio access technologies such as Wi-Fi, WiMAX, 3G, and 4G networks to coop-

eratively operate in order to support V2I communication. Also, Ndashimye et665
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al. describe and categorize V2I applications, as safety-related, traffic manage-

ment and entertainment. Safety applications may include driver assistance and

road hazards warning applications. Non-safety applications could be road traffic

management, remote vehicle diagnostics, air pollution monitoring, and on-board

comfort and entertainment.670

7.2. Vehicular networking

Other works analyze the data transmission capacity of vehicular networks.

They consider diverse types of vehicles, in different scenarios, each with spe-

cific wireless transmission technology. We do not assume a specific technology,

instead we leave the range as an input variable to be more general.675

Gorcitz et al. propose a data offloading channel, using road infrastructure to

transport data [16]. They create a scenario where vehicles transiting at France

roads transport 250 GB to 1 TB data each. The simulations show that up to

260 TB of data can be transferred in 3 hours, 200 times more than an Internet-

based data transfer. Mitton et al. study a hypothetical network composed680

by shared bikes in [17]. Each bike communicates with other bikes and with

bike stations. Each bike can disseminate up to 12 Gb of information along a

trip. The study also shows that the coverage of the city is not uniform, some

areas having up to 5 times more traffic than others. Santos et al. present an

opportunity network composed by boats at the Amazon Basin, equipped with685

IEEE 802.11g access points [18]. The study shows the feasibility of a network

composed of public transportation boats in the Amazon, transporting more than

1 TB per week in this scenario. Other approaches consider transporting data

using different types of vehicles [16, 17, 18]. Each of them concludes that it is

possible to transport terabytes of data in each scenario. Nevertheless, we use690

the largest dataset and focus on locating regions to communicate with vehicles

and we account for the time a vehicle stays in contact with an Internet gateway,

differently from the previous work. This allows to infer a quantity of data

transported by these vehicles.

Araniti et al. present an extensive survey about vehicle communications,695
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comparing LTE (Long Term Evolution) to other technologies, notably, IEEE 802.11g

and IEEE 802.11p [19]. This survey focus safety applications, like warnings and

information about road conditions. Their conclusion is that LTE has a key

role to play. Even if the latency is larger, because of the extended wireless

range compared to other technologies, it can be used in combination with e.g.700

IEEE 802.11p.

Device to device (D2D) communication was later proposed in the LTE stan-

dard. Piro et al. [20] analyze LTE-D2D in vehicular networks, focusing on the

exchange of Cooperative Awareness Messages (CAM) between vehicles. They

investigate the number of simultaneous vehicles and the range that the technol-705

ogy can support.

Long-Term Evolution (LTE) is in a constant update by the 3GPP group.

There is a recent interest in vehicle communication using LTE, or LTE-V, which

includes V2V, V2I, V2X, as stated by Molina-Masegosa [21]. The LTE-V was

introduced at release 14, at the end of 2014, and some evolutions are presented710

in release 15 and are under discussion on release 16 to support fifth-generation

(5G) V2X communications.

Huang et al. investigate the offloading possibility of LTE-V to IEEE 802.11p

networks based on Software Defined Networks (SDN) [22, 23]. They propose a

method to determine the best network to transmit data at each time. By moni-715

toring both networks, it is possible to offload the traffic from the cellular network

to the vehicular network, maintaining the throughput and with limited packet

loss. The method shows a complete scheme to route and disseminate data. One

characteristic of the proposal is the high complexity of the algorithm. Also the

simulation is performed under strict conditions, using a synthetic database.720

Bazzi et al. discuss data offloading from cellular networks (LTE-V) onto

vehicular networks (IEEE 802.11p) [24]. They provide a method to place the

roadside units (RSU) and compare to other methods, including the method

used in our study, which they call KP-P (the acronym follows the fact that it

is a Knapsack Problem that can be solved in polynomial time). The conclusion725

is that the method of RSU placement produces similar results, although the
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proposed method is more complex. They also create a simple routing algorithm,

specific for this offloading scenario, witch reduces the consumption of cellular

resources by up to 70%. Nevertheless, the study has the same characteristics

of Huang’s work, with a high complexity algorithm and simulation with strict730

conditions.

The organization of multiple types of connections and computing resources

of vehicular nodes has also motivated recent research. Li et al. explore the

concepts of social networks applied to vehicular networks [25]. They consider

software defined vehicular networks, where vehicles can join groups to execute735

specific functions, such as road warnings or convoy formation. Baron et al.

explore the virtualization of vehicular computing resources and the migration

of services between nearby vehicles using V2V networks [26].

Campolo et al. present an overview of possible evolution of vehicular net-

works [27]. The study defines deployment phases. In the first phase only warn-740

ings are sent, such as road conditions and emergency vehicles. This phase is

compatible with today’s IEEE 802.11p technology. The latter phases, based on

technologies such as LTE-A, D2D, 5G, will be able to support platooning and

even autonomous driving. That latter phase also opens the possibility to other

users, like pedestrians possessing a smartphone, to participate in the network.745

This last approach will connect vehicles and things (e.g. sensors, cameras),

opening new relations between devices. This overview provide a vision of the

future of vehicular networks, affirming the importance of connected devices in

this urban environment.

Finally, several other works show the feasibility of using diverse wireless750

networks technologies in vehicular network scenarios and the need to pursuit

new ways of communication, mostly to alleviate transmission technologies to be

employed in safety applications [19, 20, 25, 26, 27].

7.3. Delay-tolerant networking (DTN)

Delay-tolerant networks present, as the main characteristic, the ability to755

connect devices when the physical connection between those devices are inter-
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mittent, i.e., occurs opportunistically [28].

Pereira et al. explore vehicular delay-tolerant networking, or VDTN, which

can also be investigated under as an extension of Mobile Ad hoc Network-

ing (MANET) to vehicles [29]. VDTNs are DTNs where vehicles communicate760

with each other and with fixed access points along their paths. Those net-

works pave the way for various applications, including notifications of traffic

conditions and warnings, information about weather or services, as well access

to other services. VDTNs can also be used to gather and deliver information

about the paths of the vehicles. Such networks are composed by data mules765

and stationary relay point, where vehicles pick data in one location and transfer

it to another location. The authors explore the most known VDTN projects

and identify some specific research topics, such as routing, multicast, security,

cooperation, and scalability. Among them, the topic of particular interest to

the present work is topological scalability, which refers to the investigation of770

large scenarios. The community still lacks more studies, real datasets, and real

deployment of large VDTNs. Our work goes in this direction, as it uses a

large dataset to try to identify what kind of application can be deployed in the

proposed network.

Doering et al. use locations of buses from large cities such as Seattle and775

Chicago to obtain city-specific metrics and to compare their public transporta-

tion systems [30]. In addition to informing the characteristics of the cities, they

advocate that the use of DTN is the best approach for the scenario and that

the computing power required for network analysis of this magnitude is high

enough to need new approaches to the problem manipulation.780

Baron et al. survey systems in which vehicles carry data while they move,

forming delay-tolerant networks [31]. Two distinct groups are studied, the direct

data delivery, where the data is carried from the source to the destination, and

the indirect data delivery, where the data is passed through multiples vehicles

until it reaches its destination. There are more classifications in the study (nine785

in total), and none of them is pointed out as the winner method, each one

having its own specificities. Our work is classified as “direct data delivery”

38



with passive method (no control over the vehicle trajectory) with predictable

mobility patterns.

7.4. Vehicular traces790

The literature contains two types of vehicle location databases: databases

generated by mathematical models and databases collected from real-world vehi-

cles. In models based on synthetic data, usually a city or a district whose street

and traffic signs have been mapped is chosen. Vehicle traces in a limited time

interval are generated from synthetic motion models. In many cases, the choice795

of parameters – e.g. number of cars, speed, routes – and motion models are not

optimal. This leads to not having the necessary statistical rigor to represent the

distribution of macro traffic, capturing only brief time periods or small urban

areas with confidence. For these reasons, synthetic location databases available

are usually limited to a few square-kilometers and short time periods [32].800

Real-world location databases are obtained by recording vehicle positions

during their motion. It is not commonplace to collect data from all the vehicles

circulating in a city for several reasons, including the issue of privacy of the

drivers, and because of vehicle heterogeneity: not all are equipped with a GPS

and less has the equipment to record and inform their trajectory. Therefore,805

traces are often obtained by monitoring a company fleet [33].

Traces from buses, taxis, and rental car fleets are available. One of the

first sources of data collected through the vehicle location system to be made

publicly available was from the buses of Seattle [34]. This trace shows the move-

ment of approximately 1,200 buses, with a two-minute data collection interval.810

Similar data was collected in Chicago, with 1,648 buses and 40-seconds inter-

val updates [35]. Another trace from buses was obtained from the DieselNet

testbed [36]. In this case, thirty vehicles were equipped with technology to

monitor their movement every second. Further analysis with taxis and corpo-

rate fleets were made in San Francisco [37] and Shanghai [38]. A more detailed815

analysis of the mobility data available in the literature is provided by Uppoor et

al. [33].
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The buses dataset considered in the present work was gathered through

the city of Rio de Janeiro’s portal, which (only) provides vehicle locations in

real time. We crawled the data using the API for one month (Oct. 2014).820

Each day of the collected dataset contains about 6 million location points of

about 12 thousand vehicles IDs. Currently, there are no other datasets of Rio

available. The buses collected dataset is now available on the Crawdad website

repository [39, 40].

8. Possible extensions825

This work provides elements for an efficient, adapted design of a delay-

tolerant vehicular network in big cities. The goal of the study is to identify the

singularities of the network and to estimate its dynamics. With these analyses

we expect to, from specific user requirements, identify the possibility of imple-

menting a network that meets users requirements and help determine the types830

of transmission technologies that should be applied to achieve the goals. The

performed analysis reveals interesting open questions.

The first research direction is the investigation of new criteria cluster selec-

tion. First, it is possible to select other attributes to determinate the clusters,

such as clusters with high betweenness centrality or large number of unique835

vehicles, changing the network characteristics to compare those methods of se-

lection.

From a practical perspective, it is interesting to perform real transmission

data between vehicles and between vehicles and clusters, to determine the real

capacity of data transfers of each technology. With such experimental results,840

the idea would be to replace the value of α in our analytical model with empirical

numbers.

Also, there is room for novel routing and dissemination protocols based on

characteristics found in the network, such as unique features of buses and taxis,

difference stay times and travel times between clusters, latency and predictabil-845

ity metrics. As a side topic, evaluating complex network metrics, such as the
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centrality of a vertex (cluster) and degree of the vertices, may bring new in-

sights. A specific messaging dissemination protocol may be able to prioritize

certain messages or prevent messages from being lost by using vehicle informa-

tion such as the bus line or the tendency of that vehicle to return to a given850

cluster (predictability). This proposal creates several types of messages that

can have their characteristics of transmission and delivery diversified according

to some desired factor, such as sending time, amount of data to be sent or even

cost.

This work does not simulate the exchange of packets between the devices,855

meaning that we do not consider the physical layer aspects, the time to start

a connection once the vehicle is in range of the other radio device, etc. Those

values are only indirectly considered in the constant α, which models the capac-

ity of wireless links and is replaced with values of the literature which considers

those questions.860

Finally, this work evaluates the raw capacity of data transfers, without im-

plementing message dissemination protocols, in order to verify the feasibility of

using a given application through the study of available capacity. When choos-

ing the application and analyzing its requirements, it will be possible to select

the remaining protocols, either seeking to maximize the availability latency of865

a given data, the delivery reliability or, among other metrics, the total amount

of data delivered.

9. Conclusion

We investigated the communication capacity of a vehicular network formed

by public transportation vehicles, a potential mobile node infrastructure upon870

which different smart city applications can be built. The analysis verified the

feasibility of massive data transportation by urban buses and taxis in the city

of Rio de Janeiro. The capacity analysis is a function of the wireless range. As

such, we could evaluate the use of different available communication technologies

to build this vehicular network. The grid-based clustering algorithm (STING) is875
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highly parallelizable and can bring the analysis of a huge database to a feasible

time.

The results have shown that buses and taxis have different location patterns,

while buses have a more defined travel patterns, taxis do not necessarily return

to the same point, reaching far more streets. We found that clusters which are880

closer usually have more travels between them in a day, resulting in more data

transfer capacity. Some vehicles contacted clusters only a few times a day, while

90% of the vehicles have an offline time of less than 20 minutes in 1,000-meters

clusters. With 50-meter clusters the number of unique visited clusters was high

while for 1,000-meter clusters, the encounters were highly predictable.885

The analysis has shown that the amount of data transmitted can be large, de-

pending on the technology and the range. Combining taxis and buses improves

the network performance, both in terms of covered area and capacity. The time

of the day influenced the network capacity. During the day, and specially in

rush hours, there was an increase in the traffic for all the clusters dimensions.890

The taxis had fewer contacts through the day, but after 18h more people tend

to use the taxis, and they have more contacts than buses.

The low bandwidth network of vehicles and WAPs could reach 500 TB per

day using buses, taxis and 1,000-meters cluster. A more conservative approach,

using the same network and a 50-meter clusters, could reach 15 TB per day.895

If any other vehicles could join the network, such as trucks fleets or private

vehicles, the network could have even more coverage and capacity.

Those analyses can be use in the requirement phase of a new application. If

the application can support the delay of the network, in the case of a now real-

time communication, this kind of network is a potential candidate. Even more,900

knowing the requirements of the application and the capacity of the technology,

it is possible to infer a number of clusters and number of vehicles collaborating

to the network to support such application.

905
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