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Abstract— The objective of this thesis was to develop a Gur 

Game based algorithm, able to find devices in an ad-hoc wireless 

network and request to sense data in specific geographical 

locations, without compromising the anonymity or location of 

said devices, and complying with a user defined QoS, while 

optimizing the demanded network and device resources. This 

work was developed to help suppress a lack of solutions 

concerning anonymous sensing and data sharing applied in the 

fields of IoT and Wireless Sensor Networks. The proposed 

algorithm provided additional features to the basic Gur Game 

applied to Wireless Sensor Networks, which allowed the devices 

present in the network, through several algorithm iterations, to 

reach an optimized sensing of diverse requested areas of interest. 

The testing of the proposed algorithm revealed that, in most 

cases, its performance was superior when considering an 

environment of higher node density, and struggled with 

simulations in low density networks. This final analysis was made 

taking in to account variations in several algorithm parameters. 

Keywords - Wireless Sensor Networks, Gur Game, area of 

interest, sink, coverage, convergence. 

I.  INTRODUCTION 

The Internet of Things (IoT) is a growing reality present in 
many of today’s technological developments. It made possible 
for objects to be controlled remotely, via a network 
infrastructure, thus enabling the automation of data gathering 
and processing. When a network is composed of several 
wireless communicating sensing devices that cooperate 
towards a goal, it can be defined as Wireless Sensor Network 
(WSN), an IoT branch. In these networks, sensing nodes are 
responsible for collecting data and transmitting it along the 
network. Actuator nodes take actions over the environment on 
network request. These features generate great motivation to 
create new applications and research methods. When 
combining the decreasing access cost to IoT devices, with an 
aware and participating community driven by a purpose, 
Community Networks started to develop. Also known as 
“bottom-up networking”, this model is based on communities 
that rely in citizens to build, operate and own IP-based 
networks [1], and are generally run by non-profit organizations. 
These Community Networks usually aim to provide some kind 
of local Internet access in remote locations, network access 
independent of private corporations, or even set up research 
networks with scientific purposes. 

By merging WSNs’ characteristics with Community 
Networks, new projects such as Collective Awareness Platform 
for Tropospheric Ozone Pollution (CAPTOR), rely on citizen 
science, collaborative networks and social activism to raise 
awareness and develop solutions concerning the air pollution in 
developed countries.  The Community Networks’ growth 
provides a new opportunity for societies to gather collective 
knowledge and understanding regarding their surrounding 
environment. The focus in this thesis centres in developing an 
algorithm that can fit a community network driven by 
collective sensing, to provide new interactions and information 
sharing mechanisms between sensing devices in a network. 

A. Motivation 

IoT allows, for example, to remotely control devices, 
relying in network infrastructures that are composed of 
incrementally cheaper, and simple hardware. As the number of 
technologically conscious and active citizens grows, CNs start 
to grow and hold relevance. Projects such as CAPTOR, take 
advantage of the large numbers of participating citizens by 
connecting their sensor readings through the network for data 
collection, sharing, and analysing. 

The profusion of devices, such as smartphones, tablets and 
other sensor-equipped wireless devices owned by the citizens 
provides a good opportunity to establish ad-hoc networks 
resorting to Wi-Fi or D2D communications, such as the ones 
found in CNs. By requesting to the network’s composing 
elements, these are able to start the process of collective 
sensing. 

Figure 1 represents a simple idea of the network’s 
interactions, using the devices owned by the participating 
individuals. 

 

Figure 1. Simplified network interactions. 

B. Objectives 

This work intends to develop and evaluate, through 
computer simulation, a distributed algorithm that could fit in 
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the scenarios described. This algorithm should comply with the 
following requirements: 

 Allocate available sensing sources present in the 
network to several areas of interest to collect data. 
The devices that compose the network infrastructure 
will deploy their sensing hardware to gather 
environment information; 

 Maintain the anonymity of the sources at all times. 
The online share of an individual’s personal 
information is an actual discussion subject in the 
society, and is expected to be a growing concern and 
topic of debate in the future;  

 Commit to avoid information redundancy, while 
complying with a satisfying number of devices 
dedicated to sense each area of interest. Considering 
a network incorporating several sensing devices, an 
excess of data transmission and processing might 
occur. Therefore, there is a need to control the 
amount of gathered and shared data, minimizing 
information redundancy and battery expenditure, 
while providing satisfactory amounts of data.  

C. Proposed Solution 

An interested node diffuses a message containing the areas 
to sense, and the network nodes report back the locations 
chosen to cover. This network’s composing devices remain 
anonymous and its locations unknown, sharing information 
strictly regarding the target environments to be sensed. The 
focus of the application is in the process of data gathering, it 
was also identified a need to manipulate the amount of 
gathered and shared data, minimizing information redundancy 
and battery expenditure, while providing the demanded number 
of covering sensors designated to each area of interest. 

II. STATE OF ART 

A. Gur Game and WSNs 

Game Theory (GT) is, as proposed in [2], a mathematical 
method that describes the phenomenon of conflict and 
cooperation between intelligent rational decision-makers. GT is 
responsible for describing the behavior of the nodes, also 
referred as players. These nodes seek to manage their resources 
according to the needs to accomplish the desired network task. 
The developed work in this thesis falls in this network 
behavior, with the addition of one sink node to control the 
processes. According to [3], from 2003 to 2011, about 330 
research papers with topics on or closely related to GT in 
WSNs were published. Amongst the variety of methods using 
the GT, the authors concluded three main types of GT features: 
Cooperative Game Theory, Non-Cooperative Game Theory 
and Repeated Game Theory. The GT method, in which this 
thesis is based on, The Gur Game, fits the Non-Cooperative 
Game Theory.  In the Non-Cooperative Game Theory, the 
nodes are competing amongst each other, and their goal is to 
maximize utility, choosing their strategies individually. 

The Gur Game, introduced by M.L. Tsetlin [4] is a simple 
“game” that is performed with a referee and a set of players. In 
this process, the players have no knowledge of other players’ 
whereabouts or decisions. On the other hand, the referee has 

knowledge of how many players are present, and their 
collective decisions. Periodically, the referee will instruct the 
players to decide to vote “yes” or “no”. When the referee 
receives these votes, it analyses the number of votes obtained 
for each of the possible answers and provides a reward 
probability, r, to the players. The attributed reward is intended 
to manipulate the player’s following decision, striving this way 
to achieve an ideal number of “yes” and “no” votes through 
new voting rounds. In this Gur Game approach, the players can 
be simple automaton devices, provided with a state machine, in 
which each vote is associated with a distinct state, as 
demonstrated in the Figure 2. 

 

Figure 2. Example of the automaton with two states. 

In 2014, two Gur Game adaptations were designed to tackle 
Gur Game limitations regarding WSNs. The main identified 
restraints were scarce energy supply, limited processing 
capabilities and storage space. The first adaptation is labeled as 
Periodic Gur Game. The fact that upon reaching the optimum 
level of desired QoS, the active sensors responsible for the data 
gathering would remain alive and collecting until their power 
supply depleted, while other nodes would remain asleep with 
available energy. Concerning these factors, researchers 
proposed to reapply the Gur Game periodically. The Periodic 
Gur Game proposition introduces features that, although 
useful, are not the most relevant to the developed work in this 
thesis, due to the fact that the data-transferring component is 
not regarded in this work. Nonetheless, the proposed adaptation 
still holds importance regarding future developments under this 
topic. Other identified issue when observing the experiments 
was the large amount of iterations, and therefore time, taken by 
the Gur Game to stabilize the network due to the use of 
ambiguous rewards in the Gur Game. The second adaptation is 
designated as Adaptive Periodic Gur Game and proposes the 
use of an unambiguous reward mechanism, by setting a bit 
besides the reward, indicating which current node state the 
reward refers to. To test the changes proposed to the Gur Game 
applied in WSN, the authors simulated an environment with 
100 nodes, placed randomly in a 100x100m area, and set the 
optimum number of active nodes to 35. The results obtained 
allowed to conclude that both Periodic and Adaptive Periodic 
Gur Game algorithms managed to improve the network 
performance. Although applied to a distinct environment and 
with slightly different objectives from the ones set in this 
thesis, part of these adaptations influenced the developing of 
the rewarding algorithms in this application. 

In the article [6], a solution is proposed to improve QoS and 
coverage control in WSNs, using an enhanced reward function, 
in order to minimize the problems of collecting redundant data 
and diminishing battery lifetime. The authors suggest the use of 
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a Coverage-Aware QoS Control reward function. The 
simulation results regarding the article led the authors to 
conclude that CAQC has a success rate much higher than the 
Gur Game based scheme, although its success is directly 
related to the total number of sensors, target sensor number, 
total region number and target regions number. The 
manipulation of the reward function, accordingly to the needs 
of the network and its available resources, is proven to be 
essential for the achievement of the desired QoS. 

B. Resource Discovery 

In a not very distant future, the Internet is expected to 
connect billions of devices. As identified by [7], the disparate 
nature of the smart devices, influenced by their characteristics, 
capabilities and communication technologies, contribute to the 
complexity and difficulty in taking full advantage IoT 
potential. In [7] the current State-of-Art of Resource Discovery 
(RD) is addressed and a novel discovery framework is 
proposed. In this paper, the existing technologies and several 
papers regarding the subject are identified: Distributed and P2P 
discovery services, Centralized architecture for resource 
discovery, Constrained Application Protocol (CoAP) based 
service discovery and semantic based discovery. Although 
several different methods are proposed to fill the existing gap, 
none of the above-mentioned technologies guarantees to take 
full advantage of the IoT capacities, nor the ability to 
universally identify and communicate with all types of sensor 
present. Although the work developed in this thesis is based on 
the assumption that an already existing and well-established 
network of a certain type of sensors that share the same 
capabilities, some steps have to be taken in order to reach a 
scenario where distinct wireless devices can be easily 
assembled and maintained in an ad hoc fashion. 

From this thesis perspective, an ad hoc WSN should be able 
to discover resources in a network and retrieve environmental 
data on demand, provided by the connected sensors. Thus, a 
service discovery protocol that is able to provide the network 
with the information needed to operate and establish 
communicating paths is of great importance. The request for 
information or data gather can be expressed in a query, that 
upon reaching a network solution, can set the start of the data 
flow to the query’s originator. Also following some of the 
basic premises, many algorithms inspired in Swarm 
Intelligence (SI) were developed. Swarm Intelligence is a 
meta-heuristic methodology used to solve numerical 
optimization problems by simulating the swarm behaviours 
found in nature [8]. These swarms, despite the limited 
information, can achieve solutions for complicated 
optimization problems through the sum of its member’s simple 
actions [9]. In [8], an extensive study was performed to provide 
an up-to-date survey and comparison in SI based routing 
protocols in WSNs. The study categorizes the systems based on 
the optimization strategies they adapted. The most impactful 
frameworks developed so far in SI include Ant Colony 
Optimization (ACO), Particle Swarm Optimization (PSO), 
Bacterial Foraging Optimization (BFO) and Artificial Bee 
Colony (ABC). Although in this paper all the above-mentioned 
optimizations are analysed, the ACO appears to be the most 
suitable to meet the requirements of the application scenario 
considered. These ACO based systems, as the name suggests, 

are inspired in the collective behaviour of ant colonies, and An 
ACO meta-heuristic was proposed in [10]. The authors of [8] 
argued that SI based optimization has its strengths and 
weaknesses, especially when inserted in resource-constrained 
networks. It was also mentioned that most developed protocols 
contain no comparison baseline or are not implemented in a 
real world environment. 

Rumour Routing [11] algorithm development was intended 
to provide a method of directing queries to nodes that have 
witnessed a particular event. Much like many other SI based 
protocols, Rumor Routing relies in agents to assist in fulfilling 
its purposes, by creating paths leading to witnessed events. A 
generated query can be sent in a random walk until the desired 
path is found as opposed to flooding the network. Although the 
proposed algorithm shares some purposes as the ones in this 
thesis, its tools are not fitted to a network that does not depend 
on event witnessing to reach its goals, such as the algorithm 
proposed in this thesis. 

In 2003, Directed Diffusion was proposed as an algorithm 
that could provide different tools for the growing reality of 
sensor networks, such as robustness, scaling and energy 
efficiency [12]. This algorithm operates by nominating a node, 
the sink node, which is responsible for querying data requested 
by a human user, regarding an area or event. These queries are 
flooded through the network, either broadcasted or 
geographically routed. As this occurs, path gradients are 
established, that are later used to send the data back to the sink. 
This algorithm is intended to achieve energy savings by 
empirically selecting the best route and caching data, using 
data aggregation. The objectives are very identical when 
comparing Directed Diffusion algorithm with the one proposed 
in this thesis, and the methods used to achieve the objectives 
also share some similarities. Although the communications 
protocol used in Directed Diffusion are provided with more 
complexities, some of its basic methods were applied in the 
development of this thesis:  

• The queries are transmitted through network flooding; 

• The routing paths are established locally, determined 
by localized interactions. 

C. Community Networks 

In 2012, Internet’s Society conducted a survey [13], which 
revealed that most participants considered that an Internet 
access should be regarded a basic human right. Despite that, 
according to ITU, by the end of 2016, 53% of the world’s 
population does not use the Internet [14]. IRTF identified these 
factors and, in 2014, created the Global Access to the Internet 
for All (GAIA) initiative [15]. This research group aims to, 
amongst other objectives, find solutions to provide everyone 
with an affordable Internet access. Among many projects 
embraced by the GAIA research group, Community Networks 
are foreseen as a model for the future Internet [16]. These 
networks rely on its composing members to provide and 
maintain the infrastructure used, and usually governed by an 
open peering agreement such as [17], which avoids barriers for 
the participation of the network [1], with the help of non-profit 
organizations operating the networks. 
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Several community networks are already established 
around the world, such as Guifi [18], FreiFunk [19], Athens 
Wireless Metropolitan Network (AWMN) [20] in Europe, 
WasabiNet [21] in the US, or even Monte Video Libre in Latin 
America [22]. Although some of the networks provide 
connection to thousands of people, many other informal and 
locally known networks can be found scattered across the 
globe [1]. The Community Networks previously mentioned 
were mainly developed to tackle the lack of Internet access or 
its high access costs. Other Community Networks, such as 
CAPTOR and TTN, aim to provide a platform that also allows 
the users to share the collected data in their devices connected 
to the network. 

The growth observed in Community Networks, such as 
guifi.net, allied with the appearance of similar networks that 
allow connecting low power devices in order to share and 
collectively study the gathered data, creates an opportunity to 
develop new methods of data collection, sharing and 
discussion. Bearing in mind a futuristic perspective in which 
Community Networks continue to grow and develop, the work 
proposed in this thesis aims to provide an algorithm that, using 
the available connected devices, can gather information from a 
specific amount of sensors dedicated to collecting data at user 
request. 

III. WORK DESCRIPTION AND ALGORITHMS 

To develop this project, an Ad-Hoc network composed of 
multiple nodes is used. The nodes can be categorized as either 
the sink, which is the device responsible for enquiring about 
requested areas to sense, and the nodes, that are the devices 
responsible for choosing which of the interests to sense and 
report back to the sink, while providing message transport at 
application layer. In the development of this thesis, only one 
sink is used, and its purpose is to manage the network 
operations and achieve an optimal data sharing algorithm 
convergence, based on target number of active sensing nodes 
and resources available. It is important to note that the scope of 
this work does not cover the actual data-sharing component, 
nor the use of multiple sink nodes, being both aspects relegated 
for future related work. In the proposed algorithm, the sink is 
not aware of the node’s locations, or their independent votes. 
All the sink’s decisions are based on the collective votes, 
providing the network with a data-centric resolution algorithm. 
All the participating devices run an adapted Gur Game 
application, which guides the devices behaviour throughout the 
algorithm resolution process.  

A. System Architecture 

The proposed algorithm was divided in 3 phases: 

1) Hello Protocol: 
During this stage of the algorithm, the sink is attempting to 

collect knowledge on how many nodes are present and ready to 
operate. To achieve this, the sink broadcasts a message 
requesting the nodes available in the network to sense. 

2) Interest Description and Matching: 
At the beginning to this phase, the interests are randomly 

created and positioned by the sink. During this, the nodes do 
not communicate with the sink. The interests are broadcasted in 

a single message, and the message’s data includes the interests’ 
IDs, and their geographical locations. 

When receiving the interests’ details message, the nodes 
store the interests’ IDs, its coordinates and the message’s 
timestamp. The node proceeds to calculate if the interests are 
coverable. If the interest is not in coverable range, the node 
does nothing and checks the next entry. If the interest is 
coverable, the node will add a new entry data entry, indicating 
that the corresponding interest is coverable.  

When the coverage calculations are finished, the node 
schedules the message rebroadcast, and its correspondent vote 
for the first round. . To learn if an interest is in range, the node 
consults its own position and computes the distance to the 
interests’ coordinates. 

When the coverage calculations are finished, the node 
schedules the message rebroadcast, and its correspondent vote 
for the first round. To learn if an interest is in range, the node 
consults its own position and computes the distance to the 
interests’ coordinates. If the newly computed interest is at a 
distance bellow the maximum set, it is stored in the coverable 
interests vector. The newly received coverable interest is then 
compared with the coverable interests previously stored, in 
order to conclude if by covering the new interest, any of the 
other interests are simultaneously covered. In the eventuality of 
more than one interest being covered simultaneously, the node 
can later provide information regarding the multiple interests in 
the same data message. The first applied criterion that must be 
verified in order to achieve multiple interest coverage is that 
interests must be in coverage range. The second criterion 
applied aims to set a maximum angle between the node and the 
interests. This condition was introduced with the purpose of 
simulating the limitations of sensing devices, such as the angle 
of view of a recording camera. The following course of action 
taken by the node is comparing the interests’ angular 
coordinates. If the difference between both interests is smaller 
than 35º, then both interests can be simultaneously covered.  

3) Negotiation Exchange: 
The third and last phase begins with the nodes sending their 

first votes to the sink. In this phase, the nodes share the interest 
to cover, and the multiple votes  

When a new vote message reaches the sink, this consults its 
vote, and updates the respective interest’s vote count. In case 
the vote packet contains multiple votes, the sink will consult 
the number of votes already obtained in the respective interests, 
and will account for them only if the optimal number of votes 
has not been met yet. The sink calculates and broadcasts a new 
reward message after receiving all the expected vote packets, 
or its designated timer expires. This message contains rewards 
and blocked interests based on the just concluded vote round. 

B. Nodes State Machine 

In this application the voting devices are provided with a 
state per vote option. Likewise, in this application, when a 
given node can cover I interests, it is able to operate in I+1 
different states, a state per coverable interest and one for the 
idle mode. Each state is a representation of the node’s sensing 
hardware deployed to sense a specific interest, and a node 
cannot operate in more than one state at a time. If a node 
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decides to change its state (i.e., change vote), it will increment 
to the next available state, or go idle, if no more states are 
available. Figure 3 is an example of a possible node state 
machine, with three interests in sensing range and a fourth idle 
state. However, from the idle mode, the node is able to change 
to any of the states available. 

Other feature present in the node’s decision algorithm is the 
sub-state. When a node decides to maintain the last vote, it falls 
in to a deeper state, i.e. a sub-state. When in this sub-state, the 
node will need additional ‘change vote’ decisions in order to 
change state and the respective vote. All the states have the 
same pre-defined number of sub-states.  

 

Figure 3. Node’s possible state machine. 

To better understand this, suppose that a given node has the 
same state machine as the one displayed in Figure 3, and each 
state is provided two corresponding sub-states. In Figure 4 is 
presented a graphical representation of the respective node’s 
machine state. The following texts will cover a range of 
possible node decisions to exemplify its behaviour during the 
voting rounds. 

 

Figure 4. Node’s state machine with 2 sub-states. 

In the first voting round, assume the node decides to vote in 
Interest #2, thus operating in state 1. If, in the second voting 
round, the node decides to maintain its vote, it will fall to the 
deeper sub-state 1.1, otherwise, the node will jump to the next 
available state. For the sake of argument, lets assume the node 
has chosen to maintain its vote, and it is operating in sub-state 
1.1 by the end of the second round. As the third round starts, 
the node decides between continue voting in the same interest 
and start operating in the deepest and last sub-state or change 
it’s vote and return to state 1, like described in Figure 4. 

Although in the latter option the node decides to change 
vote, it remains unaltered because it did not actually change its 
main state. Considering the node decided to maintain the vote, 
by the end of the third round, the node is operating in the last 

sub-state. From this sub-state the node can only change to a 
shallower sub-state or remain in its current one.  

Although the nodes cannot engage in more than one state 
simultaneously, a given state may cover multiple interests. 
When sensing a particular interest, a node might be able to 
gather data regarding other nearby interests, thus providing a 
vote in multiple interests.  

C. Node’s vote decision process 

When receiving a reward the node checks if any of its 
coverable interests is blocked. During this round, the node will 
ignore the blocked interest in all its decisions. After sending its 
new vote, the node unblocks the previously blocked interests.  

After receiving the reward message. If the node voted in the 
previous round, its state is considered not idle, and will not 
consult the reward regarding its vote in the previous round. The 
node then chooses a random value between zero and one 
hundred, and compares it with the consulted reward. If the 
chosen value is inferior or equal to the reward, the node 
maintains its decision. If the value is higher, the node will try 
to change its vote. In case the node did not vote in the last 
round, it will decide to wake up based on a random decision, 
manipulated by the rewards corresponding to its coverable 
interests. Firstly, for the node to decide if it wakes up, it starts 
by randomly choosing a reward attributed to one if its non-
blocked coverable interests. The node will then pick a random 
number between 0 and 100. If the drawn number is smaller 
than the reward picked, the node proceeds to wake up. In case 
of drawing a number equal or bigger than the reward, the node 
remains idle. Up to this point, the node has only decided if it 
wakes up or remains idle. If decided to wake up, the node still 
needs to decide which interest to cover. 

In order to make a random decision, influenced by the rewards, 
the node uses a vector of structures. Each entry holds the 
interest’s ID, its reward and a still empty combined reward 
variable. The vector entries are then sorted in an ascending 
manner, and the sink proceeds to calculate the combined 
rewards. The combined reward of the Nth entry is the result of 
the sum of that same entry reward with the Nth-1 combined 
reward. The node will then pick a random number between 0 
and the maximum combined reward, to decide which interest to 
cover 

D. Vote time limit 

The developed application was required to be efficient and 
adaptable according to the different proposed sets of 
environments and requirements, thus a dynamically adjusting 
vote round time schedule was introduced. The referred variable 
assumes great importance as it impacts heavily in one of the 
most important parameters, the algorithm convergence time. 
This time schedule, as mentioned before, is controlled by the 
sink, and dictates the time interval at which the sink is listening 
to the nodes’ votes to comply with these details, by the end of 
every vote round, the sink re-adjusts the vote round time 
interval, based on the last vote received. To achieve this an 
Exponential Moving Average (EMA) is adopted to adjust the 
vote time interval. 

𝑉𝑛 =  𝛼 ∙ 𝑇𝑛 + (1 − 𝛼) ∙ 𝑉𝑛−1 (1) 
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where: 

 𝑉𝑛: New vote time limit; 

 𝑇𝑛: Timestamp of the last received vote; 

  𝑉𝑛−1: Last vote time limit; 

 𝛼: Weight factor attributed to the new data, ranging 
between 1 and 0. 

The sink operates with EMA in two distinct situations. 
When a voting round comes to an end (i.e., the assigned time 
limit has expired), the timestamp of the last vote message is 
consulted, calculated, and introduced in the EMA. The new 
vote time limit, is therefore calculated based on the last 
received vote timestamp and on the prior time limit assigned. 
This method is applied at the end of every voting round, 
granting. 

E. Reward Computation 

At the end of each round, the sink is expected to reward the 
voting nodes. These rewards can be calculated in one of three 
different algorithms that are defined before the application 
starts and used throughout the runtime. The algorithms 
calculate the rewards through the parameters: the optimal 
number of votes defined per interest, and the number of votes 
obtained per interest.  

𝑟 = {

𝑂𝑉

𝑇𝑉
∙ 100, 𝑇𝑉 ≥ 𝑂𝑉

100, 𝑇𝑉 < 𝑂𝑉

 (2) 

where: 

 𝑟: Reward obtained; 

 𝑂𝑉: Optimal number of votes; 

  𝑇𝑉: Total received votes; 

The differences between the different reward strategies rely 
in the approach toward the individual rewards obtained. 
Algorithm 1 uses the individual rewards with no further 
calculations, broadcasting them exactly as calculated. In 
Algorithm 2, after calculating the individual rewards, the sink 
computes an arithmetic average of all the rewards obtained, 
and attributes this average value to all the interests that have 
scored fewer votes than the optimal number of votes. Finally, 
Algorithm 3 calculates an arithmetic average of all the rewards 
obtained. 

IV. SIMULATION RESULTS 

A. Results Study 

The algorithm’s performances are evaluated in terms of five 
dependent variables: 

1. Convergence Rate: The percentage of simulations that 
achieved an algorithm convergence; 

2. Number of Rounds: The total number of voting 
rounds needed to reach algorithm convergence; 

3. Time(s): The time necessary for the algorithm to 
converge; 

4. Messages Sent: The total number of messages sent 
throughout the entire simulation; 

5. Missed Votes: The total number of votes that failed to 
arrive at the sink in due time; 

The result’s study is categorized by network device density, 
and represented by bar charts. Each bars is an average of the 
results obtained for 50 simulations. Some of these bars are also 
complemented with error bars that indicate the 95% confidence 
interval. It is important to note that the simulations that stopped 
before achieving convergence are only accounted for the 
convergence rates. In order to test the algorithm’s many 
components, several sets of parameters were used: 

 Node density: In high density, the nodes are 50m 
apart. In low density, the nodes are 100m apart; 

 Number of interests: 3, 5, 7, 9, 10, 12 and 15; 

 Number of sub-states: 1 and 2; 

 Reward strategy: Algorithm 1, 2 and 3. 

It is important to mention that, although tests were also 
realised to evaluate algorithm number 3, the results obtained 
were far behind the remaining algorithms, and thus left outside 
this study. Likewise, the use of 4 sub-states in the node’s state 
machine was far worst than the remaining results, and is 
similarly ignored in this analysis. The figures presented in 
these analysis represents Algorithm 1 with the color blue, and 
Algorithm 2 with the color purple. The more faded colors are 
referred to 2 operating sub-states. 

1) High Density Networks: 
The high convergence rates retrieved from the simulations 

show that the algorithm was effective in finding convergence 
for the current simulation parameters, obtaining results close to 
100%. Thus, a graphical representation of the results is 
unnecessary. The high convergence rates retrieved from the 
simulations show that the algorithm was effective in finding 
convergence for the current simulation parameters. 

 

Figure 5. Average number of rounds in high density network. 

Figure 5 compares both algorithms strategies, and no 
particular conclusions can be drawn. Although this effect is 
more visible when the nodes are operating with two sub-states, 
both algorithms’ averages increased when simulations were 
carried with higher number of interests. It is also clear that the 
algorithms using solely one sub-state achieved the proposed 
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objectives in a significantly reduced number of rounds. 
Moreover, the number of rounds taken by the algorithms 
operating with one sub-state increases in a steadier manner 
when the number of interests is incremented.  

Figure 6 displays the resulting time required for 
convergence regarding the simulations analysed in Figure 5.  

 

Figure 6. Time averages in high density. 

The first observation obtained is that there is a very high 
correlation between Figures 5 and 6. Although the time defined 
for each round varies according to an interval of possible 
values, the number of rounds affects the total simulation time 
in a proportional way. Nonetheless, the discrepancies found in 
the time averages are not as noticeable as in the rounds 
averages. This is explained by setting a vote time limit default 
value set with a high margin, which means that more rounds 
are needed to adjust the vote time limit to an optimal value, 
leading to non-optimal vote intervals when convergence is 
found in fewer rounds.  

 

Figure 7. Average of transmitted messages in high density. 

Analysing Figure 7, it is conclusive that the averages of 
transmitted messages are correlated to Figure 5. The 
implemented feature in this project to avoid an excessive 
number of exchanged messages relies in demotivating sensing 
nodes to vote on interests already sufficiently covered and 
setting them to an idle mode. Nonetheless, when an increased 
number of interests is requested, more of the nodes present in 
the network are called to act, leading to an increased number of 
messages exchanged during the simulations.  

Other important factor to study in these sets of simulations 
was the reliability of message delivery. Two types of missed 
votes were identified. Lost Votes correspond to those that 

never arrived to the sink, and Delayed Votes correspond to 
those that arrived to the sink after its respective round finished. 
This was achieved by comparing the total assigned votes with 
the votes received by the sink throughout the simulations. 
Figure 8 depicts the results: 

 

Figure 8. Percentage of missed votes in high density. 

Reliability results are independent of the type of reward 
computation used, and also the number of operating sub-states. 
This means that percentages obtained in the four different 
combinations of sub-states and algorithms can be merged for 
easier readability. Observing Figure 8, the first conclusion that 
can be drawn is that no percentage score was above 0,5%. This 
shows that although there might be room for improvement, the 
application message delivery was reliable in the considered 
parameter range. 

2) Low Density Networks: 
The results obtained regarding the convergence rates are 

depicted in Figure 9. Independently of the number of sub-states 
or the algorithm used, it is observable that the requested 
number of interests has impact on the convergence rates of the 
algorithm. This is caused by the decrease of the network’s 
coverage density, as the area of test increases and the coverage 
capacity of the nodes remain the same. It is also observable that 
none of the used configurations achieved 100% convergence 
rate, the limit number of interests that guarantees an overall 
convergence rate around 50% is 7 and when the number of 
interests rises to 12 and 15 interests, the convergence rates drop 
to values bellow 25%. 

 

Figure 9. Convergence rates for low density. 

Acknowledging these observations, and adding that a 50% 
convergence means that the sample size for result analysis 
decreases from 50 to 25, it becomes appropriate to disregard 
the results obtained for simulations with more than 7 interests, 
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due to the low reliability of the algorithm under such 
unfavourable conditions.  

Figure 10 provides data regarding the algorithms’ 
performance in a low density network, with the nodes 
operating with one and two sub-states. The first observation is 
that the algorithm convergence results were inconsistent. 
Although the algorithm achieved convergence in most of the 
simulations depicted in Figure 10, the wide confidence 
intervals for the round averages show that there are disparities 
in how many rounds were needed for the algorithm to 
converge, even for simulations under the same conditions. In 
an adding note, one conclusion obtained in the high density 
simulations might be transported to these low density results: 
when operating with 2 sub-states, in most cases, the algorithm 
needs more rounds to achieve convergence. 

When appraising the simulation time averages obtained, 
through the inspection of Figure 11, the results provided are as 
expected. Like observed before, the results obtained in the 
simulations’ time averages are closely related to the ones 
describing the average number of rounds. 

Following the same pattern as before, Figure 12 
demonstrates the average number of transmitted messages has 
a high correlation with the average number of rounds observed 
in Figure 10. 

Lastly, Figure 13 reveals the percentage of missed votes 
during the simulations. It is visible that both lost and delayed 
messages increase as the number of requested interests 
increases, as observed in the high density results. 

These sets of simulations also provided delayed messages, 
which can be traced to the number of hops needed for a 
message to reach its destination. Being the nodes placed farther 
apart in this simulation’s environment, the number of hops 
needed for a message to reach the sink also increased. 

 

 

Figure 10. Round averages in low density. 

 

Figure 11. Time averages in low density. 

 

Figure 12. Average number of transmitted messages in low density. 

 

Figure 13. Percentage of missed votes in low density. 

B. Discussion 

As mentioned in the start of the high density analysis, these 
obtained such high convergence rates that it became 
unnecessary to graphically observe and analyse them. On the 
other hand, low density simulations provided increasingly 
lower convergence rates, which resulted in a considerable 
impact on the number of samples obtained to analyse. 
Nonetheless, these lower convergence rates allowed observing 
that the number of sub-states used can have a relevant impact 
in the convergence rate. Bearing this in mind, the convergence 
rates of Algorithm 1 and 2 were merged, to have a simpler 
perspective regarding the impact of the number of sub-states in 
the convergence rate. Figure 14 depicts these results. Its 
inspection confirms what has been concluded before: 
simulations in high density had no difficulties in successfully 
attaining convergence, contrary to low density, which found 
increasing difficulties to converge as the number of requested 
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interests increased. If one compares the convergence rates 
obtained taking in consideration the number of sub-states, it is 
noticeable that when the algorithm operates with 2 sub-states, 
with exception for the 3 interests request, the convergence rates 
were higher in a low density environment. 

 

Figure 14. Coverage rate varying sub-states and density. 

Figure 4.17 depicts the obtained round averages for 1 and 2 
sub-states, both for low and high density. By inspecting the 
figure, it is possible to confirm that algorithm 1 converged in 
fewer rounds when operating with 1 sub-state, independently 
of the device density. Although the obtained round averages for 
low density are lower than high density, it should be 
considered that in the low density configuration, the 
algorithm’s convergence rate is lower. Another interesting 
detail observed is that, for 3 requested interests, the averages 
obtained for low density are smaller when compared to high 
density. 

When the same approach is performed for Algorithm 2, the 
results displayed in Figure 16 are not so clear. One first 
possible conclusion is that the algorithm operating in two sub-
states, for the exception of 5 interests, obtained higher round 
averages, being this in accordance with the previous 
observations. Even though the algorithm operating with 1 sub-
state in high density did not obtain consistently lower averages, 
it provided the most stable averages, as opposed to observed in 
Algorithm 1. This configuration is backed with high 
convergence rates. 

 

Figure 15. Algorithm 1's varying densities and sub-states round averages. 

 

Figure 16. Algorithm 2's varying densities and sub-states round averages. 

V. CONCLUSIONS AND FUTURE WORK 

A. Conclusions 

The results obtained allowed to draw some conclusions, as 
to in what situations the application best performs, struggles 
the most, and even leave some suggestions to future work on 
the subject.  

When testing the algorithm for different network device 
densities, one would expect that in high density, the application 
would focus most of its voting rounds in shutting down 
excessive votes from the available resources. On the other 
hand, in low density, the application would spend most of its 
rounds finding the configuration that allowed covering all the 
interests despite the lower device coverage density. When 
facing a small amount of requested interests, the application 
performed similarly in both densities, but when given a bigger 
amount of interests to cover, the density starts to hold its 
impact. When the number of interests rose, the difference 
between the results also escalated, being the high density 
network convergence rates significantly higher than the low 
density ones. This, can be related to two factors influenced by 
some tools implemented in the application: 

 Multiple interests coverage possibilities: When the 
device density is decreased without altering the devices 
default sensing range, the resulting coverage density 
available for interests to be sensed is decreased, which 
impacts the multiples votes a node can provide. 

 Blocked Interests: This implemented tool allows the 
sink to block certain interests, making them unavailable 
for the nodes to vote, unless it was the node’s previous 
vote. Unsurprisingly, this tool is best fitted in a network 
where a lot of nodes are available to vote. 

In light of the results and its corresponding conclusions, 
one can assume that the developed algorithm performs better in 
a high density network. The results obtained from the 
simulations also revealed some dependence in the number of 
sub-states used. Although there is no clear definition to which 
number of sub-states is ideal to what situation, some 
conclusions are possible to draw. When operating with only 1 
sub-state, in most cases, lower averages were obtained. This 
allowed for the algorithm to achieve convergence in fewer 
rounds, especially when a smaller amount of interests was 
requested. When the application is struggling to find a network 
vote’s configuration, such as in low density simulations, the 
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use of 2 sub-states managed to improve the convergence rates 
obtained. This leads to conclude that, in general, one sub-state 
provides better results, but the use of two sub-states sustained 
more stable and reliable outcomes in certain situations. 
Regarding the reward strategies used, no significant 
performance disparities between the distinct strategies were 
found, and that the strategy used had no observable impact in 
the convergence rate. The outcome of the results is not clear as 
to whether which algorithm strategy best benefits from 
different parameters and environments. The fact that the 
obtained average intervals increased when the number of 
interests rose, suggests that additional testing demanding more 
network resources should be performed in future work. 

B. Future Work 

The first and most impactful identified drawback is the 
sink’s inability to unquestionably motivate every possible node 
to vote in a specific interest for the next round. For instance, if 
an interest needs to be covered by a specific node to achieve 
the minimum coverage requested, and the given node is already 
fully motivated to cover a distinct interest, the sink has no 
capacity to overcome this situation. Providing the sink with an 
implementation of this capacity could have some significance 
in the algorithms’ performance, as it would be possible for the 
sink to easily request to maximize the coverage of a given 
interest. Another suggestion for the previously mentioned 
issue, is for the sink to request the nodes to randomly change 
their current votes, independently of their current sub-state or 
the last round reward. This could allow the sink to avoid 
becoming incapable of addressing the identified issue.  

This auto-adjustment vote time limit had some impact: the 
simulations that ran for more rounds, also obtained the lowest 
average time per round. The weight factor (see Equation 2) 
used for every new time reference was set in a conservative 
perspective. This resulted in slow changes of the vote time 
interval as the number of rounds incremented. Other 
approaches to this weight factor could provide more efficient 
results. For instance, if the votes arrive to the sink in fewer 
hops it means that its arrival in due time is less dependent on 
the forwarding process along the path. This is due to the 
random time interval set for in the nodes for forwarding the 
received votes. A network configuration that is capable of 
providing message delivery to every node in few hops, should 
allow the sink to increase the weight factor of the new time 
references, as message delivery is less dependent in the node’s 
forwarding, and therefore, less affected by the random 
forwarding timers. 

Lastly the implementation of vote aggregation should affect 
the algorithm’s performance in diverse manners, as it would 
lastly impact the total messages sent, the percentage vote loss 
and simulation time. A given node, after broadcasting new 
data, could hold its vote message and all the vote messages 
received to forward for a set time. After this time expires, the 
node would collect all the votes received in one packet, and 
forward it to the sink. This is expected to result in less 
transmitted messages, and with it, a drop in the lost votes 
percentages. An identified possible issue in this approach is 

that the total time needed by the network to deliver every vote 
to the sink might be affected, knowing that the nodes would 
have to hold their votes for a set amount of time in order to 
wait for more votes to arrive. 
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