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Preemptive MACO (MACO-P) Algorithm for Reducing
Travel Time in VANETs
Vinita Jindal and Punam Bedi

Department of Computer Science, University of Delhi, New Delhi, India

ABSTRACT
Vehicular Ad-hoc NETworks (VANETs) are extremely flexible
and dynamic ad-hoc networks that are used to provide
smooth, safe and comfortable journey to commuters. The
commuters spend significant time of their journey either for
their turn to cross the intersections or in the congestion on the
path. For reducing the total travel time, it is essential to mini-
mize the waiting time at intersections and find best/optimal
congestion-free paths for smoother movement of vehicular
traffic on roads. A novel Preemptive Modified Ant Colony
Optimization (MACO-P) algorithm has been proposed in this
paper for reducing the total travel time. The Modified Ant
Colony Optimization (MACO) algorithm is used in literature to
avoid the congested path by sensing the pheromone trail.
Adding preemption to the existing MACO algorithm will result
in the reduction of the average queue length at intersections,
meaning thereby, less waiting time ensuring smooth mobility
of vehicles. For implementation, various open source soft-
wares, i.e., OSM, Simulation of Urban MObility (SUMO),
MObility model generator for VEhicular networks (MOVE),
Python and Traffic Control Interface (TraCI) are being used.
Real-time maps are being fetched by OSM. Traffic simulation
is done using SUMO and the Mobility model is generated
through MOVE. Python is used for writing client scripts that
initiate and control the simulation, with traffic control interface
provided by TraCI. Experimental results confirm that the the
total travel time is reduced using the proposed MACO-P algo-
rithm, resulting in significant reduction in consumption of fuel.

Introduction

An ad-hoc network with moving vehicles as nodes and distance between
these vehicles on roads as edges is known as Vehicular Ad-Hoc Network
(VANET). Each vehicle in VANET can exchange information across the
wireless medium with other vehicles or with the existing fixed infrastructure
(Altayeb and Mahgoub 2013). Vehicle to Infrastructure (V2I), Infrastructure
to Infrastructure (I2I) and Vehicle to Vehicle (V2V) are three types of
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communications used in VANETs (Liang et al. 2014). Vehicles may follow
various mobility patterns depending on the underlying structuring of roads
and traffic lights, traffic conditions and driving behaviors of the person on
steering wheel (Dhankhar and Agrawal 2014). The vehicles are equipped with
Global Positioning System (GPS) devices or sensors that support in supplying
information for routing decisions, traffic estimation, signal timings etc.
(Rehman et al. 2013). VANET has a remarkable ability to improve fuel
efficiency, road safety and comfort for both drivers and commuters at the
same time (Kakarla et al. 2011).

VANET is an extremely scalable network with varying number of nodes
(vehicles) and road-side units (infrastructure) that keep on changing in real
time (Moustafa and Zhang 2009). Network topology also changes very fre-
quently as nodes move with variable speed. VANETs are integrated in
intelligent transportation systems to create smart transportation systems
(Transporatation 2014). Another area for research in VANETs is to reduce
the time spent on roads, including travel time as well as waiting time at
intersections, for a commuter. Travel time can be reduced by using the
shortest path between any two nodes, but if all vehicles select the shortest
route, then it will create congestion on that route. Thus, the optimal route is
not always the shortest one (Bell and McMullen 2004). Commuters may
choose a slightly longer route but their prime concern is to avoid congestion
en route by encountering less number of traffic signals and less waiting time
for smooth mobility.

This paper proposes a preemptive Modified Ant Colony Optimization
(MACO-P) algorithm that optimizes the routes taken by the vehicles through
traffic signals and simultaneously reduces congestion on the chosen path,
ensuring overall less fuel consumption. This can be achieved by lowering the
waiting time at signals and allowing vehicles to choose the optimal path
irrespective of the distance covered. Preemptive adaptive traffic signals are
used in the presented work to reduce waiting time at intersections and
Modified Ant Colony Optimization (MACO) is used for avoiding congestion
on roads. The proposed algorithm works under the assumption that all the
roads and vehicles are in working condition.

The MACO algorithm (Jindal et al. 2015) modifies the behavior of Ant
Colony Optimization (ACO) by selecting the path with minimum phero-
mone instead of maximum to avoid congestion on the roads. Preemptive
adaptive algorithm (Bedi et al. 2015) is used for reducing the waiting time at
traffic signals by reducing average queue length at intersections. In the
proposed MACO-P algorithm, MACO algorithm is modified and made
preemptive, so that waiting time is also reduced along with avoiding conges-
tion . Using the proposed MACO-P, the path chosen by the vehicles may be a
bit lengthy but the overall travel time is reduced as waiting time is minimized
and congestion is avoided. This is shown experimentally and statistically in
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this paper. For implementation, various open source softwares like OSM,
Simulation of Urban MObility (SUMO), MObility model generator for
VEhicular networks (MOVE), Python and Traffic Control Interface (TraCI)
are being used. Real-time maps are being fetched by OSM. Traffic simulation
is done using SUMO and the Mobility model is generated through MOVE.
Python is used for writing client scripts that initiate and control the simula-
tion with traffic control interface provided by TraCI.

Rest of the paper is organized as follows. “Literature review” section
reviews the literature in VANETs related to traffic signals and routing
algorithms. The proposed MACO-P algorithm is discussed in “Proposed
preemptive MACO (MACO-P) algorithm for reducing travel time” section.
The experimental setup and results are presented in “Experimental setup and
results” section, followed by statistical inferencing for the proposed MACO-P
approach. Finally, “Conclusion” section concludes the paper.

Literature review

Travel time in VANETs can be reduced by lowering either the waiting time
at intersections by optimizing traffic signals or the congestion en route by
proving the vehicles a smooth and hassle-free route. Traffic signals are used
for managing traffic at intersections. These signals can be classified into fixed
(or pre-timed) signals and adaptive (or actuated) signals. Fixed traffic signals
are operated for pre-decided constant timings (Roess, Prassas, and McShane
2011). Fixed signals can generate the congestion problem, as one direction
may have more vehicular traffic in comparison to other directions. With new
emerging equipment like detectors and sensors installed on the roads, fluc-
tuating traffic demand can be determined and the signal timings can be
adjusted accordingly (Maslekar et al. 2011). These signals are also known as
adaptive signals. Dynamic strategies that adjust the signal durations in order
to cater to the demand of fluctuating traffic at intersections have been
presented in the literature by many authors (Dias et al. 2014; Vasirani and
Ossowski 2011). Research on traffic signals is continuously improving and
experiencing many alterations due to significant increase in road congestion
nowadays (Shivani and Singh 2013; Falcocchio and Levinson 2015).

For improving traffic conditions, various guidelines, technologies and
new researches are coming up with solutions. To the best of our knowl-
edge, most of the signals use actuated (or adaptive) methodology in a non-
preemptive or cyclic manner. The purpose of adaptive traffic signals is to
provide hassle-free movement of traffic with less waiting at intersections.
Some of the existing adapted traffic light systems are Optimization Policies
for Adaptive Control (OPAC) (Gartner 1982), Sydney Coordinated
Adaptive Traffic System (SCATS) (Lowrie 1982), Split Cycle and Offset
Optimization Technique (SCOOT) (Mimbela and Klein 2000), Real-time
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Hierarchical Optimized Distributed Efficient System (RHODES)
(Mirchandani and Head 2001) and Real-Time Traffic Adaptive Control
Logic (RTACL) (Turner-Fairbank Highway Research Center 2005) to
name a few. These systems are implemented through the non-preemptive
or cyclic approach for adaptive signals that leads to the problem of unused
green time at the phase with no vehicle. It also increases the waiting time
for the green time assignment at other phases.

Gradinescu et al. (2007) have proposed another adaptive traffic system that
adjusts the signal timing in cyclic order using the current vehicle density on the
road. Another such systemproposed byMaslekar et al. (2011) also uses the current
vehicle density for deciding the traffic signal timings in cyclic order. Khekare and
Sakhare (2012)have done a comprehensive survey which illustrates the use of the
traffic information obtained through vehicles for avoiding traffic accidents and
green time allotment for signals. Pandit et al. (2013) present another traffic control
system which is also adaptive and uses real-time information for green time
optimization. An adaptive algorithm is also given by authors to reduce the waiting
time at intersections by optimizing the green time assignment in their work (Bedi,
Jindal and Dhankani, et al. 2015). Most of the adaptive approaches existing in the
literature to the best of our knowledge are cyclic. There is a case in which no
vehicles are present at the phase with green time allotment. This leads to unused
green time for the vehicles waiting on other phases. In such situations, the
preemptive approach can be used for providing out-of-order green light assign-
ment to the phase with more traffic and help in reducing the congestion in real
time.

An adaptive preemptive and non-cyclic algorithm for traffic signals that is
able to minimize the queue length at intersections and hence results in the
reduction of waiting time is presented in Bedi et al. (2015). The algorithm
calculates the current vehicle density on the road and accordingly assigns the
green time to the phase with maximum vehicles or to the phase with vehicles
waiting for long. Green light assignment is done by preempting it to cater to
the demand as and when required by the phases irrespective of their normal
turn. But, after using the preemptive algorithm, vehicles cannot determine
their turn for the green time assignment as the green time would not be
allotted in the normal round-robin order. If the threshold value is more than
the number of vehicles then, vehicles need to spend more time waiting for
the green signal. By using this approach, most of the vehicles will get the
advantage of getting green time assignment quickly but few may suffer due to
small queue at their side. They have implemented the algorithm on simple
road network, complex road network and real-time University of Delhi (DU)
network. In the present work, we extend the simulation on the network
obtained through the real-time map of North West Delhi (NWD) with an
increment step of 300 vehicles. The work (Bedi et al. 2015) considered only
minimization of waiting time at intersections, which works under normal
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road conditions. To handle the case when there is some problem on a specific
path, which cannot be handled by this work, we have combined the pre-
emptive algorithm with the MACO algorithm for the selection of non-
congested routes with less waiting at intersections.

Routing forms an integral part of transportation systems as it helps com-
muters to reach the destination faster and in the best possible way. It is a very
challenging task due to the variable speed and dynamic mobility patterns of
the vehicles. Various routing algorithms for VANETs have been proposed in
literature by various authors in their work (Lee, Lee, and Gerla 2010;
Chaqfeh, Lakas, and Jawhar 2014). Dynamic routing finds an optimal route
for vehicles by taking into account the information gained from sensors or
other technological equipment (Rana, Rana, and Purohit 2014). Routing
algorithms can be categorized based mainly on two parameters, position
and topology. Proactive, reactive and hybrid are the three approaches used
by the position-based routing algorithms (Li and Wang 2007; Nanda and Das
2011). Dijkstra’s algorithm is one of such renowned position-based routing
algorithms that finds the shortest path between any two nodes in a network
(Altayeb and Mahgoub 2013; Al-Sultan et al. 2014). The algorithm works on
local optimum such that it does not target the destination from the start,
rather it tries to find the next best possible node from the current node and
marks them visited to avoid the cycles. Topology based algorithms are also
classified as reactive, proactive and hybrid (Dua, Kumar, and Bawa 2014).
Greedy Best First algorithm is a heuristic search technique applied for
routing in VANETs (Piran, Rama Murthy, and Praveen Babu 2011).
Heuristic is used to produce a solution in reasonable time by using estima-
tion for the underlying problem. This solution may not be the optimal
solution. But it is still valuable as it helps to reach the goal quickly (Syal
and Kaur 2014). In contrast to Dijkstra’s algorithm the next closest node
from the current node is not selected, however in every move the next closest
node is selected. This algorithm always returns a route that is best because
every move is focused on the nodes leading to the goal rather than consider-
ing all the nodes that are in the neighborhood of current node.

Swarm intelligence techniques that replicate the behavior of existing living
organisms are also used in literature for routing in VANETs (Dempsey and
Schuster 2005).Swarms have the unique talent to answer any given real-time
and complex tasks which are a challenging to answer through normal algo-
rithms and hence are suitable for the real-time traffic scenario. Ant colony
optimization (ACO) is an artificial swarm algorithm that can be used for
building paths in communication and networking domains. It has the ability
to develop self-organizing methods that help in solving real-time routing
problems (Dorigo, Caro, and Gambardella 1999; Ho and Ewe 2009; Claes and
Holvoet 2011; Geetha, Vanathi, and Poonthalir 2012). In ACO, a pheromone
is left by an ant on its route while passing through that route, which is sensed
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by other ants to help them follow the path (Cabanes et al. 2014). Other ants
in the group can discover the accumulation of the pheromone and if
encountered with higher concentrations of pheromone then, follow that
path. Pheromone starts evaporating in the situation where the route remains
unused by the vehicles for some time (Dorigo and Thomas 2004). Some of
the initial problems that use the ant colonies are quadratic assignments and
traveling salesman problem (Elloumi et al. 2014). Several domains exist in the
literature that use the ACO technique for various kinds of optimization
(Bell and McMullen 2004). One of the approaches discussed for dynamic
adaptation of traffic signals using graphs is presented in Bedi et al. (2007).
A modified version of ACO for the vehicular traffic environment to yield
more optimized results on complex road network is presented in Bin, Zhen,
and Baozhen (2009). The core objective is to minimize the waiting time
during journey, which in turn reduces the total travel time irrespective of the
path length used by the vehicle (Dias et al. 2014).

For reducing congestion on roads, a MACO is proposed by the authors in their
paper (Jindal et al. 2015). MACO modifies the pheromone behavior and deviates
the vehicles from their chosen path to avoid congestion. Experiments were per-
formed on simple road network, complex road network and real-timeDUnetwork
to check the effectiveness of theMACO algorithm. The authors in their work have
not taken into account, the enroute traffic signals which also increased the overall
travel time due to waiting at intersections. In the current work, we have combined
the preemptive algorithm with the MACO algorithm, which results in the reduc-
tion of the overall travel time during congestion. We compare the proposed
algorithm with both existing MACO and the standard Dijkstra’s algorithm. The
obtained results show a significant reduction in the waiting time after using the
proposed MACO-P algorithm, which further decreases the total travel time in
VANETs. The proposed algorithm is discussed in the next section.

Proposed preemptive MACO (MACO-P) algorithm for reducing travel
time

During a journey, a commuter spends his major time waiting due to either
traffic signals at the intersections or congestion en route caused by accidents,
some digging work etc. Thus, for reducing the overall travel time, one must
reduce the waiting time in both of these areas simultaneously. This paper
presents a MACO-P algorithm in VANETs for reducing travel time during
road trips. The proposed algorithm reduces waiting time at the intersections
along with path optimization by avoiding congestion en route. This will
result in reducing the cost of travel due to reduction in fuel consumption
as well as minimize health risks such as skin diseases or asthma or lung-
related disorders or irritation to eyes due to engine emissions etc.
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In the current scenario, vehicles have to wait for a long time in order to get
their turn to cross the intersection due to either pre-timed signals or actuated
signals with some predefined time calculation mechanism without consider-
ing actual vehicle density at that time. Also, normally all the drivers are
inclined to choose the shortest path to reach the destination, which increases
the congestion on that path due to large number of vehicles using that path.
To the best of our knowledge, in the literature, only one of the parameters is
optimized to reduce overall trip time, i.e., either the problem of traffic signals
or the routing algorithm is handled. In this paper, both of these parameters
are optimized simultaneously by the proposed MACO-P algorithm for redu-
cing trip time. In the proposed algorithm, MACO algorithm has been
improved by incorporating preemptive traffic signals in place of normal
traffic signals that come on the way to the destination. After implementing
the MACO-P algorithm, a commuter is able to minimize the waiting time at
the intersections with non-congested optimized path resulting in less travel
time, which further reduces the cost of traveling to reach destination due to
reduction in fuel consumption.

Proposed MACO-P algorithm

The proposed MACO-P algorithm has been designed by improving the
existing MACO algorithm. Several traffic signals are encountered on the
path selected by the MACO algorithm. These traffic signals (i.e., fixed or
adaptive signals) increase the overall waiting time in total travel time due to
their normal working. For reducing the waiting time at signals, MACO-P,
which incorporates the preemptive traffic signal algorithm into the MACO
algorithm to reduce the overall trip time by minimizing the overall waiting
time at the signal, is used. In the MACO-P algorithm, first a non-congested
path with minimum pheromone is selected by the MACO algorithm and
then on that path whenever a traffic signal is encountered, the preemptive
traffic signal algorithm is applied to reduce the waiting time at the intersec-
tion. The path is a collection of roads from the starting node to the destina-
tion node. The roads are connected by intersections that may have traffic
signals installed on them. Each road has three lanes, first one for left turn,
second for going straight and third for right turn. For implementation, we
have taken random initial positions with random destinations for the vehicles
in the network considered. As the vehicle moves on a path, its present
position changes consequently by using the adjacency matrix. The working
of the proposed algorithm is discussed below.

The vehicle moves on the road by sensing both its current position and
pheromone value to reach the destination. Initially a vehicle is somewhere on
the road and its actual position is taken as the current position. If the current
position is the same as the destination position, another vehicle is taken into

180 V. JINDAL AND P. BEDI



consideration till all vehicles reach the destination. If the current position of
the vehicle lies between the nodes, i.e., vehicle is waiting on the road either
due to signal or congestion, then the new position for that vehicle is the next
node on the same lane of the road. Otherwise, from the next adjacent nodes
for the current position, road with minimum pheromone value and having
vehicles less than the threshold have been selected and that node is checked
for being a traffic signal and corresponding road has been selected. If the
selected road has traffic signals, preemptive algorithm is applied; otherwise
present position of the vehicle is updated with the next node position for that
vehicle. On the selected road the pheromone value is increased and other
roads in the network have this pheromone value decreased. For the determi-
nation of congestion, threshold is taken and calculated experimentally. The
value of threshold is compared with the number of vehicles in simulation.
Flowchart of the proposed algorithm is given in Figures 1 and 2.
The pseudocode for the algorithm is presented in Figure 3. Here, preemptive
algorithm is called in case of a traffic signal encountered on the path selected
by the MACO algorithm to further reduce the waiting time at the

Figure 1. Flowchart for the MACO-P algorithm.
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intersection. The proposed MACO-P algorithm like MACO algorithm works
under the assumption that all roads are in normal working condition. The
MACO-P algorithm is summarized below:

● If vehicle is in between nodes, next node on the same path is selected as
next node.

● Otherwise next node with minimum pheromone value on the path from
the current position to that node among the adjacent nodes is found.

● If the path between current node and next node has traffic signals,
preemptive algorithm is used to handle the signals.

● Position of the vehicles is updated after handling the traffic signals and
finding the next node.

Experimental setup and results

In this paper, we designed four types of road networks, viz. simple, complex,
Real-time DU network and Real-time NWD network using the open source
simulator: SUMO along with MOVE. We use simulators to check the effi-
ciency of the proposed MACO-P algorithm. For the presented work, the road
network is simulated using open source tools: Simulation of Urban Mobility
(SUMO) (DLR and contributors SUMO-Homepage 2014; Vaza, Parmar, and

Figure 2. Pseudocode for the preemptive sub algorithm.
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Kodinariya 2014), Traffic Control Interface (TraCI) (TraCI/Change 2008),
Mobility model generator for Vehicular networks (MOVE) (Lan and Chou
2011) and Python for generating client scripts that start and control the
complete simulation. MOVE, a Graphical User Interface (GUI) mobility
model generator is used on top of SUMO, a micro-traffic simulator.

Pseudocode:  Preemptive MACO (MACO-P) (L:Light, P:Phase)

G(N,E) = graph, G with node set, N and edge set, E
Phr(a,b)=value of pheromone on road, r from node a to node b
Nt= number of vehicles in simulation at time, t 
Qi  = Queue Length at each lane of the road for phase, P i

tj = Waiting time of vehicle at phase, P j

for i = 1(1) n r
vehi.present = getnodeposition(veh i,G)
if vehi.present =  vehi.destin 

i++
else if vehi.present is in between the nodes

node = next_node(vehi, G)  
road = E (last_node(vehi, G), next_node(vehi, G))

else 
calculate A(vehi.present)  //adjency matrix for veh i.present ε N
select node with min (E(vehi.present, x)) s.t. x ε A(vehi.present) 
road = E(vehi.present, node)
if Nt > threshold

select node1 with min (E(vehi.present, x)) s.t. x ≠ node and x ε A(vehi.present) 
road = E(vehi.present, node1)
node = node1

end if
if road.L == true //road has traffic signals

for u = 1 (1) 8
if Qu == 0

for all values of v s.t. v ≠ u
if all Qv ≠ 0

compute max(Qv)
Lv= 1 for max(Qv) //Green light Assignment for phase, v 

for all values of w s.t. w ≠ v
go to Label

end for
else

Lu=1    //Green light Assignment for phase, u
for all values of w s.t. w ≠ v

go to Label
end if
Label:

for any Qw

if Qw > Thmax

Lw=1 //Green light Assignment for phase, w
else if  tw > Tmax

Lw=1  //Green light Assignment for phase, w
else 

compute max(Qw)
Lw= 1 for max(Qw) //Green light Assignment for phase, w

end for
continue for loop

vehi.present =node
Phroad++ //Increment pheromone at the selected road

Ph[N-road] -- //Decrement pheromone at all other roads accept the selected road
continue for loop

Figure 3. Pseudocode for the MACO-P algorithm.
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SUMO uses real-world vehicle information stored in a mobility trace file
which is generated by MOVE (Khairnar and Pradhan 2010). The combina-
tion of SUMO and MOVE is known as traffic simulator and is used for
modeling the vehicles’ mobility and generating traffic information. This
combination works as the server for the system.

TraCI is used as an extension of SUMO that allows it to communicate with
external applications like python or java, where SUMO acts as server and
external application acts as client to initiate simulation. Since SUMO does not
have inherent sensor network modules TraCI helps in communication with such
networks. It can perform command line-based simulations using GUI, import
various types of maps, consider multi-lane roads and traffic signs and configure
individual routes for vehicles. In the present work, we are using python scripts
for controlling the communication. Out of the four road networks used in the
paper, two are artificial networks: Simple network and Complex network. Other
two are real-time simulated networks: DU network and NWD network. The
snapshot of simple road network is shown in Figure 4(a). It consists of 14 nodes
that are connected by 36 roads. Each road consists of 3 lanes. After the simple
simulation network a complex network was designed and its snapshot is shown
in Figure 4(b). The complex network consists of 22 nodes that are connected by
65 roads. Each road consists of 3 lanes. In the simulated networks, nodes are
junctions in the road network and the streets connecting the junctions are the
edges in the network. The cost for choosing the next best node is the length of
the street. This resembles the real-life scenario as commuters follow the shortest
path from the source to destination on roads. SUMO also allows us to modify
the parameter for edge selection as it could also be the travel time taken on that
particular edge.

After designing simple and complex networks, performance of the pro-
posed algorithm was verified on a real-timeDU network. Figure 4(c) repre-
sents the real-time DU network referred from the website of University of
Delhi. This network consists of 29 nodes that are connected by 70 roads.
Each road is of 3 lanes. Another real-time network on which the algorithms
were tested, theNWD network, is shown in Figure 4(d). This network further
verified the effectiveness and accuracy of the algorithms as this network is
complicated and more closely imitates the real-world road scenario as com-
pared to the other networks. The network consists of 52 nodes that are
connected by 128 roads. Each road is of 3 lanes.

In the MACO-P algorithm, a random and uniform speed range of 7–12 m/s
was used for the vehicle mobility. To test the efficiency of the algorithm,
simulations were run 500 times with varied number of vehicles and average
values have been recorded. For the selection of congestion-free path, MACO-P
algorithm uses the MACO routing algorithm which optimizes the path length
and testing was carried out with varied number of vehicles. During the
journey, whenever a traffic signal comes in the path, preemptive traffic control
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algorithm has been applied. Obtained results are compared with both the
MACO and Dijkstra’s algorithms. The MACO-P algorithm provides consider-
able decrement in the total travel time for the vehicles because of the reduction
in waiting time. It was assumed that the network consists of too many vehicles
with congestion on many of its routes. Vehicles follow the modified ACO path
only when vehicles in the network exceed some set threshold, i.e., some
congestion exists, otherwise the path followed by vehicles is the default path
given by the Dijkstra’s algorithm.

The implementation of the algorithms was done in Python. Testing was per-
formed over all the four simulated road networks and results were compared. The

(c)

(a)

 (d)

(b)

Figure 4. Snapshots of various networks used: (a) simple road network, (b) complex road
network, (c) University of Delhi network, and (d) North West Delhi network.
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two parameters on which comparisons are performed are overall travel time for
reaching the destination and the overall waiting time in the entire route. The results
justify that MACO-P outperforms the other two algorithms: Dijkstra’s algorithm
and MACO algorithm, when there is congestion in the network returning the
optimal route that is obstruction free. Table 1 summarizes the results obtained by
implementing the MACO-P algorithm along with two routing algorithms in all
four simulated networks over the two parameters specified. Figure 5 and 6 shows
the graphical results of overall waiting time and travel time in all the four networks.
While waiting at the intersections, often the engine of the vehicles is kept on, which
results in wastage of precious fuel. The proposed algorithm is also able to reduce
fuel consumption by reducing the overall waiting time on both intersections aswell
by avoiding congested routes. Further, it was also inferred that the amount of the
pollution emitted by the vehicles is less due to reduced waiting time on the roads.
This also reduces various health hazards and leads to an eco-friendly atmosphere.
Tested with all the four different networks on varied number of vehicles in each
simulation, the MACO-P algorithm reduces congestion at intersections by hand-
ling heavy traffic.

Statistical inferencing for the proposed MACO-P algorithm

For analyzing the performance of the proposed MACO-P algorithm statistically
with respect to other existing algorithms, the statistical hypothesis testing using
t-test is chosen in the paper. The t-test is a kind of hypothesis test that checks the
acceptance of the specified null hypothesis. The t-test with two paired samples for
means assuming unequal variance is used in this paper. Null hypothesis (H0) and
alternate hypothesis (H1) are defined in the paper as follows:

H0 : μ1 � μ2:

and

H1 : μ1<μ2:

where µ1 is themean of overall travel time in the first algorithm in consideration
and µ2 is the mean of overall travel time in the second algorithm under t-test. In
significance testing, T is a test statistic used for the evaluation of the observed data
that, whether it satisfies the null hypothesis or not. If the value for the observed test
statistic varies considerably from the value for the hypothesized values, then null
hypothesis is rejected and we claim the better performance of the algorithm under
consideration, otherwise null hypothesis is accepted. The equation used to com-
pute the t-statistic is given by Equation (1). Here µ1 and µ2 are themeans, s1 and s2
are the standard deviations and n1 and n2 the sample sizes of the two algorithms.
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t ¼ μ1 � μ2ffiffiffiffiffiffiffiffiffiffiffiffiffi
s21
n21
þ s22

n22

r (1)

Inference using T-test for MACO-P algorithm
For analyzing the performance of the proposed MACO-P algorithm over the
standard Dijkstra’s algorithm and existing MACO algorithm, the statistical
hypothesis testing using t-test is performed in the paper. Out of these three
algorithms, we have taken two algorithms at a time, i.e., first t-test for

 (a)  (b)

 (c) (d)

Figure 5. Overall waiting time in various networks: (a) simple road network, (b) complex road
network, (c) University of Delhi network, and (d) North West Delhi network..
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Dijkstra and MACO is taken and then MACO and MACO-P are selected for
the test. The t-test performs a hypothesis test for the validity of null hypoth-
esis on the parameter, overall travel time to prove the outperformance of the
MACO-P algorithm over both the Dijkstra’s algorithm and the MACO
algorithm. We have taken µ1 as the mean of travel times for the first
algorithm and µ2 as the mean of travel times for the second algorithm
under t-test. In the paper, µ1 refers to the mean of travel times for the
MACO algorithm or MACO-P algorithm and µ2 refers to the mean of travel
times for Dijkstra’s algorithm or MACO algorithm respectively. In

 (a) (b)

(c)  (d)

Figure 6. Overall travel time in various networks: (a) simple road network, (b) complex road
network, (c) University of Delhi network, and (d) North West Delhi network.
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significance testing, T, a test statistic is used to calculate the belongingness of
the observed data to the null hypothesis. If the values for the observed test
statistic differ considerably from the values obtained for hypothesized values,
then null hypothesis is rejected. It is inferred that the algorithm
under examination is performing better than its counterpart, otherwise null
hypothesis is accepted.

We have taken four different significance levels for α equal to 0.04 0.06,
0.11 and 0.15 respectively for the investigation of t-test. The statistical
hypothesis testing is done for all the four simulated networks (i.e., simple
network, complex network, real-time DU network and real-time NWD net-
work) pertaining to Dijkstra, MACO and MACO-P algorithms. To obtain the
normalized values, experiments are done 500 times. In the statistical hypoth-
esis, probability, p is considered for acceptance or rejection of the hypothesis.
If the value of p is less than 0.04, then null hypothesis is rejected and
alternate hypothesis is accepted with 96% confidence. Otherwise, the value
of p is checked with another value of α, null hypothesis is rejected in case of
less value than that of 0.06 and alternate hypothesis is accepted with 94%
confidence. Again, the value of p is checked again with the next value of α,
null hypothesis is rejected in case of less value than that of 0.11 and alternate
hypothesis is accepted with 89% confidence. Finally, value of p is checked
again with next value of α, null hypothesis is rejected in case of less value
than that of 0.15 and alternate hypothesis is accepted with 85% confidence.
The results obtained for the t-test are recorded in Table 2.

It is clearly inferred from Table 2 that the MACO-P algorithm performs
better than the MACO algorithm as the null hypothesis has been rejected and
alternate hypothesis has been accepted with 96% confidence in all the four
networks used in simulation. Further the MACO algorithm also performs
better than Dijkstra’s algorithm as the null hypothesis has been rejected and
alternate hypothesis has been accepted with 96% confidence in all the four
networks used in simulation. Hence, it is concluded that the performance of
the MACO-P approach is better than both the Dijkstra and the MACO
algorithms with the increase in the complexity of the network and traffic,
which is the need of the current scenario, i.e., to cater to the increased and
dynamic traffic demand in VANETs.

Conclusion

A MACO-P algorithm for reducing the total travel time in VANETs is
presented in this paper. Travel time in VANETs can be reduced by
optimizing two factors: providing green time at traffic signals and choos-
ing the optimal congestion-free route for the vehicles. MACO-P algorithm
has been designed by improving the MACO algorithm with the inclusion
of preemptive algorithm at the intersections. This combination provides
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both the optimization of waiting time at the intersection by reducing the
average queue length using preemptive algorithm and optimization of the
path length chosen for the vehicles using the pheromones to avoid con-
gestion in the network by MACO algorithm. The MACO-P algorithm has
the ability to pick any phase for the allotment of green time using the
current vehicle density with the avoidance of starvation at any of the
phases. Further, MACO-P algorithm is able to optimize the path length
of vehicles and ensure the avoidance of the en route congestion by
imitating the ant behavior.

The accuracy of the MACO-P algorithm was validated by comparing its
results with the existing MACO algorithm and standard Dijkstra’s algo-
rithm. The MACO-P algorithm shows a decrement in both the total travel
time taken by vehicles as well as the overall waiting time at intersections.
The results also conclude that when vehicles in the network are less, then
there is no significant improvement in the overall travel times in the
MACO-P algorithm but as the number of vehicles increases there will be
congestion, the travel times show a remarkable improvement as compared
to that of the existing algorithms. Both experimental and statistical results
show a significant decrease in total travel time as compared with its
counterparts. The proposed MACO-P algorithm also reduces fuel con-
sumption significantly as both waiting period for crossover at intersection
will be minimized and at the same time it reduces the total journey time as
congested stretch will be avoided. Further, the amount of various pollu-
tants emitted by the vehicles will be considerably less due to the factors
mentioned above, thereby leading to an environment-friendly atmosphere
which will ensure least health hazards for the persons in the area
concerned.
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