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Abstract—This paper proposes a self-adaptive interactive navigation tool (SAINT), which is tailored for cloud-based vehicular traffic optimization in road networks. The legacy navigation
systems make vehicles navigate toward their destination less effectively with individually optimal navigation paths rather than
network-wide optimal navigation paths, particularly during rush
hours. To the best of our knowledge, SAINT is the first attempt
to investigate a self-adaptive interactive navigation approach
through the interaction between vehicles and vehicular cloud. The
vehicles report their navigation experiences and travel paths to the
vehicular cloud so that the vehicular cloud can know real-time
road traffic conditions and vehicle trajectories for better navigation guidance for other vehicles. With these traffic conditions and
vehicle trajectories, the vehicular cloud uses a mathematical model
to calculate road segment congestion estimation for global traffic
optimization. This model provides each vehicle with a navigation
path that has minimum traffic congestion in the target road
network. Using the simulation with a realistic road network, it is
shown that our SAINT outperforms the legacy navigation scheme,
which is based on Dijkstra’s algorithm with a real-time road traffic
snapshot. On a road map of Manhattan in New York City, our
SAINT can significantly reduce the travel delay during rush hours
by 19%.
Index Terms—Cloud, congestion, interactive, navigation, road
network, self-adaptive, trajectory, vehicular network.

I. I NTRODUCTION

E

FFICIENT vehicle navigation is very important in terms
of time and fuel. In daily life, many people drive from
their homes to their workplaces and back during rush hours
and waste many hours and much fuel by driving on congested
roadways. For efficient navigation, we use navigators in the
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form of either dedicated navigation systems (e.g., Garmin [1]
and TomTom [2]) or smartphone navigation Apps (e.g., Waze
[3] and Navfree [4]). These navigators provide vehicles with
their navigation paths from the source to the destination with
road traffic statistics or real-time traffic conditions. Efficient
navigation will save time and fuel effectively; hence, research
on navigation will continue in the future.
Recently, vehicular ad hoc networks (VANETs) have been
spotlighted for communications among vehicles and infrastructure for driving safety, driving efficiency, and entertainment
services [5], [6]. The VANET can be constructed by dedicated
short-range communications (DSRC) [7] among vehicles moving either in one road segment or in multiple road segments.
This DSRC technology has been standardized by IEEE 802.11p
that is an extension of IEEE 802.11a for vehicular networks.
Since these DSRC-based vehicular networks will be deployed
by the government for public safety and convenience, they can
mitigate the cost of mobile users caused by cellular networks
(e.g., fourth-generation Long-Term Evolution (4G-LTE) [8],
[9]) that mainly provide mobile devices (e.g., vehicles and
smartphones) with mobile wireless network access to cloud
services (e.g., navigation). Moreover, as previously mentioned,
Global Positioning System (GPS) navigation systems are popularly used by drivers for efficient driving. Due to the trend of
wireless access diversity and navigator popularity, one natural
research question is how to design an efficient navigation
system by utilizing both real-time traffic conditions and vehicle
navigation paths.
In this paper, a vehicular cloud for navigation is constructed
with the following settings. As a core computing and storage
node in the vehicular cloud, the Traffic Control Center (TCC)
[10] collects road traffic statistics from road infrastructure and
vehicles. The TCC also maintains the trajectories of vehicles in
the target road network and services the navigation of vehicles
as a vehicular cloud system. As wireless nodes connected to the
Internet, road-side units (RSUs) [11] are deployed at intersections to provide vehicles with Internet connectivity to the TCC.
Vehicles with navigation systems communicate with RSUs
to interact with the TCC for their navigation. The vehicles
periodically report their own trajectory (i.e., future navigation
path) and their current position to the TCC. Of course, if RSUs
are not available, the self-adaptive interactive navigation tool
(SAINT) allows vehicles to communicate with base stations
in cellular networks, such as evolved Node B (eNodeB) in
4G-LTE [8], for wireless access to the vehicular cloud. Nowadays, most current navigation services [3], [4], [12], [13] are
provided for mobile devices via 4G-LTE communications.
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In the form of a one-way noninteractive navigation service,
most current navigation systems [1]–[4], [12]–[14] provide
each vehicle with an individually optimized navigation path
instead of the overall optimization for the road network. When
some road segments are less congested, those navigation systems will construct navigation paths using the light-traffic road
segments. In this case, many vehicles will simultaneously use
the light-traffic road segments for their travel paths in a greedy
way. As a result, those road segments will soon be congested
with high probability. This phenomenon happens because the
current navigation systems compute time-wise shortest travel
paths, based only on the snapshot of road traffic conditions
without considering the near-future congestion in currently
light-traffic road segments. Thus, based on the snapshot of
road traffic conditions, this locally optimal navigation scheme
does not work effectively during rush hours with high vehicular
traffic, leading to ineffective navigation service.
This paper proposes the SAINT for cloud-based vehicular
traffic optimization. To the best of our knowledge, this paper is
the first attempt to guiding vehicles through global transportation optimization, utilizing vehicle trajectories and predicting
bottleneck road segments in a target road network. In the
form of a two-way interactive navigation service, the SAINT
allows vehicles to interact with the vehicular cloud for optimal navigation experience with vehicles reporting their current
trajectories and navigation experiences. This two-way interactive navigation service prevents vehicles from simultaneously
using currently light-traffic road segments for their travel in a
greedy way. The TCC predicts the near-future congested road
segments through the estimation of road segment congestion
levels along with the trajectories reported by the vehicles over
time. Whenever a new vehicle requests its navigation path to
the TCC, the TCC selects a globally optimal navigation path
as its vehicle trajectory that does not include highly congested
road segments in the near future with a high probability. Therefore, this coordination by the TCC can spread out vehicular
traffic throughout the target road network, leading to the fast
navigation of all the vehicles in the target road network. Our
intellectual contributions are as follows.
• Vehicular navigation architecture: We propose a twoway interactive navigation system. The vehicles interact
with the TCC using RSUs in DSRC [7] or eNodeBs
in 4G-LTE [8] so that the TCC can compute the optimal navigation paths for newly navigating vehicles. The
paths are computed by identifying future congested road
segments using the reported vehicle trajectories as the
vehicles move in the target road network.
• Congestion contribution formulation: Given a vehicle’s
trajectory, a certain congestion weight is accumulated to
each road segment on the trajectory for the future congestion level, considering the arrival time that the vehicle will
reach the road segment.
• Trajectory computation algorithm: Considering the
congestion contributions on road segments, the algorithm
computes a trajectory that has a bounded travel delay
increase (e.g., by, at most, 50%) for the individually
optimized shortest path but minimizes the path congestion
contribution in the target road network.
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Therefore, these contributions will be able to reduce road
traffic congestion in urban areas during rush hours through our
cloud-based navigation service along with real-time road traffic,
saving both time and fuel.
The rest of this paper is organized as follows. Section II summarizes and analyzes the current navigation systems. Section III
formulates our navigation scheme. In Section IV, we describe
our travel delay model for travel time prediction. Section V explains the design of SAINT navigation. Section VI describes the
navigation procedure in the SAINT. Section VII evaluates the
SAINT along with a state-of-the-art legacy navigation system
under realistic settings. Finally, in Section VIII, we conclude
this paper along with future work.
II. R ELATED W ORK
Currently, in the industry, GPS navigation systems are popularly used in the form of either dedicated navigators (e.g.,
Garmin [1], TomTom [2], and iNAVI [14]) or smartphone
navigator Apps (e.g., Waze [3], Navfree [4], Skobbler [12],
and Tmap [13]). Most of them are using the shortest travel
delay path algorithm (e.g., Dijkstra’s shortest path algorithm
[15]) based on real-time road traffic measurement or road
traffic statistics. In the past, most dedicated navigators worked
on the basis of the geographically shortest path, but some
navigators worked on the basis of the time-wise shortest travel
path with real-time traffic information by smartphone tethering
or road traffic statistics according to each hour in a day. The
limitation of the legacy navigators is that the routes provided by
them are individually optimized paths for each vehicle [1]–[4],
[12]–[14]. That is, they do not consider the collaboration among
vehicles in congested road areas for better navigation. On the
other hand, our SAINT predicts road segments that have a high
possibility for traffic congestion in the near future and then
allows vehicles to bypass those road segments by detouring.
Eventually, since vehicles navigate by the coordination of the
TCC, the traffic spreads out evenly throughout the road network
to provide uniform traffic density. This uniform traffic density
allows the vehicles to experience less traffic congestion on road
segments and shorter waiting time at intersections. Finally, our
SAINT assists drivers with optimal and adaptive navigation
information from the vehicles in the target road network.
In academia, travel path planning for efficient navigation has
been researched [16], [17]. Wang et al. proposed real-time path
planning based on both cellular networks and VANETs [16].
The proposed scheme considers both each individual driver’s
driving preferences (e.g., short travel distance and driving
easiness) and the overall road network utilization. However,
this scheme cannot handle the case where many vehicles will
use the same road segment, which is currently idle, in the near
future in a similar time zone. As a result, the vehicles will
experience traffic congestion in the near future. On the other
hand, our SAINT uses the concept of the reservation of each
road segment along the vehicle navigation path in terms of
congestion increase by the vehicle in the timeline. Thus, the
SAINT prevents some road segments from being congested
by spreading out vehicle traffic uniformly in the road network.
Khosroshahi et al. proposed a real-time traffic collection scheme
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The following items define nodes in the vehicular navigation
architecture.

Fig. 1. Vehicular navigation architecture.

based on VANETs [17]. This scheme defines an appropriate
cost function and its parameters for route guidance with realtime traffic information. With the cost function, this scheme
uses the A∗ search algorithm for best-route search [18]. In the
same way with [16], this scheme provides an optimal travel
path for individual vehicles rather than the whole road network;
hence, it cannot achieve global optimization for all the vehicles
moving in the road network. Therefore, since the legacy
schemes in the industry and academia are based on the current
network conditions without the reservation concept in SAINT,
they allow currently idle road segments to be congested soon
by vehicles that greedily take those idle road segments as parts
of their navigation paths.

III. P ROBLEM F ORMULATION
This section describes the goal, assumptions, and high-level
design for our navigation system called SAINT. Given the
destinations of vehicles in a target road network, our goal
is to determine an optimal vehicle trajectory (i.e., navigation
path) of each vehicle. Our SAINT aims to minimize the traffic
congestion level per road segment for network-wide traffic
optimization, while bounding the expected vehicle detour travel
time. The increased detour delay is, at most, the product of a
detour constraint parameter α (e.g., 50%) and the shortest travel
time from the source to the destination computed by Dijkstra’s
algorithm [15], as discussed in Section V-C.

A. Vehicular Navigation Architecture
This section describes our vehicular navigation architecture and component nodes for vehicular cloud. Fig. 1 shows
the vehicular navigation architecture for our SAINT system.

• TCC: The TCC is a road traffic management node for
a vehicular cloud system in a target road network [10].
The TCC maintains the trajectories and locations of vehicles for location management as used in Mobile IPv6
[19]. The TCC has up-to-date vehicular traffic statistics,
such as vehicle arrival rate and average speed per road
segment in the road network under its management. With
the vehicular traffic statistics and vehicle trajectories for
the target road network, the TCC computes the vehicular traffic congestion level per road segment. With this
congestion level per road segment, the TCC computes
an optimal navigation path for a new navigation vehicle
or a reroute requested vehicle with the vehicle trajectory
for the demanding vehicle. Section V-A explains how
to compute the congestion level per road segment for a
given vehicle trajectory as a navigation route candidate.
Section V-B explains how to select a vehicle trajectory
along with the congestion level information and vehicular
traffic statistics. For a large-scale road network, one TCC
may not be able to accommodate a large number of
vehicles for the navigation service. To address the scalability, the large-scale road network could be separated
into multiple regions, where each region could have a
dedicated TCC. Moreover, even in each region, the TCC
can have multiple servers for efficient navigation service
by allowing them to have the replicas of the vehicle
trajectories for computation. The design issues for this
vehicular cloud are left as future work.
• RSU: An RSU is a wireless gateway to connect a wireless
VANET to the wired network (i.e., the Internet) [11]. The
RSU has a DSRC communication device to communicate
with vehicles with a DSRC communication device. One
RSU is deployed at each intersection or road segment in
a target road network such that vehicles can exchange
data for navigation with the RSU. RSUs are connected
to each other through wired networks (e.g., the Internet).
RSUs play a role of a backbone communication network
in the target road network. Moreover, RSUs collect the
trajectories of the vehicles participating in SAINT navigation service and report them to the TCC. Furthermore,
they receive the route requests from vehicles and deliver
them to the TCC. When receiving the route responses
including vehicle trajectories from the TCC, they forward
those responses to the navigating vehicles.
• eNodeB: eNodeB is a base station that connects mobile
devices (e.g., smartphones and vehicles) to 4G-LTE cellular networks [8], [9]. It allows vehicles to access vehicular
cloud in the TCC in an ubiquitous way, that is, anywhere
and anytime. Whenever a vehicle cannot communicate
with RSUs, it will contact a nearby eNodeB to access the
vehicular cloud.
• Vehicle: The vehicle is equipped with a DSRC communication device [7], [20] to communicate with RSUs
and a 4G-LTE communication device [8] to communicate with eNodeBs. The vehicle is also equipped with a
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GPS-based navigation system having digital road maps
[1]–[4], [12], [13]. Vehicles report their travel experience
in road segments and at intersections along their travel
path to let RSUs compute road traffic statistics (such as
the mean and variance of the travel time for each road
segment).
B. Assumptions
This section lists assumptions for the SAINT as follows.
• Vehicles can work with multiple wireless links, such as
DSRC [7], [20] in vehicular networks and 4G-LTE [8]
in cellular networks in a cost-effective way. Although the
current navigation services [3], [4], [12], [13] are provided
to mobile devices using 4G-LTE, our SAINT will accommodate vehicles in DSRC vehicular networks that will be
deployed by governments and be opened to drivers without service charge for the safety and efficiency operations
in road networks. These vehicular networks will be able
to reduce the cost of 4G-LTE usage by allowing vehicles
to maximize the usage of DSRC links and minimize the
usage of 4G-LTE links. Under either fault in communication systems or error in wireless media, the SAINT
can perform its navigation task well, since a vehicle’s
travel delay is several orders of magnitude longer than
the communication delay. For example, it takes 90 s for a
vehicle to travel along a road segment of 1 mi with a speed
of 40 mi/h; however, it takes only tens of milliseconds
to forward a packet to an RSU or an eNodeB, even after
considering the retransmission due to wireless link noise
or packet collision. Thus, this travel delay can accommodate both packet delivery delay and computation time in
the vehicular cloud for the navigation service. Therefore,
during their travel, vehicles can smoothly interact with
the TCC by DSRC links or cellular links to exchange
navigation information between vehicles and the TCC.
• Vehicles are equipped with GPS-based navigation systems and digital road maps for navigation on the road
network [1]–[4], [12], [13]. Traffic statistics, such as
vehicle arrival rate λ and average vehicle speed v per
road segment, are collected and processed by RSUs and
reported to the TCC. With these traffic statistics, the TCC
computes link travel delay per road segment and intersection waiting time per intersection for selecting navigation
paths for vehicles moving in a target road network.
• The TCC can accommodate all of the vehicles moving
in its corresponding road network for the navigation service, while tracking the position and direction of vehicles
subscribed to the SAINT navigation service. On a largescale road network, one TCC might not scale up to
provide large numbers of vehicles for navigation service.
For scalability, the TCC can have multiple servers good
enough to compute trajectories in a prompt way [21]. That
is, as more computation power is required for navigation
service, the TCC can be equipped with more servers in
vehicular cloud. Moreover, the large-scale road network
can be divided into multiple regions that have their own

TCC for navigation service. For the sake of privacy and
security, the navigation request and response between
vehicles and the TCC are encrypted and decrypted in a
privacy-preserving manner.
• Drivers input their travel destination into their GPS-based
navigation system as a navigation request before their
travel starts. The navigation system sends the navigation
request to the TCC. As a vehicular cloud, the TCC computes the vehicle trajectory based on the current location
and the final destination of each vehicle. SAINT-serviceparticipatory vehicles send navigation requests to the TCC
through either an RSU by the vehicle-to-infrastructure
(V2I) data delivery scheme [6], [22] or an eNodeB by
4G-LTE communications [8]. They also receive navigation responses from the TCC via either an RSU by the
infrastructure-to-vehicle (I2V) data delivery scheme [23],
[24] or an eNodeB by 4G-LTE communications.
C. Concept of Self-Adaptive Interactive Navigation
This section explains the concept of self-adaptive interactive
navigation. We define self-adaptiveness in the viewpoint of
the road network rather than individual vehicles. Thus, our
self-adaptive interactive navigation means that the TCC in
the road network provides an efficient navigation service for
vehicles through the interaction with the vehicles, considering
dynamically changing traffic conditions in road segments or intersections. The TCC identifies future bottleneck road segments
with the vehicle trajectories and provides the navigating vehicles with the navigation paths avoiding such future bottleneck
road segments. The detailed interaction between the TCC and
vehicles will be explained in Section VI.
Fig. 2(a) shows local traffic optimization for individual vehicles, which is used by legacy navigators [1]–[4], [12], [13].
Since the upper road network area is less congested, all of
the vehicles in the high-traffic path can simultaneously reroute
their paths toward the alternative path, which is a light-traffic
path, as shown in the figure. The simultaneous rerouting will
cause the alternative path to be congested very soon. Thus,
this local traffic optimization causes traffic congestion in lighttraffic road segments because it allows all of the vehicles to
behave in a greedy way only for their own navigation. As a
result, the vehicles will take longer navigation time due to the
traffic congestion from individually optimal navigation paths,
not considering global traffic optimization.
The main contribution of the SAINT is to spread out vehicular traffic throughout the road network using a global traffic
optimization approach. For this global optimization, the SAINT
takes a collaborative approach based on the interaction between
the TCC and vehicles via RSUs or eNodeBs in the vehicular
cloud system, as shown in Fig. 1. As shown in Fig. 2(b), the
SAINT supports global navigation optimization, considering
the mobility of all the vehicles in a target road network. In
Fig. 2(b), only some of the vehicles in a certain area reroute
to the light-traffic road segments rather than all of the vehicles
in the area. This strategy allows the high-traffic road segments
to be lighter and all of the road segments to serve the vehicles
almost with the same traffic load. As a result, the vehicles
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Fig. 3. E2E vehicle trajectory for navigation.

αi (= κi ) is a shape parameter, and βi (= 1/θi ) is an inversescale parameter [27]. Parameters κi and θi can be computed
by mean μi and variance σi2 of link travel delay di , using the
formulas for κi and θi in [24], where the traffic statistics μi and
σi2 can be computed through 1) the travel experience reports
from vehicles participating in our navigation service or 2) the
vehicular traffic measurement at loop detectors in intelligent
transportation systems [28], [29].
B. Travel Delay on E2E Path

Fig. 2. Vehicular traffic optimization. (a) Local traffic optimization. (b) Global
traffic optimization.

will experience not only shorter travel delay at road segments
but shorter queuing delay at intersections as well, overall leading to faster navigation toward their destination. Therefore, the
SAINT can achieve global traffic optimization in the target road
network. In the following section, we will explain the travel
delay prediction for our global traffic optimization approach.
IV. T RAVEL D ELAY P REDICTION

This section explains the delay model of an E2E travel
path (i.e., vehicle trajectory) from one position to another in
a given road network [24], [25]. As previously discussed, the
link travel delay is modeled as the Gamma distribution of di ∼
Γ(κi , θi ) for road segment i. Note that, as shown in Fig. 3, two
contiguous edges (e.g., e1 and e2 ) are connected via a common
vertex (e.g., n2 ) corresponding to an intersection; hence, there
are some intersection waiting delay at the common vertex. For
simplicity, we assume that intersection waiting delay wj at
intersection nj for an edge eij (denoted as ei ) is included in
link travel delay di .
Given a specific travel path (i.e., vehicle trajectory), we
assume that the link travel delays of different road segments on
the path are independent. Under this assumption, we approximate the mean (or variance) of the E2E travel delay as the sum
of the means (or variances) of the link travel delays for the links
along the E2E path. In the case where the vehicle trajectory
consists of n − 1 road segments, as shown in Fig. 3, the mean
and variance of the E2E travel delay D are computed on the
basis of link travel delay independence as follows:
E[D] =

n−1

i=1

V ar[D] =

n−1

i=1

This section explains the modeling of travel delay on both
road segments and an end-to-end (E2E) travel path, based on
our early work [24], [25].
A. Travel Delay on Road Segment
Many researchers on transportation have demonstrated that
the travel delay of one vehicle over a fixed distance in lighttraffic vehicular networks follows the Gamma distribution
[24]–[26]. The travel delay through a road segment i is defined
as link travel delay. Let di denote the link travel delay for road
segment i. di ∼ Γ(κi , θi ), where κi is a shape parameter, and
θi is a scale parameter [27]; note that di ∼ Γ(αi , βi ), where

E[di ] =

n−1


(1)

μi

i=1

V ar[di ] =

n−1


σi2 .

(2)

i=1

From (1) and (2), we model the E2E travel delay D as a
Gamma distribution as follows: D ∼ Γ(κD , θD ), where κD and
θD are computed by E[D] and V ar[D], using the formulas for
κD and θD in [24]. It is noted that our travel delay prediction
can accommodate any better E2E path delay estimation if it is
available from either another mathematical model (considering
traffic congestion) or empirical measurement (e.g., navigator’s
travel experience in real time). Therefore, we can compute a
vehicle’s E2E travel delay from the source to the destination
for a given vehicle trajectory. In the following section, based
on our delay model, we will explain the design of our SAINT
navigation.
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Fig. 4. Link congestion contribution model.

V. D ESIGN OF S ELF -A DAPTIVE I NTERACTIVE
NAVIGATION T OOL NAVIGATION
This section explains the design of SAINT navigation with
the following three parts: 1) link congestion contribution metric; 2) delay-constrained shortest path (DSP) algorithm; and 3)
detour constraint parameter selection. First, we define a road
network graph for a given target road network for navigation.
Definition V.1 (Road Network Graph): Let the Road Network Graph be a directed graph G = (V, E) for a road map,
where V is the set of vertices (i.e., intersections), and E is
the set of directed edges eij (i.e., road segments) for i, j ∈ V .
Let dij be the link travel delay for edge eij whose length is
lij and whose average speed is vij . Note that dij includes
intersection waiting delay wj at exit intersection j toward the
next edge. Thus, the link travel delay for edge eij is computed
as dij = lij /vij + wj .
The goal of each navigator in SAINT is to find the lowest
congestion increase travel path from source position u to
destination position v, while satisfying the travel delay increase
bound (e.g., α-percent increase) for a time-wise shortest travel
path. Let α be a delay increase threshold (e.g., 30%) for the
time-wise shortest travel path delay as the detour constraint
parameter. With this travel delay increase bound, we define
α-increase travel path as follows.
Definition V.2 (α-Increase Travel Path): Let Duv be the
travel delay of a time-wise shortest travel path puv from source
position u to destination position v. Let α-Increase Travel
Path p̂uv be a travel path whose travel delay D̂uv does not
exceed α percent of travel delay Duv plus Duv such that D̂uv ≤
(1+α)Duv .
A. Link Congestion Contribution Metric
This section introduces a link congestion contribution metric in each road segment along a vehicle trajectory for global
traffic optimization. This link congestion contribution metric
measures the congestion level of each road segment caused by
both current and near-future vehicular traffic. Fig. 4 shows our
link congestion contribution model for a given vehicle trajectory. Link congestion contribution (denoted ci ) is defined as
the increase in vehicular traffic volume caused by a vehicle
in the fractional number of vehicles passing through an edge
(denoted as ei ) currently or in the near future. In this figure,
a vehicle (labeled My Car) has its vehicle trajectory such that
e1 → e2 → · · · → en−1 . For this given vehicle trajectory, a link
congestion contribution for each edge ei is denoted as ci . Our
design of link congestion contribution is that as the edge is
farther away from the vehicle, the link congestion contribution
for the edge decreases. This design reflects the observation that
the edge farther away from the vehicle will be visited later by

Fig. 5. Congestion contribution curve.

the vehicle in time, and the vehicle will contribute to vehicular
traffic volume for the edge later.
For example, in Fig. 4, the first edge e1 has the link
congestion contribution of the vehicle as c1 = 1 because the
vehicle enters edge e1 ; hence, e1 becomes having one more
vehicle. According to our design of link congestion contribution, the inequality in link congestion contributions of the
edges along the trajectory is that c1 > c2 > · · · > cn−1 . This
inequality means that the vehicle will contribute to vehicular
traffic volume by a fractional number inversely proportionally
to the visit time (i.e., travel time) to each edge along its vehicle
trajectory.
Now, we explain how to implement our design of link congestion contribution mathematically such that the congestion
contribution curve is a linearly decreasing function for a given
vehicle travel time to an edge along a vehicle trajectory, as
shown in Fig. 5. We have the following settings for the optimization for a target road network graph G. Let M = (mij )
be a congestion contribution matrix, where mij is the link
congestion contribution metric (i.e., cumulative link congestion
contribution value) by the vehicle trajectories of all vehicles,
passing currently or in the near future through road segment
eij for i, j ∈ V . Let vs be a vehicle with the SAINT navigator.
Let csij be the per-trajectory link congestion contribution value
by the vehicle trajectory of a vehicle vs passing currently or
in the near future through edge eij . Thus, the link congestion
contribution metric mij for an edge eij is the sum of csij ’s for
all vehicles vs ∈ S passing through edge eij , where S is the set
of vehicles in the target road network graph G.
Let T1,n be the vehicle trajectory that is the path of intersections visited by vehicle vs such that T1,n = 1 → 2 → 3 →
· · · → n without loss of generality, as shown in Fig. 4. Let
an edge ei denote eij for i = 1, . . . , n − 1 on trajectory T1,n .
Let a link delay di denote dij for i = 1, . . . , n − 1 on T1,n .
Let Di be the subpath delay from the starting intersection
1 to an intermediate intersection i on T1,n such that Di =
i−1
k=1 dk for i = 1, . . . , n on T1,n . Note that D1 for the starting
intersection 1 is 0 as the initial value for trajectory T1,n and that
Dn (= D) is the travel delay from the starting intersection
1 to

the destination intersection n such that Dn = n−1
d
.
Let
a
k
k=1
congestion contribution ci denote csij for i = 1, . . . , n − 1 on
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T1,n , which represents the congestion contribution of vehicle
vs to edge eij on trajectory T1,n .
Now, we show a formula to compute the congestion contribution ci per edge ei on a given trajectory T1,n as follows:
Di
ci = 1 −
.
(3)
D
Fig. 5 shows the congestion contribution curve that is a linear
decreasing function y = 1 − (x/D), where x is the travel time
from the starting intersection 1 to an intermediate position (e.g.,
intersection) on the vehicle trajectory T1,n , and D is the E2E
travel time along the vehicle trajectory. In our design, we use
(3) to compute the congestion contribution on road segment ei
caused by vehicle vs according to the vehicle arrival time on ei .
Equation (3) has the form of this linear function of the congestion contribution curve in Fig. 5. This congestion contribution
curve considers both vehicle velocity and traffic light. The travel
time from an intersection i to the next intersection j includes
the link travel delay from i to j (denoted as dij ) and waiting
delay at intersection j (denoted as wj ). Link travel delay dij
is determined by vehicle velocity vij , and intersection waiting
delay wj is determined by traffic light scheduling such that
dij = lij /vij + wj for the given edge length lij , as specified
in Definition V.1.
In our design, the congestion contribution ci for edge ei
is constantly maintained during the link travel on ei . When
a vehicle enters and travels on edge ei , we regard one vehicle occupying the road segment with the congestion increase
ci computed before the vehicle started navigation until the
vehicle passes through the road segment. Therefore, the congestion contribution for the road segments on the trajectory
uses the congestion contribution stepping function, as shown
in Fig. 5. Note that our design can accommodate any better
congestion contribution curve (e.g., nonlinear decreasing function) if it is available from another mathematical modeling
(considering traffic congestion).
We now explain a key point in our congestion contribution
modeling. As road segment ei is farther away from the starting
intersection n1 , vehicle vs will reach ei later. Therefore, vs will
contribute to the increase in vehicular traffic congestion on the
farther road segment ei by a lesser amount right now. In other
words, vehicle vs reserves its future passing to the edge by the
vehicular traffic increase inversely proportional to the visiting
time to the edge. By this rationale, (3) makes the congestion
contribution ci caused by vehicle vs on road segment ei be
decreasing as i increases along trajectory T1,n . Finally, we can
compute c1 , c2 , . . . , cn−1 , cn by (3) such that c1 > c2 > · · · >
cn−1 > cn because D1 < D2 < · · · < Dn−1 < Dn , as shown
in Fig. 4. Thus

Therefore, the congestion contribution csij (denoted as ci ) is
computed for each road segment eij on trajectory T1,n of
vehicle vs . These link congestion contribution values csij ’s
will be added to the link congestion contribution metric mij
in congestion contribution matrix M before vehicle vs starts
navigation along its trajectory T1,n . Note that the congestion contribution matrix M is maintained and updated by the
vehicular cloud for the navigation path computation. During
navigation, whenever vehicle vs passes through edge eij , the
corresponding congestion contribution csij is subtracted from
the link congestion contribution mij in M .
So far, we have explained the design of SAINT navigation
along with the manipulation of link congestion contribution
metric mij and congestion contribution csij on an edge eij
involved in a vehicle trajectory. In the following section, we will
explain a navigation trajectory selection algorithm considering
the bounded detour delay.

D1
=1
D
D2
<1
c2 = 1 −
D
...
Dn−1
cn−1 = 1 −
1
D
Dn
cn = 1 −
= 0 for Dn = D.
D
c1 = 1 −

B. Delay-Constrained Shortest Path Algorithm
This section describes a delay-constrained shortest path
(DSP) algorithm for computing a navigation trajectory. Given
a target road network graph G = (V, E), the goal of our DSP
algorithm is to let a navigator find the smallest congestion
increase path from its source intersection u to its destination
intersection v, while guaranteeing the delay constraint of the
α-increase travel path.
First, the difference between Dijkstra’s algorithm and our
DSP algorithm is explained in Fig. 6. As shown in Fig. 6(a),
Dijkstra’s algorithm makes many vehicles reroute to lowly
congested links simultaneously for their travel with the road
traffic snapshot information (i.e., short-term traffic statistics).
This routing will make the lowly congested links be populated
and congested by those rerouting vehicles in a short time. On
the other hand, as shown in Fig. 6(b), the DSP algorithm lets
vehicles select their vehicle trajectory, considering the future
congestion in links. As a result, some vehicles will reroute to
lowly congested links at this point, and other vehicles will keep
going along their original trajectory, as shown in Fig. 6(b).
Therefore, since the vehicles will be spread out over a certain
area of the road network, those vehicles will quickly navigate
toward their destination.
Now, let us explain our DSP algorithm in detail as follows: In
Algorithm 1, a delay-constrained time-wise shortest path Pdsp
is returned for the input of the target road network graph G,
source u, and destination v along with the α-increase value.
In line 2, Pdsp is allocated for a list of intersections for the
delay-constrained time-wise shortest path. Line 3 computes
the shortest travel delay from source u to destination v in
G by Dijkstra’s shortest path algorithm and stores the delay
into Duv . Line 4 computes the α-percent delay to select a
shortest travel path with α-percent delay, while minimizing the
congestion contribution for the E2E path from u to v. In line 5,
Compute-k-Smallest-Congestion-Increase-Paths() computes k
shortest paths in terms of the congestion contribution value.
These paths are called k smallest congestion increase paths
because they increase the minimum congestion contribution
value in the congestion contribution matrix M for the target

4060

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 65, NO. 6, JUNE 2016

3: Duv ← Compute-Dijkstra-Path-Value(G, u, v)  Duv is
the time-wise shortest travel delay from u to v in G by
Dijkstra’s shortest path algorithm.
4: Δuv ← α × Duv  Δuv is the α-percent delay increase
for Duv .
5: K
←
Compute-k-Smallest-Congestion-IncreasePaths(G, u, v)  compute the next k smallest congestion
increase paths arranged in nondecreasing order by Yen’s
k-shortest-path algorithm.
6: n ← Count-Path-Numbers(K)  count the number of
paths in K.
7: for i ← 1, n do
8:
D ← Compute-Path-Value(K, i)  compute the travel
delay for the ith path in K.
9:
if D ≤ Duv +Δuv  check the travel delay constraint
of α-percent increase.
10:
Pdsp ← Get-Path(K, i)  get the ith path in K.
11:
return Pdsp
12:
end if
13: end for
14: Pdsp ← Compute-Dijkstra-Path(G, u, v) set Pdsp to the
time-wise shortest travel delay path from u to v in G by
Dijkstra’s shortest path algorithm.
15: return Pdsp
16: end function

Fig. 6. Vehicle trajectory selection for navigation. (a) Selection by Dijkstra’s
algorithm. (b) Selection by the DSP algorithm.

road network. They are computed by Yen’s k-shortest-path
algorithm [30] along with matrix M and stored into a set K.
In line 6, we set n to the number of the available shortest
paths in K for the for-loop in lines 7–13 such that n = |K|.
In lines 7–13, a delay-constrained time-wise shortest path Pdsp
is selected such that Pdsp is the smallest congestion increase
path, while satisfying the delay constraint of α-increase for the
shortest travel delay path computed by Dijkstra’s algorithm. If
there is no such path among the k smallest congestion increase
paths in K, in line 14, the time-wise shortest path computed by
Dijkstra’s algorithm is set to Pdsp as a last resort.
Algorithm 1 DSP Algorithm
1: function
C ONSTRUCT-D ELAY-C ONSTRAINED S HORTEST-PATH(G, u, v, α)
2:
Pdsp ← ∅  Pdsp will contain the list of intersections
for a DSP.

The time complexity of Algorithm 1 is O(kN (M +
N log N )), where N = |V |, M = |E|, and k is the number
of paths in the k-shortest-path algorithm [called Compute-kSmallest-Congestion-Increase-Paths()] in line 5 [30]. This is
because the k-shortest-path algorithm is the dominant function in Algorithm 1, and its time complexity is O(kN (M +
N log N )) [30].
Once a trajectory Pdsp is selected as a travel path for vs in
the road network graph G, the congestion contribution value cij
for edge eij on the trajectory will be added to link congestion
contribution metric mij on the congestion contribution matrix
M = (mij ) for i, j ∈ V . This matrix M is used to select a
travel path for vs in line 5 in Algorithm 1. Whenever the vehicle
passes through an edge eij ∈ Pdsp , the corresponding congestion contribution value csij is subtracted from the corresponding
matrix entry mij in M . Note that since the TCC computes a
time-wise shortest travel path for a navigating vehicle as a cloud
system, matrix M is maintained by the TCC interacting with
navigating vehicles.
C. Detour Constraint Parameter Selection
In the previous section, a DSP is computed using a detour
constraint parameter α to determine the detour-determinant
factor. That is, to prevent vehicles from being directed to lighttraffic road segments in the near future, the α-increase travel
delay path lets vehicles travel uniformly in road segments in a
target road network. This prevents light-traffic road segments
from being highly congested in a short time. Thus, a natural
question is how to select the value of the detour constraint
parameter α according to the current vehicle density, that is,
the population of vehicles in the target road network.
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According to the vehicle density, the value of the detour constraint parameter α can affect the performance of navigation.
In light-traffic cases, α = 0.1 gives the best performance in
terms of average link delay, average maximum link delay, and
average E2E delay. This is because these small α values allow
the SAINT to work similarly as Dijkstra. On the other hand, in
most traffic cases, except for light-traffic cases, α = 0.5 gives
the best performance. This means that when vehicles using the
SAINT take 50% delay increase travel paths with minimum
congestion increase for global traffic optimization, they can
travel faster than vehicles using Dijkstra that lets vehicles
navigate in a greedy way, leading to local traffic optimization.
We will show the impact of the detour constraint parameter α
on performance through simulations in Section VII-C. In the
following section, we will explain the navigation procedure in
SAINT.
VI. S ELF -A DAPTIVE I NTERACTIVE NAVIGATION T OOL
NAVIGATION P ROCEDURE
This section explains the navigation procedure in SAINT
involving vehicles as navigators, RSUs (or eNodeBs), and
the TCC in vehicular cloud. The navigation procedure is as
follows.
1) As a SAINT Client, a vehicle with a navigator contacts
the SAINT Server in the TCC for navigating from its
source to its destination. The SAINT Client sends a
navigation request to the SAINT Server by the V2I data
delivery scheme, such as that proposed by Jeong et al. in
[22] or 4G-LTE communications [8].
2) SAINT Server maintains a matrix (called congestion
contribution matrix M ) for a target road network graph
to estimate the level of congestion per road segment in
the graph.
3) With this matrix, the SAINT Server computes an optimal
route for the SAINT Client to minimize the path congestion contribution from the source to the destination for
global traffic optimization while bounding the detoured
travel delay by parameter α.
4) SAINT Server gives a navigation response including an
optimal route to SAINT Client for navigation. Data delivery from SAINT Server to SAINT Client is performed
by the I2V data delivery scheme, such as that proposed
by Jeong et al. in [24] or 4G-LTE communications [8].
This is possible because the TCC maintains the trajectory
of the vehicle as SAINT Client for location management.
5) When receiving this route from the SAINT Server, the
SAINT Client starts its travel along the guided route.
6) If the SAINT Client goes out of the guided route, it
repeats steps 1 through 5 to get a new route from the
SAINT Server.
So far, we have explained the design and procedure of our
SAINT. In the following section, we will evaluate our SAINT
with a state-of-the-art commercial navigation scheme.
VII. P ERFORMANCE E VALUATION
This section evaluates the performance of SAINT in terms
of link delay of all the vehicles for all the road segments and

Fig. 7. Road network in Manhattan for simulation.

E2E travel delay of sample vehicles commuting between a pair
of intersections as its source and destination positions. The
evaluation setting is as follows.
• Performance Metrics: We use 1) average link delay, 2)
average maximum link delay, and 3) average E2E travel
delay as metrics.
• Baseline: Since the state-of-the-art navigation schemes
in the industry [1]–[4], [12]–[14] use Dijkstra’s shortest
path using real-time traffic statistics, we make a baseline
scheme (called Dijkstra) to use Dijkstra’s algorithm with
real-time traffic statistics.
• Parameters: In the performance evaluation, we investigate the impacts of the following parameters: 1) vehicular
traffic density N (i.e., number of vehicles); 2) detour
constraint parameter α (i.e., additional delay ratio for the
E2E shortest path delay); 3) maximum vehicle speed vmax
(i.e., speed limit); 4) vehicle acceleration av (i.e., rate of
vehicle speed change per unit time); and 5) SAINT vehicle
ratio β (i.e., ratio of the number of vehicles following the
SAINT scheme to the total number of vehicles).
We have built our SAINT and the baseline Dijkstra on top of
a popular mobility simulator called Simulation of Urban MObility (SUMO) [31] with the following settings. For wireless
communications, the SUMO is extended for the communications between vehicles and vehicular cloud. The TCC in the
vehicular cloud maintains real-time traffic statistics and the trajectories of vehicles for the SAINT navigation. A road network
of 99 intersections from Manhattan within New York City in the
United States is used in the simulation. Note that Fig. 7 shows
the road network for simulation. Fig. 8 shows road network snapshots for two navigation schemes, such as SAINT and Dijkstra.
Each vehicle’s movement pattern is determined by the carfollowing model [32]. According to the city section mobility
model [33], the vehicles are randomly placed at one intersection
as starting position among the intersections on the road network
and move toward another randomly selected intersection as
ending position. The vehicles move realistically according to
the car-following model along the roadway from their starting
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Fig. 8. Road network snapshots for two navigation schemes. (a) Navigation
by SAINT. (b) Navigation by Dijkstra.

Fig. 9. Loop detector installation in the road network.

position to their ending position. Moreover, the vehicles wait
for green traffic light at intersections. Note that traffic light
phases are determined by a static traffic light scheduler [31]. In
our simulation, we measure the link delay including intersection waiting delay that is determined by traffic light scheduling
(see Fig. 9). We install two detectors into the start point and end
point of each road segment, respectively, as shown in Fig. 9.

Fig. 10. Cdfs of navigation delays. (a) Link delay cdf. (b) E2E delay cdf.

When a vehicle arrives at an edge, the start detector stores the
vehicle’s arrival time into its repository. The end detector stores
the vehicle’s departure time into its repository when the vehicle
leaves the edge. With these timestamps, the link delay for the
road segment is measured. Once the vehicle arrives at its ending
position, it randomly selects another ending position for another
travel. Thus, this vehicle travel process is repeated during the
simulation time, based on both the car-following model and
the city section mobility model. On the other hand, among the
vehicles, 20 vehicles among 300 vehicles (i.e., 6.67%) are used
as sample vehicles, commuting between two positions (denoted
as p1 and p2 in Fig. 7) as their source and destination positions
to measure E2E travel delay.
The vehicle speed is updated according to realistic vehicular
mechanics based on the car-following model under the speed
limit confined per road segment, as shown in Table I. For
simplicity, we let all of the road segments have the same speed
limit in the road network for the simulation; note that our design
can easily extend this simulation setting to having the variety of
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Fig. 11. Impact of vehicle number (α = 0.5). (a) Link delay versus vehicle number. (b) Max link delay versus vehicle number. (c) E2E delay versus vehicle
number.

speed limits for road segments. The simulation time is set to
2 h, and the simulations are repeated with different seeds
(i.e., 10 or 30 seeds). The default values of the simulation are
specified in Table I.
A. Navigation Behavior Comparison
This section compares the navigation behaviors of SAINT and
Dijkstra with the cumulative distribution function (cdf) of E2E
navigation delay. Fig. 10 shows the cdfs of SAINT and Dijkstra
for the navigation delay in the road segment (i.e., link delay)
and the navigation delay in the E2E travel path (i.e., E2E delay).
For link delay, as shown in Fig. 10(a), SAINT allows its cdf
curve to be above Dijkstra’s all the time, which means that
SAINT has a higher cumulative distribution than Dijkstra at
any given link delay in the horizontal line. As a result, SAINT
allows its cdf to reach 1 at a much shorter delay (i.e., 34 s) than
Dijkstra. In the case of Dijkstra, the cdf does not reach 1 even
at the delay of 35.5 s.
For E2E delay, as shown in Fig. 10(b), SAINT allows its cdf
curve to be equal to or above Dijkstra’s. Moreover, SAINT’s
cdf is increasing fast, reaching 1 at the delay of 670 s. On the
other hand, Dijkstra’s cdf is slowly increasing, reaching 1 at
the delay of 860 s, that is, 1.3 times the cdf completion point of
SAINT (i.e., 30% longer delay), which is the delay value with
the cdf 1. Thus, SAINT has the E2E delay that is bounded within
a narrow range of delay; however, Dijkstra has the E2E delay
that is spread out within a larger range of delay.
Why does this performance difference happen between
SAINT and Dijkstra? Fig. 8 explains this performance difference. As shown in Fig. 8(a), SAINT allows for uniformly
distributed traffic flow to let vehicles bypass congested road
segments with a high probability in the near future. On the
other hand, Dijkstra allows vehicles to try to use road segments
with light traffic at the moment of travel path computation in
the greedy per-vehicle basis rather than the road network’s
performance basis. As a result, as shown in Fig. 8(b), some
road segments are highly congested, but other road segments
have almost zero traffic, leading to partially congested traffic
flow. Therefore, by considering the overall road network performance, SAINT lets vehicles experience much shorter travel
delay than Dijkstra.
B. Impact of Vehicle Number (N )
This section shows the impact of vehicle number on navigation performance. For link delay, max link delay, and E2E

delay, as shown in Fig. 11(a)–(c), our SAINT outperforms
Dijkstra in all the range of the number of vehicles. For lighttraffic conditions from N = 50 to N = 150, the performance
gap between SAINT and Dijkstra is small. On the other hand,
for relatively heavy traffic conditions from N = 200 to N =
500, the performance gap between SAINT and Dijkstra is
significantly large. In particular, in Fig. 11(c), for N = 250,
SAINT has 64% of the E2E delay of Dijkstra. Even for the
heaviest traffic condition of N = 500, SAINT has 89% of the
E2E delay of Dijkstra, that is, reducing 11% of the E2E delay
of Dijkstra. Thus, it can be seen that SAINT can support more
effective navigation in heavy-traffic conditions, such as during
rush hours.

C. Impact of Detour Constraint Parameter (α)
This section shows the impact of detour constraint parameter
(α) on the performance along with the number of vehicles. In
Section VII-B, a fixed value of α = 0.5 was used. Note that
the detour constraint parameter α determines the delay bound
of a selected detour travel path to minimize the congestion
contribution caused by the detour path in the road network.
Thus, this means that each vehicle takes an α-increase travel
path as a detour travel path whose travel delay is, at most,
(1 + α)Duv , where Duv is the travel delay of the time-wise
shortest travel path puv from source position u to destination
position v, as specified in Definition V.2. This section shows
the best performance by changing the value of α from 0.1 to 1
by 0.1.
As shown in Fig. 12(a) and (b), SAINT with α optimization
does not outperform SAINT without α optimization [as shown in
Fig. 11(a) and (b)] in both the link delay and the max link delay.
However, as shown in Fig. 12(c), for heavy-traffic conditions
from N = 300 to N = 500, the performance improvement in
E2E delay is significantly observable. In Fig. 12(c), for N =
500, SAINT with α = 0.6 has 81% of the E2E delay of Dijkstra,
that is, reducing 19% of the E2E delay of Dijkstra. Note that
in Fig. 11(c), for N = 500, SAINT with α = 0.5 has 89% of
the E2E delay of Dijkstra, that is, reducing 11% of the E2E
delay of Dijkstra. SAINT with α = 0.6 can reduce 8% more
for Dijkstra than SAINT with α = 0.5. Thus, an optimal value
selection of α can let SAINT achieve better performance. From
our simulations, an optimal value of α is case by case for the
vehicle number; hence, it is difficult to select an optimal value
of α according to vehicle density. Fig. 13 shows that α = 0.6
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Fig. 12. Impact of optimal detour constraint parameter for vehicle number (α = 0.6). (a) Link delay versus vehicle number. (b) Max link delay versus vehicle
number. (c) E2E delay versus vehicle number.

Fig. 13. Impact of detour constraint parameter. (a) Link delay versus detour ratio. (b) Max link delay versus detour ratio. (c) E2E delay versus detour ratio.

Fig. 14. Impact of max vehicle speed. (a) Link delay versus max vehicle speed. (b) Max link delay versus max vehicle speed. (c) E2E delay versus max vehicle
speed.

achieves an overall good performance for three performance
metrics in our simulation. However, since α = 0.5 gives good
performance for most vehicle numbers, we use 0.5 as the
default of α for a given vehicle number rather than 0.6, which
allows for good performance in our target road network, as
shown in Fig. 7. The optimal value selection of α according
to vehicle density is left as future work.
We can consider using different α values according to vehicles’ travel distances. To relax the future congestion in a road
area, a vehicle with a short travel distance uses a big α value,
and another vehicle with a relatively long travel distance uses a
small α value for fairness in terms of the travel distance. If these
two vehicles use the same α value, the vehicle with a longer
travel distance will take a longer detour than that with a shorter
travel distance. This strategy requires a selection method of
an optimal threshold to classify short travel distances and long
travel distances. This threshold should consider both the shortterm travel delay statistics (e.g., average for the last 10 min) and
the current travel delay estimate (discussed in Section IV-B).

The detailed investigation of the threshold selection and
the α-value assignment to a given travel distance is left as
future work.
D. Impact of Maximum Vehicle Speed (vmax )
This section shows the impact of maximum vehicle speed
on the performance. Under a variety of speed limits from 20
to 65 km/h, SAINT allows vehicles to have better performance
than Dijkstra, as shown in Fig. 14. In this figure, SAINT always
has shorter travel than Dijkstra in the three metrics, such as link
delay, max link delay, and E2E delay. From these results, we
can conclude that SAINT can allow vehicles to travel faster than
Dijkstra under any speed limit in road networks.
E. Impact of Vehicle Acceleration Profile (av )
This section shows the impact of the vehicle acceleration
profile on the performance. Let av be the acceleration of each
vehicle’s speed. As shown in Fig. 15, for slowly accelerated
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Fig. 15. Impact of acceleration profile. (a) Link delay versus acceleration profile. (b) Max link delay versus acceleration profile. (c) E2E delay versus acceleration
profile.

Fig. 16. Impact of SAINT vehicle ratio. (a) Link delay versus SAINT vehicle ratio. (b) Max link delay versus SAINT vehicle ratio. (c) E2E delay versus SAINT
vehicle ratio.

vehicles from av = 1.0 m/s to av = 2.0 m/s, SAINT has, on
average, 78% of the E2E delay of Dijkstra. For mediumaccelerated vehicles from av = 2.5 m/s to av = 4.0 m/s, SAINT
has, on average, 72% of the E2E delay of Dijkstra. Finally, for
fast-accelerated vehicles from av = 4.5 m/s to av = 5.5 m/s,
SAINT has, on average, 77% of the E2E delay of Dijkstra. From
these results, it can be concluded that SAINT can allow vehicles
to travel faster than Dijkstra under any acceleration profile in
the target road network.

F. Impact of SAINT Vehicle Ratio (β)
This section shows the impact of SAINT vehicle ratio that
is the percentage of vehicles using SAINT among the total
vehicles in the target road network. We may raise the following
question: What happens if some vehicles use SAINT for their
navigation and others use Dijkstra for their navigation? This
section answers this possible question.
Fig. 16 shows the impact of SAINT vehicle ratio, that is,
the portion of vehicles using SAINT over the total number of
vehicles. As shown in the figure, when at least 30% of vehicles
use SAINT, the performance of SAINT is significantly better in
all the three metrics than that of Dijkstra. This figure shows
that SAINT performs ever better as the SAINT vehicle ratio
increases. Therefore, even partial deployment of SAINT will be
effective in real navigation scenarios during market penetration.

G. Impact of Nonlinear Formulation of Link Congestion
Contribution
This section shows the impact of a nonlinear formulation for
link congestion contribution on performance. We replace the

linear formula in (3) with a nonlinear formula as follows:


Di
ci = 1 −exp −
D

(4)

where Di is the travel time for the subpath from the starting
intersection 1 to an intermediate intersection i along the vehicle
trajectory, and D is the E2E travel time along the vehicle
trajectory.
Fig. 17 shows that in most traffic conditions from N = 50 to
N = 500, the performance gap between SAINT and Dijkstra is
smaller than the performance gap between SAINT and Dijkstra
in the case of the linear formulation, as shown in Fig. 11. From
this result, it is seen that a simple nonlinear formulation for
link congestion contribution is not more effective than the linear
formulation. The investigation for a good nonlinear formula for
congestion contribution is left as future work.

H. Impact of Dynamic Update of Link Congestion
Contribution
This section shows the impact of the dynamic update of
link congestion contributions (called dynamic version) for the
remaining edges on the performance, while a vehicle arrives
at each intersection along the vehicle trajectory. Note that the
original SAINT lets a vehicle have a trajectory with static link
congestion contributions at the beginning of navigation. That
is, it lets the link congestion contributions for the edges on
the trajectory be not updated during the vehicle travel along
its trajectory, as discussed in Section V. This management of
link congestion contributions is called the static link congestion
contribution method (shortly static version).
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Fig. 17. Impact of nonlinear congestion contributions on vehicle number. (a) Link delay versus vehicle number. (b) Max link delay versus vehicle number. (c)
E2E delay versus vehicle number.

Fig. 18. Impact of dynamic update of link congestion contribution on vehicle number. (a) Link delay versus vehicle number. (b) Max link delay versus vehicle
number. (c) E2E delay versus vehicle number.

As shown in Fig. 18, except for the lowest density (N = 50)
and the highest density (N = 500), in most cases of density, the
dynamic version has worse performance than the static version.
This is because the dynamic version cannot provide the road
capacity reservation consistently to avoid the traffic congestion
better than the static version.
So far, we have showed that SAINT significantly outperforms
Dijkstra under a variety of settings (i.e., vehicular traffic density, speed limit, and SAINT vehicle ratio) in the target road
network for the performance metrics (i.e., link delay, max link
delay, and E2E delay). Therefore, we conclude that SAINT will
be a good foundation to enhance the cloud-based navigation in
the future.
VIII. C ONCLUSION
This paper has proposed the SAINT for cloud-based vehicular traffic optimization in road networks. With the increasing
popularity of GPS-based navigation systems and mobile networks (e.g., DSRC and 4G-LTE communications), we believe
that our SAINT will improve the traffic flow in road networks
by providing vehicles with globally optimal navigation paths
in the viewpoint of the transportation network rather than
individual vehicles through vehicular cloud. This paper suggests a new metric called congestion contribution to estimate
the near-future congestion level of each road segment. With
this congestion contribution metric, our SAINT will set up a
navigation path for each vehicle for global road traffic optimization. As future work, we will enhance the modeling of
link congestion contribution by considering road capacity in
terms of the number of lanes for better traffic optimization.
Moreover, we will extend our SAINT for accident scenarios so

that emergency vehicles (e.g., ambulance, police car, and fire
engine) can reach an accident spot quickly, and other vehicles
around the accident spot can navigate quickly toward their
destination. In addition, we will investigate how to combine
our SAINT with traffic light control systems so that traffic
light scheduling at intersections can be dynamically adapted for
better vehicular traffic optimization in a self-adaptive way.
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