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Resumen 
Japón es uno de los países asiáticos con mayor experiencia en amenazas naturales. En 

consecuencia, el país nipón está a la vanguardia en la prevención y gestión frente a 

desastres. De entre los medios que proporcionan gobierno y ciudadanía, se incluye el 

despliegue de equipos compuestos por drones. Diversos estudios confirman su utilidad, 

siendo más agiles y económicos que el despliegue de helicópteros en operaciones de 

pequeña o media escala.  

Por otro lado, las soluciones desarrolladas con sistemas multi-agente han demostrado 

ser un buen enfoque frente a problemas de toma de decisiones y reparto de tareas. 

Literatura reciente destaca la interacción usuario-agente en forma de colaboración, 

dada la pro-actividad y autonomía de los agentes. Dicho esto, se plantea que las 

operaciones con drones pueden ser aún más productivas a través de esta tecnología.  

El presente Trabajo de Fin de Máster se enmarca en el proyecto DRONET. Dicho 

proyecto tiene como objetivo desarrollar una solución de respuesta a desastres con 

drones. La solución propuesta en este TFM consiste en el despliegue de un colectivo 

humano-agente. El colectivo está compuesto por un equipo de drones inteligentes que 

automatizan el reparto de tareas y un equipo de usuarios que supervisan y controlan la 

operación. Para la implementación del sistema multi-agente, se ha optado por estudiar 

soluciones basadas en optimización distribuida y asignación automática de tareas. 

La solución desarrollada ha cumplido los requisitos marcados y ha supuesto un 

complemento importante para el proyecto. El sistema responde adecuadamente a un 

entorno dinámico, proporcionando estabilidad y escalabilidad a la operación en función 

de las circunstancias. También se ha demostrado una mejora en la carga de trabajo y 

satisfacción del usuario, delegando las acciones al equipo dron e interviniendo solo 

cuando sea necesario. 

Los resultados han sido tan prometedores que la solución se ha incluido dentro de los 

test del proyecto en entornos reales, concretamente en los experimentos en la región 

de Okutama (prefectura de Tokio) durante julio de 2016.  
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Abstract 
Japan is one of the Asian countries with the greatest experience in natural hazards. 

Consequently, the country is at the forefront in disaster prevention and management. 

Among the resources and means providing by government and citizens, drone teams 

are included. Several studies confirm their usefulness, being more agile and economic 

than helicopters in small or medium-scale operations. 

On the other hand, solutions based on multi-agent system have proven to be a good 

approach for addressing problems related with decision making and distributed task 

allocation. The current literature highlights the user-agent interaction as a new form of 

collaboration, given the pro-activity and autonomy of agents. Having said that, it is 

proposed that drone operations can be even more productive by applying this 

technology.  

The current Master Final Project is part of the DRONET project. This project aims to 

develop a disaster response solution using drones. The proposal of this TFM is the 

deployment of a human-agent collective. The collective is comprised of a team of 

intelligent drones that automate the task distribution and a team of users that monitor 

and manage the operation. For the multi-agent system deployment, it has chosen to 

study literature based on distributed optimization and automated task allocation. 

The developed solution has fulfilled the marked requirements and has been an 

important complement to the project. The system responds appropriately to dynamic 

environments, providing stability and scalability to operations depending on their 

circumstances. It has also been proven an improvement on user workload and 

satisfaction by delegating actions to drone team and intervening only when necessary. 

Results have been so promising that the solution has been included into the milestones 

for real-world testing; particularly, in the set of experiments in Okutama region (Tokyo 

Prefecture) during July 2016.   
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1. INTRODUCTION AND OBJECTIVES 

1.1. Motivation 

It is well-known that nations face a variety of threats and hazards. From events caused 

by nature to technological incidents involving system or structural failures, as well as 

acts of violence. While nations differ in the specific threats and hazards, each one 

prepares and reacts for the situations for which they are at greatest risk. In the concrete 

case of Japan, its climate regions and seasons differs from a subarctic climate to a 

subtropical climate, including several regions with volcanic activity (Japan 

Meteorological Agency, 2016). In addition, the country is situated along the circum-

Pacific volcanic belt; thereby, the country needs to deal with events such as earthquakes 

(see table 1) and tsunamis (Asian Disaster Reduction Center, 2008). To cope with these 

threats, including others, Japan deploys a complete disaster management plan that 

includes risks reduction, preparedness, response, support and recovery, inter alia 

(Ministry of State for Disaster Management, 2015). 

 

Fig. 1: All Weather Warnings and Advisories in Japan during April 2016 (Japan 
Meteorological Agency, 2016). 
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In addition to the above plan at national level, there are more plans for concrete regions 

and prefectures in different scopes and contexts. Specifically, on Tokyo prefecture 

(including Tokyo islands), the “Tokyo Disaster Prevention Plan” includes prevention, 

reaction and response against natural disasters such as earthquakes, wind and water 

damage, inter alia (Tokyo Metropolitan Goverment, s.f.). There are other examples such 

as Earthquake Survival Manual provided by Setagaya City Hall (Setagaya City Hall, 2016) 

and “Let’s Get Prepared Disaster Preparedness Actions” by Metro of Tokyo (Tokyo 

Metropolitan Goverment, 2016). 

Issued at Observed at Region Name Magnitude 
04:28 JST 29 Apr 2016 04:25 JST 29 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.4 
15:33 JST 28 Apr 2016 15:30 JST 28 Apr 2016 Ariake-kai M4.7 
12:59 JST 28 Apr 2016 12:56 JST 28 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.6 
08:31 JST 28 Apr 2016 08:29 JST 28 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.5 
02:40 JST 28 Apr 2016 02:38 JST 28 Apr 2016 Kumamoto-ken Kumamoto-chiho M4.1 
00:24 JST 28 Apr 2016 00:21 JST 28 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.4 
23:32 JST 27 Apr 2016 23:30 JST 27 Apr 2016 Oita-ken Seibu M3.1 
12:32 JST 27 Apr 2016 12:30 JST 27 Apr 2016 Kumamoto-ken Aso-chiho M3.7 
07:42 JST 27 Apr 2016 07:39 JST 27 Apr 2016 Nemuro-hanto Nanto-oki M4.4 
07:09 JST 27 Apr 2016 07:07 JST 27 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.5 
00:04 JST 27 Apr 2016 00:01 JST 27 Apr 2016 Miyagi-ken Oki M5.0 
21:52 JST 26 Apr 2016 21:50 JST 26 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.8 
16:23 JST 26 Apr 2016 16:21 JST 26 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.0 
04:01 JST 26 Apr 2016 03:58 JST 26 Apr 2016 Kumamoto-ken Aso-chiho M3.5 
03:44 JST 26 Apr 2016 03:42 JST 26 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.8 
00:36 JST 26 Apr 2016 00:33 JST 26 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.3 
00:47 JST 25 Apr 2016 00:44 JST 25 Apr 2016 Kumamoto-ken Kumamoto-chiho M4.4 
22:31 JST 24 Apr 2016 22:27 JST 24 Apr 2016 Tokara-retto Kinkai M4.2 
18:52 JST 24 Apr 2016 18:50 JST 24 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.8 
18:34 JST 24 Apr 2016 18:30 JST 24 Apr 2016 Kumamoto-ken Aso-chiho M3.5 
16:54 JST 24 Apr 2016 16:52 JST 24 Apr 2016 Kumamoto-ken Aso-chiho M4.1 
08:22 JST 24 Apr 2016 08:18 JST 24 Apr 2016 Kumamoto-ken Aso-chiho M4.0 
07:38 JST 24 Apr 2016 07:36 JST 24 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.5 
06:37 JST 24 Apr 2016 06:35 JST 24 Apr 2016 Kumamoto-ken Aso-chiho M3.4 
01:15 JST 24 Apr 2016 01:13 JST 24 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.0 
22:08 JST 23 Apr 2016 22:06 JST 23 Apr 2016 Kumamoto-ken Aso-chiho M3.0 
17:41 JST 22 Apr 2016 17:39 JST 22 Apr 2016 Oita-ken Chubu M3.0 
16:43 JST 22 Apr 2016 16:41 JST 22 Apr 2016 Kumamoto-ken Kumamoto-chiho M3.5 
14:23 JST 22 Apr 2016 14:19 JST 22 Apr 2016 Kumamoto-ken Aso-chiho M3.0 

Table 1: Earthquake Information in Japan until 29th April (Japan 
Meteorological Agency, 2016). 
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On the disaster response phase, Japanese plans deploy well-studied mechanisms that 

include collection and transmission of information, damage analysis, transversal and 

vertical coordination with institutions, headquarters and citizens (Disaster Management 

Cabinet Office, Government of Japan, 2014). In fact, in order to provide a rapid response 

to disasters, certain entities provide aerial vehicles, commonly helicopters. For instance, 

HEM-Net provides “Doctor Helicopters” for supplying emergency medical services from 

Hospitals to citizens (HEM-Net, 2008). Matsumoto and his companions study the 

effectiveness of the “Helicopter Emergency Medical Service” or HEMS following the 

great east Japan earthquake in 2013. They conclude that the services are vital, necessary 

and strongly recommended to include a collaboration with authorities (Matsumoto, et 

al., 2011). Another example is the collaboration between army and firefighters for 

responding to large-scale disasters (The Mainichi, 2016). 

On the other hand, aerial vehicles may involve very high costs in comparison to their 

effectiveness.  HEM-Net asserts the running deployment costs reaches about 200 million 

yen annually or 1.9 million U.S. dollars approximately (HEM-Net, 2008). Brazier, Nicholl 

and Snooks estimate an incremental cost of 2 million pound annually invested to the 

London Helicopter Emergency Medical Service. In addition, they question the average 

effectiveness in relation to those costs (Brazier, Nicholl, & Snooks, 1996). The Japan 

Aviation published an article about the State of the Art of the Japanese aerial emergency 

medical service according to the enacted “Doctor-Helicopter Special Law” in 2007. The 

article provides information about annual costs (1.5 million U.S. dollars per helicopter) 

and the need of deploy a huge aircraft fleet (from 11 helicopters to 70) in order to cover 

the country area properly (Nishikawa, August 2007). Then, it can be concluded that cost 

optimization and effectiveness are a challenge for aerial disaster response teams. 

To face these challenges, several teams for different public and private organizations 

are designing solutions with Unnamed Aerial Vehicles (UAVs), commonly called drones. 

Expert teams composed of drones and professionals represent a novel, effective and 

inexpensive manner of disaster response (Leetaru, November 2015). For instance, 
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UAViators promotes the safe, coordinated and effective use of UAVs for humanitarian 

purposes (UAViators, 2016). Small UAV Coalition aims to demonstrate the important 

economic, environmental and public safety benefits of small UAVs, including 

humanitarian response (Small UAV Coalition, 2014). Not all proposals use drones merely 

controlled by users. Organizations go further and develop smarter solutions. According 

to the BBC, Google has a long-term goal of develop self-flying drones that could be used 

for disaster relief by delivering medical supplies to isolated areas (Stewart, 2014). The 

World Health Organization (WHO), Médecins Sans Frontières (MSF) and UNICEF are 

experimenting with smart UAVs features; such as automated delivering, flight and 

landing (Dowell, 2014). The drone company 3DR provides fully automated and 

intelligent tools for drones such as mapping, planning and automated flying, inter alia 

(3DR, 2016). As a last example, different prestigious institutions such as the universities 

of Nottingham, Oxford and Southampton, in conjunction with other private entities have 

developed the ORCHID project. ORCHID aims to drive the science of Human Agent 

Collectives (HACs) to real-world applications in the critical domains of the smart grid, 

disaster response and citizen science. In their context, HACs are compose of human and 

smart UAVs. The smart drones possess features such as Multi-UAV Coordination, 

Human-Agent interaction, agile teaming for uncertain events, flexible autonomy in a 

changeable environment, inter alia (ORCHID, 2016). 

Having said that, and with the vast number of references that can be found, the 

profitable impact of the use of drones in humanitarian response is well known. Also, the 

addition of automated and smart technologies that can be used by users for disaster 

response improvement. In this way, the users can collaborate with UAVs instead of just 

control them. Indeed, the human team receives an extra support from automation and 

the workload can be lightened. 

The framework of this dissertation is located within a project from this topic. The context 

of it and the project is introduced below. 
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1.2. Context 

1.2.1. National Institute of Informatics 

The national Institute of Informatics (NII) is a Japanese research institute created in April 

2000 for the purpose of progress in the study of informatics. The NII is located in Chiyoda, 

Tokyo and is the only general academic research institute of Japan. NII seeks to advance 

integrated research and development activities in information-related fields. These 

activities include networking, software and artificial intelligence, inter alia. These 

activities range from theoretical and methodological work through applications 

(National Institute of Informatics, 2000). 

1.2.1.1. NII International Internship Program 

The NII Internship program is a part of NII international exchange activities with students 

from institutions with which NII has concluded an International Exchange Agreement 

(MOU). It is aimed at giving interns the opportunity to engage in research activities as 

well as receiving guidance in their research from professors at NII (National Institute of 

Informatics, 2015). This incentive program is an opportunity for student professional 

and personal development and establish cordial relations and partnerships between 

institutions. Currently, the Universidad Politécnica de Madrid (UPM) with the Universitat 

Politècnica de València (UPV) and the Universitat Politècnica de Catalunya (UPC) are the 

only three Spanish universities with MOUs from NII. 

Briefly, the selection process is a hard procedure that consists on a two-phased 

competition between applicants. First one, the university can only send maximum three 

applications, among all university schools. The second one is a selection of a few 

applicants among all 87 institutions with MOU agreement around the world. The 

present Final Master Project has been performed by one applicant as a successful 

candidate. This internship has a duration of 6 months from January to July 2016 and it is 

realized as a member of Professor Helmut Prendinger research laboratory. 
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1.2.1.2. Prendinger Laboratory 

Helmut Prendinger is a professor at NII, where he works in the Digital Content and Media 

Sciences Research Division. He carries out research in the areas of Artificial Intelligence, 

Human-Machine Interaction, and Cyber-Physical Systems. Prof. Prendinger has 

published in these fields more than 220 refereed papers in international journals, 

conferences, and book chapters. The current focus of the lab works relates to the 

following topics (Prendinger, 2008): 

 Deep Learning, Automated Task Allocation, and Intelligent Interface for UAVs. 

 Data driven prognostics based on aircraft-derived maintenance data. 

 Discourse parsing for discourse search engine and sentiment recognition from 

text. 

Within these topics, the owner of this thesis participates in the DRONE project as a 

researcher and developer. The project has been briefly described in the following 

section. 

1.2.2. DRONET Project 

The DRONET Project aims to deploy a solution for disaster response using smart UAVs 

in a local citizen context such as city districts, villages, towns and shires, among others. 

Currently in development, The DRONET solution is a map-centric Bronze/Silver 

command platform aimed to, monitor several drones in a single shared map and allocate 

them into specific tasks. The main goal is to deploy a human-UAV team capable to work 

in team in a flexible, changing and risky environments. For reaching this target, the 

project includes concrete novel automation technologies for providing certain kind of 

intelligence to UAVs. Some of these technologies are the following: 

 Automated fight and landing. 

 Deep Learning for providing event recognition, object classification and obstacle 

avoiding, among others. (NVIDIA, 2016). 

 Automated Task Allocation of the drone team given a set of tasks or missions. 
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1.2.2.1. DRONET platform overview 

The Bronze/Silver command platform consists of an application hierarchy deployment 

for disaster response in a structural way. The DRONET foundation establishes the Silver 

app as the “tactical layer” and the Bronze app as the “operational layer”. 

Concretely, Silver consists of a web app with a map interface and the following main 

features: 

 Monitor multiple drones represented on a live map. 

 Create missions. For instance, areal picturing, delivering, live-streaming, etc. 

 Allocate missions to drones. 

Silver provides a single shared map to control and monitor different types of entities 

such as missions, drones, unknown events, etc. Silver allows to create and allocate this 

missions and/or events to drones and direct communication with Bronze devices. Silver 

receives data from every drone connected to the system through Bronze; also includes 

critical monitoring information such as battery status, speed, altitude, mission status, 

etc. 

  

Fig. 2: First draft of Silver app. 
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Bronze consists of an Android app with a map interface and the following main features: 

 Connect to one drone and represent him on the map. 

 Monitor this drone live status. 

 Send command to navigate the drone and trigger actions. 

 Read drone data and streams this data to Silver. 

Bronze provides direct contact with the drone. It reads the telemetry (altitude, speed, 

GPS, etc.), triggers fly and action instructions (arm, take-off, go to, hover, land, etc.) and 

accept/decline/cancel the task assignments received from Silver. Each Bronze directly 

monitors one drone with additional situational awareness provided by the shared map. 

Also allows direct communication with Silver commander through text messages such 

as report unexpected factors, mission modifications, new events, etc. 

 

Fig. 3: DRONET platform architecture sketch. 

The brief sketch of the platform architecture can be seen in Figure 3. The Silver/Bronze 

communication runs over WiFi and the Bronze/Drone communication over radio. 

Google Chrome browser and Android OS (Google, 2016) are used for Silver and Bronze 

as the deployment platforms, respectively. SmartFox (SmartFox, 2016) supports the 
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server-side of the project providing a middleware to create high-scalability multiuser 

applications. Finally, enRoute and 3DR are the UAVs providers for the project, including 

the UAV Operating System interface and services (enRoute, 2016) (3DR, 2016). Thus, the 

command parsing and the action triggering by the drone are not in the scope of the 

project. 

1.2.2.2. Team Structure 

Currently, he team project has two main branches: The “Deep Learning Team” and the 

“DRONET Team”. The first one is fully focused in the research, design, training and 

deploy of several Deep Learning algorithm for the project. The second team is focused 

on the development of the platform, including Bronze and Silver clients, server, 

interfaces, communication and the rest of automated technologies already listed above, 

including this thesis. The “DRONET Team” structure is outlined below: 

 Supervisor: Prof. Helmut Prendinger. Overall manager. 

o Assistant: Mr. Tada. Administrative Matters. 

 Project Researcher: Rubén Geraldes. Decision maker & Bronze developer. 

o Intern: Ziqi Liu. UI Experiment designer and data analysis. 

o Intern: Artur Gonçalves. Bronze developer & server extensions. 

o Intern: Jose Mª R. Barambones. Automated Task Allocation. 

o Intern: Krita Pattamasiriwat. WiFi Stations problem. 

o Intern: Kay Guo. Drone interface & services. 

o Freelancer: Edern Gray. UI designer on demand. 

1.2.2.3. Current situation of the project 

The project has started on September 2015 and, currently, is in research phase. The 

scope of this phase includes the design of different UI experiments for studying how to 

maximize the operator workload efficiency and how to mix the different automated 

features to assist operators. The phase also includes a first alpha implementation and 

several milestones for real-world testing. On the other hand, include the industrial 

market in japan as a new target is being currently discussed; as well as the expansion to 
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new real world use-cases such as delivering of goods, surveillance and prevention, 

farming, tourism and hobbyists, inter alia. 

1.3. Problem Statement 

Although the use of autonomous drones in disaster response is an increasingly visible 

fact, previous literature does not delve into other concepts beyond the flight, delivery 

or automated landing. Concretely, there are no important mentions about the 

application of collective intelligence to drone teams. In fact, only a few projects such as 

ORCHID carry out a deep research about Human-UAV collectives (ORCHID, 2016). There 

are several papers and researches about Human-Agent collectives (HACs) related with 

Human-UAV teams and their utility in disaster response. Jennings et al. expose the 

benefits and implications of HACs (Jennings et al., 2014). Ramchurn et al. researched 

about a HAC deployment in dynamic environments. The research reveals a resulting 

lower user workload (Ramchurn et al., 2015). Scerri et al. deployed what they call 

“Extreme Team”. This particular team is comprised of UAVs and users, working together 

and distributing tasks in critical environments such as fires, floods, etc. (Scerri, Farinelli, 

Okamoto, & Tambe, 2005). 

With all this, the project leaders are keenly interested in this feature. Nevertheless, the 

current alpha solution does not support that. Currently, the server deploys a simulation 

of the drone team. The simulation includes the location and telemetry of each drone 

and it is sent to Silver, where is represented over a Google Maps API interface (See Fig. 

2). The simulation also includes the task/mission generator, but, the allocation needs to 

be performed by the user through Silver. 

On the other hand, the referenced literature is somewhat heterogeneous with respect 

to HACs deployment. Overall literature and the project leaders classify this topic with a 

common name: Automated Task Allocation problem. However, there are many kinds of 

studied scenarios and each proposal has been designed for their particular scenario and 

purposes. In addition, the DRONET team currently do not have any previous work about 

that topic. In other words, is necessary to conduct an extensive survey of the state of 
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the art about HACs and Task Allocation. Then, develop a solution according to the 

scenario raised by the project. In addition, the solution must improve the user 

experience, in reference to his workload and performance. 

1.4. Objectives 

The main objective is to deploy a Human-Agent collective in the Silver platform, where 

the set of agents is represented by drones. In this way, it is intended that the user 

supervises the agents in the achieving of the tasks.  

The following secondary objectives associated to this thesis are listed: 

 Study about UI user experience with automated components. 

 Perform an UI experiment for measuring and analyzing the user performance 

and workload. 

 Perform an extended research about HACs and Automated Task Allocation 

problem. 

 According to the previous research and the experiment conclusions, design a 

scenario that represents the Task Allocation problem. 

 Once the scenario is defined, design and develop a Human-Agent collective in 

order to the problem. 

 Test and measure its performance for validation.  

 Perform another UI experiment with the solution already deployed and contrast 

the data. 

 The solution needs to be responsible and scalable facing to new project 

iterations. 

 The solution must be capable of being deployed in the current DRONE platform 

as well as in a real scenario with real drones and events. 
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1.5. Proposed solution 

According to the problem statement and the objectives, it seeks to deploy a 

collaboration between operators and a smart drone team. To this end, the development 

of a novel solution based on human-agent collectives is proposed. Concretely, instead 

of allocating tasks manually to drones, the drone team should be capable of self-

organize and self-allocate the different missions over the map in an efficient and flexible 

way. Also the team needs to be scalable and responsive to environment changes such 

as new tasks, new drones, dropouts, operator commands and new events, among others.  

To do that, a Multi-agent system will be developed. Then, the MAS will represent an 

Automated Task Allocation scenario. To solve the Task Allocation problem, it is proposed 

the developing of a Decentralized Constraint Optimization Problem Algorithm (DCOP 

Algorithm). This algorithm will be executed in real time by the agents representing 

drones. In addition, the algorithm aims to minimize used resources and maximize 

performed tasks. The DCOP concept is explained in more detail in the following chapter. 

Subsequently, the MAS will be provided of user interaction, in a way that the operator 

can fit the missions and allocations if it is needed. In the current scenario, the operator 

is not forced to assign tasks every moment. Now, the operator will monitor the drone 

team and it is fitted to his guidelines, control and modifications. 

To sum up, it is aimed to deploy a human-UAV team comprised of users and autonomous 

drones in cooperation for performing real-world tasks. In addition, the proposed 

solution, including user interaction, must be performed according to the current system 

deployment.   
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2. STATE OF THE ART 

This section addresses the current literature, researches, developments and techniques 

considered for this thesis. The section is mainly divided in high level concepts, 

mathematic algorithms and involved technologies. 

2.1. Concepts and Topics 

2.1.1. Social Informatics 

Associate Professor Javier Bajo Perez, current Coordinator of the Research Master in 

Artificial Intelligence at UPM (Artificial Intelligence Department, UPM, 2015), asserts the 

following about Social Computing: 

“Social Computing is a computer science term that is concerned with the intersection of 

social behavior and computational systems. Social Computing is basically the use of 

computers for social purpose… Internet introduced a social element where users could 

network, share, publish and use their computers for more than just doing a job faster.” 

(Bajo Pérez, 2015). 

Paul R. Smart and Nigel R. Shadbolt from the University of Southampton define the 

Social Machine term and relate it with Web-based systems: 

“The term ‘social machine’ has recently been coined to refer to Web-based systems that 

support a variety of socially-relevant processes. Such systems are progressively altering 

the way a broad array of social activities are performed, ranging from the way we 

communicate and transmit knowledge, establish romantic partnerships, generate ideas, 

produce goods and maintain friendships.” (Smart & Shadbolt, 2014). 

Having said that, we can identify several examples that identify with this definition; for 

instance: WhatsApp, Facebook, reCAPTCHA, LinkedIn, Twitter, Amazon, Wikipedia and 

EBay, inter alia. These examples show groups of people that are socially “computing” as 

comments, reviews, content, bids, etc. (Bajo Pérez, 2015). Day by day, we can see the 

impact of computers and Internet in the society. Before the internet, computers were 

largely used as tools for increasing productivity. Now, this feature can be supplemented 
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with user feedbacks, communication, interaction and others related with networked 

human collectives. 

2.1.1.1. Social Behavior 

For a better understanding of human collective interaction through social computing, 

we can observe some societies system in nature: cell structures, bird flocks, bee swarms, 

herds, human population, etc. are examples of behaviors leading to self-organization, 

self-adaptation and self-maintenance. These behaviors are formed from less-complex 

network interactions by individuals. About human society, it includes different kinds of 

organization based on several purposes. They can include more than just one-to-one 

information exchange as negotiations, broadcast, hierarchies and researching, inter alia 

(Hassas, Di Marzo-Serugendo, Karageorgos, & Castelfranchi, 2005). 

Having said that, it is possible to design a social behavior in a computational approach. 

This approach is the unification of a two types of knowledge representation (Bajo Pérez, 

2015): 

 Conexionist Knowledge Representation, according to the swarm or collective 

intelligence. It can be guided or expected by the researcher or observed as a 

result of the individual interaction. 

 Symbolic Knowledge Representation, according to the individual entity as a 

virtual agent. 

Also, some of these society simulations include real users. It is argued in more detail in 

the following sections. 

2.1.2. Multi-Agent Systems 

An Agent is a computer system capable of autonomous action in some environment in 

order to meet its design objectives. Accordingly, a Multi-Agent System or MAS is a 

computerized system composed of multiple interacting intelligent agents within an 

environment (Jennings & Wooldridge, Applications of Intelligent Agents, 1998). 
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Agent intelligence is defined by Jennings & Wooldridge through three features (Jennings 

& Wooldridge, Applications of Intelligent Agents, 1998): 

 Reactive: The system maintains an ongoing interaction with its environment, and 

responds to changes that occur in it. Also the response must be realized 

according to the useful moment. 

 Pro-active: The agents “take the initiative”, as meaning that agents recognize 

and/or generate opportunities and attempt to achieve goals. 

 Social: The agents interact and cooperate between them, also with humans, via 

agent-communication language deployed in the environment. 

Apart from the key features, more features can be added, such as mobility, rationality, 

learning and adaptation, among others. Generally, MAS are used to solve problems that 

are difficult or impossible for an individual or monolithic system to solve (Jennings & 

Wooldridge, Applications of Intelligent Agents, 1998). For instance, social simulation and 

swarm intelligence (Terna, 1998), optimization (Petcu & Faltings, 2005) (Nedic & 

Ozdaglar, 2009), planning (Scerri et al., 2005) (Macarthur et al., 2011), inter alia. 

2.1.2.1. Agent-Based decentralized coordination 

According to the last paragraph, the agents are coordinated in a decentralized way. Each 

agent has a perception of its environment, which can be dynamic. That means the 

environment might have changes, incomplete information or uncertainty (Jennings & 

Wooldridge, Applications of Intelligent Agents, 1998). Each agent makes decisions and 

interacts with its environment according to its own perception. Then, the aim of an 

individual agent is to succeed their objectives; while the aim of a MAS could be the 

maximization of the global success (Petcu & Faltings, 2005) or the task division for a 

common goal (Delle Fave et al., 2012). 

The coordination of the agent team can be performed in different ways, according to 

their interaction: 
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 Negotiation: The agents have conversations for reaching agreements and 

resolve conflicts. To perform this, agents base their negotiation through 

strategies such as Dominant Strategies, Nash equilibria or Pareto efficiency 

(Hernández, 2015). 

 Searching: The agents aims to build a global perception basing in the information 

provided by its neighbors. In this way, the agent generates a solution considering 

the rest of the team instead of its own purposes. In other words, each agent 

searches the optimal solution of the team based on its global perception (Jay 

Modi, Shen, Tanbe, & Yokoo, 2005) (Scerri, Farinelli, Okamoto, & Tambe, 2005). 

As is already known, coordination must be performed through communication. Having 

said that, it is vitally important to know the communication scalability in a MAS. 

Depending on the number of agents, the size of the environment, MAS might suffer a 

high communication burden (Hernández, 2015). To avoid this, the strategies include 

features for minimizing the amount of communication. For instance, strategies that 

measure the utility of the communication between agents (Delle Fave, Rogers, Z., 

Sukkarieh, & Jennings, 2012). Another strategy is the agent searching for a global 

solution inside specified bounds (Petcu & Faltings, 2005) (Yeoh, Felner, & Koenig, 2010). 

The different communication strategies are described in more detail in later sections. 

2.1.3. Human-Agent Interaction 

As discussed above, there are Agent-based society simulations that include real users. 

These users can interact with the agents, either perform user communication, improve 

interaction, user immersion, assistance, etc. These solutions represent another example 

of Social Computing (R Jennings et al., 2014). 

The following image shows the different forms of interaction in a videogame (Human-

Agent, Agent-Agent and Human-Human). There are user gamers interacting constantly 

with the environment through different agents (citizens, enemies and also team 

members that their avatars are not controlled by a user for a while). These agents do 

not only react to users. They also interact with other agents. In fact, in several solutions 
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(usually social simulation videogames as “Assassin’s Creed”) the agents cannot 

distinguish between an agent and the user. Either because it is not necessary for 

improve the user immersion or its computation is expensive. 

 

Fig. 4: Human-Agent interaction in social simulation videogames (UbiSoft, 2015). 

However, before arguing about User-Agent Interaction, we need to consider the 

communication channel that introduces the user in the “computed” social environment. 

2.1.3.1. Human-Computer Interaction 

Human-Computer Interaction studies how people interact with computers and to what 

extent computers are adequate for a successful interaction, regarding its public 

objective (M. Carroll, 2014). In other words, HCI deals with the design of solutions in 

order to allow people to carry out their tasks with productivity and confidence. HCI 

comprises, among others, concepts such as Interaction design and User experience. 

Both concepts are used jointly to create usable products. Interaction design deals with 

the design of interactive products based on the User experience. In turn, User 

experience studies and analyses the user communication and interaction needs in 

concrete contexts such as daily life or work. The concept of usability is explained deeply 

below. 
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2.1.3.2. Usability 

Usability is defined by ISO 9241-11 as “Extent to which a product can be used by 

specified users to achieve specified goals with effectiveness, efficiency and satisfaction 

in a specified context of use.” (ISO & IEC, 1998). This concept entails the product must 

be easy for people to learn how to use it, to work efficiently and to be comfortable 

(Constantine & Lockwood, 1999). When a project considers this requirements, among 

others, it is useful evaluate it since the earliest phase. By this way, the project can be 

better objectives-directed. In addition, potential problems can be solved with lower cost 

as we are closer to the start of the project (Nielsen, 1994). 

 

Fig. 5: Relative Cost of Software Fault Propagation (L. Bennett & W. Wennberg, 2005). 

For a better integration of usability validation, the project must be planned according to 

the User-Centered Design methodologies. UCD raises software design with the user as 

a plus member of the project team (Constantine & Lockwood, 1999). The UCD process 

is cyclical with iterative phases. These can be repeated as many cycles as required by the 

project. These phases are called: Context of Use, Design, Prototyping, Measure and 

Evaluation.  



Final Project for Master in Informatics Engineering – July 2016 

19 
 

 

Fig. 6: UCD Schema (ISO & IEC, 1998). 

 Context of Use: This phase aims to discover the target audience, the user context 

and their initial relationships with the product. For determinate the context of 

use, we need to obtain information about the users. This information can be 

obtained by observation and interviews (Constantine & Lockwood, 1999). 

 Design: This phase aims to describe the usability specifications, user, enterprise 

and organizational requirements (ISO & IEC, 1998).  

 Prototype: Mainly, this phase aims to develop a representation of the system for 

being used in the evaluation phase. These enable recollect design information 

from the user (Nielsen, 1994). 

 Measure and Evaluation: In this phase we proceed with the user evaluation 

through the prototypes. The team need to design, capture and evaluate the 

usability measures for confirming their expectations and/or making changes in a 

new project cycle (Constantine & Lockwood, 1999). 
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Thereby, the user is involved in the project. This allows better achievement of the most 

relevant objectives, minimize costs and efforts, obtain user feedback as soon as possible 

and fulfill customer expectations, inter alia. 

2.1.4. Task Allocation 

Also known as the Assignment Problem, it is considered as one of the fundamental 

problems in combinatorial optimization. Mulmuley et al. define the problem as follows:  

Given a set of agents and a set of tasks, any agent can be assigned to any task to perform. 

The assignation incurs some cost that may vary depending on which agent and task. 

Having said that, it is aimed to perform all tasks by assigning exactly one agent to each 

task and exactly one task to each agent such a way that the total cost of the assignment 

is minimized (Mulmuley, V. Vazirani, & V. Vazirani, 1987). 

Nevertheless, this definition has several restrictions such as the “one to one” assignment 

or the same “size” or indistinguishable agents and tasks. Thus, it is defined the 

Generalized assignment problem in which both agents and tasks have a variable size. 

Overall, the vast related literature defines the problem as follows: 

Given a set of agents and a set of tasks, any agent can be assigned to any task to perform. 

The assignation incurs some cost that may vary depending on which agent and task. In 

addition, each agent has a budget and the sum of the costs of tasks assigned to it must 

not exceed this budget. It is required to find an assignment in which all agents do not 

exceed their budget and the total profit of the assignment is maximized. 

The concepts of budget or size refer to different attributes, capabilities and restrictions 

of each agent and task. Basically, agents consume resources for performing a task with 

specific restrictions and conditions. Having said that, it is desired to look for an optimal 

solution of the problem, either minimizing the total used resources or maximizing the 

allocations or the global utility. However, this new definition remains ambiguous and 

imprecise. It is necessary to comprehend that there is a large amount of heterogeneous 

scenarios, as well as techniques or algorithms for solving them. Examples of scenarios 
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can be found in various topics such as thread scheduling (Chu, Holloway, & Efe, 2011), 

insect behaviors (Bonabeau, Dorigo, & Theraulaz, 2000) or coordinated work teams 

(Scerri, Farinelli, Okamoto, & Tambe, 2005), inter alia. There are also many different 

forms of resolution, such as heuristics (Page, Keane, & Naughton, July 2010), negotiation 

(Sujit, Sinha, & Ghose, 2006), auctions (Choi, August 2009) or optimal solution searching 

(Jay Modi, Shen, Tanbe, & Yokoo, 2005), inter alia. 

Generally, there is no panacea to resolve most scenarios. The referred literature defines 

a specific scenario for each problem. Then, the algorithm and/or technique is chosen 

and adapted according to the needs and objectives of the problem. Sometimes, the 

algorithm is useful but lacks of some features or has a poor performing under certain 

conditions. It is then that novel algorithms emerge; focused on specific problems or 

scenarios (Yeoh, Felner, & Koenig, 2010) (Petcu & Faltings, 2005).  

According to the recommendations of the project chiefs and related literature, Task 

Allocation problems in UAV context tend to be resolved using DCOP Algorithms (Scerri, 

Farinelli, Okamoto, & Tambe, 2005) (ORCHID, 2016) (Delle Fave, Rogers, Z., Sukkarieh, 

& Jennings, 2012). The Distributed Constraint Optimization Problem or DCOP is a general 

framework for distributed problem solving that has a wide range of applications in Multi-

Agent System. (Davin & Jay Modi, 2005). The DCOP definition is described below. 

2.1.4.1. Distributed Constraint Optimization Problem 

The DCOP definition arises from the distributed analogy of Constraint Optimization. 

Essentially, the constraint optimization is the process of optimizing an objective function 

regarding a set of variables with constraints. The aim is either search for the 

minimization of the function (cost function) or maximization (utility function) (Sun & Yua, 

2010). 

 

Fig. 7: General constrained minimization problem. 
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On the other hand, a DCOP offers techniques that go beyond simple optimization 

methods. DCOP is a framework for describing problems in terms of known constraints 

and enforced by distinct agents. A DCOP consists of a set of variables where their values 

are taken from well-known, finite and discrete domains. Then, only agents can assign 

values knowing their respective domains. Therefore, agents must coordinate their 

actions to choose values of their variables to optimize the cost/utility of the global 

function of the problem (R. Leite, Enembreck, & A. Barthês, 2014). In other words, each 

variable has a finite and discrete domain; each agent has a possible state in order to the 

selected value. Constraints are denoted by a cost or reward relation between a pair of 

variable assignments. Then, DCOP aims to find the optimal solution given a problem 

modeled as a set of constraints. Some well-known DCOP examples are the Distributed 

graph coloring problem or the Distributed multiple knapsack problem (Wikipedia, 2016). 

 

Fig. 8: DCOP Problem example (Yeoh, Felner, & Koenig, 2010). 

Usually, a DCOP is represented as a constraint graph, where the variables are nodes and 

the constraints between variables are the edges. There are several ways to sketch the 

graph depending on how the problem is defined (R. Leite, Enembreck, & A. Barthês, 

2014). The simplest way stablishes binary constraints. In this case, n-ary constraints 

must to be decomposed into binary. Another way is through a factor graph that consists 

on a bipartite graph composed of edges and two disjoint sets of nodes (function and 

variable nodes); such that edges only connect nodes of different sets. Another 

representation is the pseudo-tree graph. A pseudo-tree is a spanning tree whose nodes 

may be connected with another node in a hierarchical way (parents, children, pseudo-

parents and pseudo-children). This representation is used when the solving technic or 

the scenario requires a priority ordering of the agents on the graph. 
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Fig. 9: DCOP Graph representations (R. Leite, Enembreck, & A. Barthês, 2014). 

By definition, an agent has intelligence regarding a specific domain and a local view of 

the problem. In addition, the agent is pro-active and is able to take action autonomously. 

Therefore, the decentralized coordination is the main key in a MAS. On the other hand, 

DCOP algorithms stand out for being distributed, scalable and robust, among other 

features. That said, DCOPs have emerged as a powerful coordination technique in MAS 

due to their ability to find an optimal solution or a good approximation of it as the 

aggregation of distributed constraint cost/utility functions. 

2.1.4.2. DCOP considerations 

DCOP provides a generic framework that can model a large class of real world 

coordination tasks in Multi-Agent System, including sensor networks, human-agent 

coordination, disaster rescue, traffic control, meeting scheduling and wireless network 

configuration, among others (R. Leite, Enembreck, & A. Barthês, 2014) (Jay Modi, Shen, 

Tanbe, & Yokoo, 2005). However, DCOP is not an algorithm itself; just a problem 

formulation. This problem needs efficient solution techniques to successfully apply on it 

and other domains (Chechetka & Sycara, 2006). That said, is mandatory modelling the 
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scenario properly. Secondly, it is needed to look for a reference algorithm that fits the 

problem needs. Finally, the algorithm has to be adapted and deployed over the scenario 

and test it. 

All of these three phases need to be performed carefully and all the decisions must be 

considered inside of the risk assessment. In terms of simulation, it is extremely difficult 

to model every aspect of a real scenario. To do a model capable of being simulated, is 

necessary to create a logical/mathematical model from an upper conceptual model 

created from the real world through abstraction (Robinson, 2004). On the election of 

the algorithm, it is important to find the most appropriate within the extensive literature. 

Then, the strengths and weaknesses have to be contrasted in order to know how can 

affect to the performance. The following sections describe in more detail several DCOP 

algorithms studied, including their classification, concrete features and performance. 

2.1.5.  Human-Agent Collectives 

Jennings et al. assert the impact of the computer systems in the transformation of our 

daily lives and the shaping of the emergence of a new digital society for the 21st century. 

Also, they claim the need to do computers more pro-actively, keeping interactions based 

on user preferences and constraints. With all this, they define a novel concept inside 

Social computing called Human-Agent Collective system. The aim of HACs is to reflect 

this close partnership and the flexible social interaction between humans and 

computers. Human-Agent collectives are defined as a new class of socio-technical 

systems in which humans and agents engage in flexible relationships in order to achieve 

both their individual and collective goals (Jennings et al., 2014). 

HACs promote an interaction to motivate humans to work alongside agents in large, 

dynamic and uncertain environment. To do this, HACs they must satisfy the following 

requirements (Jennings et al., 2014): 
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 Flexible autonomy: which allows agents to sometimes take actions in a 

completely autonomous way without reference to humans; while at other times 

being guided by much closer human involvement. 

 Agile teaming: design and deploy a group or team of agents and humans on an 

ad-hoc basis capable of achieve joint goals and then disband once the 

cooperative action has been successful. 

 Incentive engineering: the reward system must be designed in order to 

encourage participants to take actions with socially desirable outcomes. 

 Accountable information infrastructure: which allows the veracity and accuracy 

of seamlessly-blended human and agent decisions, sensor data, and crowd 

generated content to be confirmed and audited. 

Regarding HACs in disaster response, Jennings et al. expose a real world scenario with 

several organizations, including first responders, humanitarian aid organizations and 

news reporters, as well as locals. A key aim for many of these actors is to assess the 

situation to determine the areas to focus on in the coming days and weeks. To assist in 

this task, several organizations have UAVs that can be used for aerial exploration. 

Further, several locals have installed sensors to monitor the environment in addition, 

many locals use social media platforms in order to help and complete maps of the 

stricken area. (Jennings et al., 2014). 

Due to the problem nature and environment, the execution phase may not go smoothly. 

New higher priority tasks may appear, other planned ones may turn out to be 

unnecessary, new actors and resources may become available or allocated ones may 

disappear. All of these factors involve the human-agent team in an on-going monitoring 

and re-planning endeavor. Moreover, the autonomy relationship between the humans 

and the agents may change during execution. For example, a UAV team is allocated to 

gather imagery from a particular area in an entirely autonomous fashion. Accordingly, 

the task can be done without disturbing the human supervisor until completion unless 

something is unforeseen.  



ETSIINF, UPM 

26 
 

 

Fig. 10: HAC architecture example in Disaster Response (Jennings et al., 2014). 

Unifying the sections already filed, it Is feasible to deploy a powerful, useful and 

profitable HAC as an extra component in a disaster response solution. The human actor 

is comprised of supervisors, planners and info providers. while the computer actor is 

comprised of a smart UAV team made through a MAS. In turn, the UAV intelligence can 

be developed through a task allocation algorithm plus human-agent interaction. That 

algorithm need to be distributed (in terms of UAV team), flexible and capable of react 

quickly and coherently to user commands.  

2.1.6. Human-UAV Communication 

The UAV, commonly known as drones, are aircrafts without a human pilot aboard. The 

flight of UAVs may operate with various degrees of autonomy; either under control by 

a human operator or a computer. Also there are different ways of command decision, 
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either onboard or remotely (Wikipedia, 2016). Currently, DRONET is supporting drones 

powered by the PIXHAWK board (PIXHAWK, 2016). The PIXHAWK board is a high-

performance autopilot-module used to power any robotic platform that can move, in 

particular different types of drones. However, by using a strategy design pattern, 

DRONET defines an interface aimed to support different types of drones (boards). 

Therefore, to support a new drone board, one just needs to do a concrete 

implementation of the DRONET interface with the specific board API. 

 

Fig. 11: Drone controller strategy design pattern. 

The PIXHAWK board is a framework to communicate the UAV fleet with the human team. 

Therefore, it aims to be the communication channel between drones and users instead 

of one-way command passing. This allows a richer conversation. For example, providing 

information on telemetry, identifying objects, streaming, assignment and so on. In 

addition, the PIXHAWK board allows to abstract the peculiarities of each drone and 

provide a common layer of interaction. Thus, a heterogeneous drone team can be 

deployed without considering each and every drone manufacturer. 

2.2. Algorithms 

In this section several studied algorithms are described. These are used in different 

approaches of Multi-Agent systems. It is important to note that only the most relevant 

algorithms are described. During the realization of this thesis it has conducted a 

thorough study of all related MAS and Task Allocation algorithms. The exposed ones 

herein refer to the best candidates. 
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2.2.1. Agent Negotiation 

As a key part of Multi-Agent interaction, agent negotiation deals with the classic game 

theory question in a multi-agent encounter: What is the most rational thing an agent 

can do. The solution is not an algorithm itself, but a set of techniques, criteria and 

strategies to define and set agent encounters. Having said that, the agent negotiation 

can be deployed according to different design phases: preferences, encounter scenario 

and decision strategy (Hernández, 2015). 

2.2.1.1. Preferences design 

The preferences design phase aims to describe mathematically (and later 

programmatically) the different interests, objectives and states of the agents. In brief 

lines, agents have a set of outcomes or states that agents have preferences over. On the 

other hand, the preferences are captured as utility or cost functions, depending on 

whether the goal is to maximize or minimize. The utility/cost function takes the agent 

data, including its own parameters and the known state of the environment. Then, the 

utility/cost function leads to preference orderings over outcomes. Finally, the possible 

future state of the agent is weakly/strongly preferred over the next one if its utility is 

less/more than the last one (Hernández, 2015).  

 

Fig. 12: Brief sketch of agent preferences design (Hernández, 2015). 

About the utility function, it is important to emphasize the necessity of a proper 

modeling. The function must take into account the variables involved in the problem. 
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Moreover, they must be duly proven, adjusted and balanced in terms of their impact on 

the model. In addition, the utility concept is highly compatible and fits perfectly with the 

utility function concept described in DCOP Algorithms. The referenced literature 

exposes different utility functions deeply studied according to specific scenarios. Delle 

Fave et al. deploy an UAV negotiation through agents using a “task utility function” 

where the different variables represent parameters such as timestamp, distance, 

priority, and urgency, among others (Delle Fave, Rogers, Z., Sukkarieh, & Jennings, 2012). 

Scerri et al. design the utility function for extreme teams by grouping the variables in 

two different sub-functions called capability and resource functions (Scerri, Farinelli, 

Okamoto, & Tambe, 2005). Macarthur et al. design an utility function considering agents 

coalitions: agents capable to perform the same objective task in collaboration (S. 

Macarthur, Stranders, D. Ramchurn, & R. Jennings, 2011). 

2.2.1.2. Encounter scenario design 

It is mandatory to design a model of the environment in which agents can act. Essentially, 

agents choose actions to perform asynchronously. The result is an outcome of each 

action; resulting the current outcome from the combination of all actions. Then, the 

global environment behavior is given by the state transformer function generated by all 

implied agent actions. Given the different agents that can influence the global outcome 

through actions, it is needed to design a scenario that confronts the different 

preferences of each agent in order to set the encounters and the negotiation 

(Hernández, 2015).  
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Fig. 13: Example of encounter scenario (Hernández, 2015). 

In other words, this phase aims to deploy the agent interaction scenario. In terms of 

distributed optimization, this phase establishes the constraints between agents. The 

interaction/constraint scheme has a significant impact in the performance of the 

solution to develop. This scheme is summarized in communication between agents. As 

stated in previous sections, it should be taken into account the size of communication 

and its scalability for avoiding communication burden and unavailing interaction. 

Remembering references and adding others, examples of communication strategies can 

be the following: measuring of the communication utility (Delle Fave, Rogers, Z., 

Sukkarieh, & Jennings, 2012), defining thresholds (Scerri, Farinelli, Okamoto, & Tambe, 

2005), deploying search trees (Jay Modi, Shen, Tanbe, & Yokoo, 2005), pruning by 

proximity (S. Macarthur, Stranders, D. Ramchurn, & R. Jennings, 2011), and so on. Some 

of these encounter strategies are included within the decision strategies. This can be 

profitable if the minimization of exchanged messages is desired. 
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2.2.1.3. Decision strategy design 

Given a particular multi-agent encounter, the question that agents involved want 

answered is what should they do. In other words, how the agents negotiate the actions 

according to the best common outcome. To do this, it is important to determine which 

features are desirable for the negotiation. Several properties are the following 

(Hernández, 2015): 

 Optimal guarantee: Agreement is certain to be reached. 

 Pareto efficiency: There is no other agreement which increases the utility of one 

agent while not decreases the utility of the another one. 

 Individual rationality: The agreement should offer at least as much utility as not 

participating in the protocol. 

 Stability: The strategy converges to a final global state. 

 Verifiability: It should be verifiable that agents follow the rules. 

The most well-known mechanisms used in order to reach this features are related with 

game theory such as Dominant strategies, Nash equilibria or Pareto efficiency. 

Nevertheless, this approach has several limitations. Sometimes, the properties of 

equilibrium or optimal solutions can be highly complex to develop, so agent-based 

algorithms do not include these features. In addition, game theoretic solutions are 

usually exponential complex because the computational aspects of the solution are not 

considered (Hernández, 2015). Having said that, several algorithms adopts heuristics to 

overcome these limitations. For instance, using simplifying assumptions about the 

negotiation problem, making it more specific to particular domains. Another option is 

devising approximate solutions without guarantees of optimality. 

On the other hand, the strategy needs a domain. The domain defines the negotiation 

context and the objectives of it. Hernández establishes the following domains in 

hierarchical order from lowest to highest context. (Hernández, 2015): 
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 Task Oriented Domains (TOD): Agents have tasks to achieve. The object of 

negotiation is the task allocation. 

 State Oriented Domains (SOD): Agents look for an acceptable final state. The 

object of negotiation is to deploy a plan or schedule. Includes TOD. 

 Worth Oriented Domains (WOD): Agents look for the acceptability of all states. 

The object of negotiation is a joint plan, schedules and goal relaxation. Includes 

SOD and TOD. 

As can be seen, a TOD fits properly with the context of DCOP strategies in terms of task 

allocation. Then, this phase can be summarized to find and/or design a DCOP algorithm 

according to the posed agent preferences and the designed scenario. 

2.2.2. Search Tree Algorithms 

In computer science, Search tree algorithms retrieve information stored within tree data 

structures. They are used to solve a wide variety of combinatorial optimization problems 

(Rao Vempaty, Kumar, & E. Korf, 1991). The solution space of DCOP problems can be 

visualized with search trees. Traditional search trees assign values to agents sequentially. 

The most traditional search tree is the AND/OR tree, where their depth is bounded by 

twice the number of agents (Yeoh, Felner, & Koenig, 2010). 

 

Fig. 14: Example of AND/OR search tree (Yeoh, Felner, & Koenig, 2010). 

The figure 14 shows a search tree given a constraint graph (Yeoh, Felner, & Koenig, 2010). 

The graph can represent the agent interactions in a MAS, i.e., the constraints in a DCOP. 

Then, the search algorithm needs to select a root node and transform the graph from 
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cyclic to acyclic for avoiding loops. In the example the selected one is the agent 1. 

Depending of the algorithm, several edges can be pruned and the pseudo-graph or 

AND/OR tree is generated. The AND nodes correspond to the partial solutions from the 

root node to those nodes. Consequently, the AND leaf nodes correspond to final 

solutions.  

Essentially, the search tree algorithms consist of a set of heuristic rules to search through 

the graph and find the most optimal solution (Rao Vempaty, Kumar, & E. Korf, 1991). 

The algorithms differ basically in how the tree is traveled. Usually, current DCOP solving 

literature includes tree search algorithms such as branch-and-bound (Yeoh, Felner, & 

Koenig, 2010) and best-first (Jay Modi, Shen, Tanbe, & Yokoo, 2005) (R. Leite, Enembreck, 

& A. Barthês, 2014). These algorithms are introduced in the following sections. 

2.2.3. Task Allocation Algorithms 

DCOP algorithms can be classified into several categories, according to the feature 

criteria. Overall, the referenced literature considers three main classifications: 

 Complete/Incomplete: The concept determines whether the algorithm provides 

the optimal solution. Usually, complete algorithms have worse performance 

facing dynamic and decentralized environments. On the other hand, non-optimal 

algorithms provide approximate but fast solutions (R. Leite, Enembreck, & A. 

Barthês, 2014). 

 Centralized/Decentralized: A centralized algorithm implies that the problem is 

solved from a single computation node. Then, this node will broadcast the 

allocation to the whole team. The opposite concept states that there is no main 

entity that coordinates the environment. Consequently, each entity aims to 

perform its objectives by itself (Petcu, 2007). 

 Synchronous/Asynchronous: The concept measures the grade of 

interdependence between agents at the time of making decisions and actions. 

Macarthur et al. assert that DCOPs can be solved quickly if the agents can act 



ETSIINF, UPM 

34 
 

independently without having to wait for other agents (S. Macarthur, Stranders, 

D. Ramchurn, & R. Jennings, 2011). 

 Quality/Non-quality guarantee: The concept determines whether the algorithm 

guarantees a solution, independently of its initial state or conditions. 

Yeoh et al. proposed a taxonomy for DCOP algorithms with categories referred to 

strategy criteria (Yeoh, Felner, & Koenig, 2010). The taxonomy classifies algorithms 

hierarchically based on the features they provide. As disclosed in figure 15, DCOP 

algorithms are classified in complete or incomplete algorithms (Quality/Non-quality 

guarantee), followed by centralization or decentralization, synchronous or 

asynchronous, and quality guarantee. 

 

Fig. 15: DCOP algorithm classification and examples (R. Leite, Enembreck, & A. Barthês, 
2014). 

Given this classification, it is more feasible to conduct a deep research in order to make 

an appraisal and comparison of which algorithms could be the best candidates for the 

solution. 

2.3. Involved Technologies 

In this section the used technologies, standards and programming languages are shown. 
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2.3.1. Languages 

2.3.1.1. Java 

Created by James Gosling of Sun Microsystems, acquired by Oracle and published in 

1995, Java is a programming language for general purpose, concurrent, object-oriented 

and class-based that was specifically designed to have as few implementation 

dependencies as possible. The "Write once, run anywhere" motto or WORA means that 

the code is executed on a platform to be recompiled not have to run on another. The 

objective is to abstract the operating system from the development. To do this, the 

compiled source code generates and intermediate code called “bytecode”. The 

bytecode is executed in a Java Virtual Machine or JVM which translates it to the OS 

language (Oracle, 2015). 

 

Fig. 16: Java platform architecture (Oracle, 2015). 

2.3.1.2. JavaScript 

JavaScript or JS, dialect of ECMAScript standard (ECMA, 2016), is a lightweight, 

interpreted, object-oriented language with first-class functions, and is best known as the 

scripting language for Web pages, but it's used in many non-browser environments as 
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well. It is a prototype-based, multi-paradigm scripting language that is dynamic, and 

supports object-oriented, imperative, and functional programming styles (Mozzila, 

2015). 

 

Fig. 17: JSP sample code embedded on HTML. 

JavaScript runs on the client side of the web, which can be used to develop how the web 

pages behave on the occurrence of an event. JavaScript is a powerful scripting language, 

widely used for controlling web page behavior. JS can function as both a procedural and 

an object oriented language. Objects are created programmatically in JavaScript, by 

attaching methods and properties to otherwise empty objects at runtime (Mozzila, 

2015). 

2.3.2. Standards 

2.3.2.1. HTML 

HTML or Hyper Text Markup Language, standardized by the W3C, is the language of Web 

par excellence. Created by Tim Berners-Lee in 1986, he took two existing tools: the 

concept of hypertext or link, which connects two elements to each other, and the 

General Standard Markup Language or GSML, used to place labels or marks on a text. 

HTML is not exactly a programming language, but a labelling system. There is no HTML 

compiler, only interpreters such as web browsers. So, any syntax error cannot be 
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detected and it will be shown in the manner in which the interpreter would understand 

(W3C, 2008). 

 

Fig. 18: HTML code example. 

The HTML development philosophy is based on referencing. To add an external element, 

(image, video, script, file and so on), a reference to the item location must be performed 

through text. The web page contains only text while the web browser parses the code, 

ties it all together and shows the final page. 

2.3.2.2. FIPA 

The Foundation for Intelligent Physical Agents or FIPA is an IEEE Computer Society 

standards organization that promotes agent-based technology and the interoperability 

of its standards with other technologies. FIPA specifications represent a collection of 

standards which are intended to promote the interoperation of heterogeneous agents 

and the services that they can represent. In 2002, FIPA completed a process of 

standardizing a subset of all its specifications. The complete set of specifications 

including the ones that did not or have not yet made it to standardization can be viewed 

in terms of different categories (FIPA, 2016):  

 Agent communication, transport, and management. 
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 Abstract architecture. 

 Applications. 

Of these categories, agent communication is the core category at the heart of the FIPA 

multi-agent system model. FIPA Agent Communication specifications deal with Agent 

Communication Language (ACL) messages, message exchange interaction protocols, 

speech act theory-based communicative acts and content language representations 

(FIPA, 2016). 

 

Fig. 19: Components of an ACL Message (FIPA, 2016). 

2.3.3. Frameworks and APIs 

2.3.3.1. JADE 

JADE (Java Agent DEvelopment Framework) is a software Framework fully implemented 

in the Java language. It simplifies the implementation of MASs through a middleware 

that complies with the FIPA specifications and through a set of graphical tools that 

support the debugging and deployment phases. A JADE based system can be distributed 

across machines (which not even need to share the same OS) and the configuration can 

be controlled via a remote GUI (Telecom Italia SpA, 2016). JADE includes an execution 

environment for agents, class library for agents’ creation through heredity and behavior 

redefinition and a set of graphic tools for agent environment monitoring and managing. 

Essentially, a JADE based system is comprised of a JADE platform, a set of containers and 

the agent communication channel. The JADE platform follows the FIPA standards for 

agent executions; and can run in one or several JVM as different containers. The 
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container is a single instance of the execution environment, where agents can execute 

and exchange messages. Finally, the ACC is the software responsible for managing 

message passing. In addition, always there is a main container with 2 special agents: The 

Agent Management System agent and the Directory Facilitator agent. The AMS manages 

the naming service, ensuring that each agent has a unique name. The DF provides a 

yellow page service for registering and looking for agents that offer some functionality. 

 

Fig. 20: JADE platform example. 

JADE is an extremely powerful framework to deploy Multi-Agent Systems. It provides 

the agent abstraction, a simple but powerful task execution and composition model, a 

peer-to-peer asynchronous agent communication, a yellow page service supporting 

publish subscribe discovery mechanism and many other advanced features that 

facilitates the development in a distributed environment. 
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2.3.3.2. Google Maps API 

Google Maps is a desktop web mapping service developed by Google and launched in 

June 2005 to allow developers to integrate Google Maps into their websites (Google, 

2016). It offers satellite imagery, street maps, 360° panoramic views of streets, real-time 

traffic conditions, and route planning for traveling in many means of travel such as foot, 

car, bicycle, or public transportation. The API enables to embed Google Maps site into 

an external website, on to which site specific data can be overlaid. Currently, the Maps 

API was expanded from JavaScript to more environments such as Android or iOS (Google 

Developers, 2016). 

 

Fig. 21: Google Maps API JS code sample. 

The Maps API enables to add objects into the map such as points, lines, areas, or 

collections of objects, among others. The Google Maps JavaScript API calls these objects 

overlays. Overlays are tied to geographical coordinates (latitude and longitude) and they 

move when the map is zoomed or dragged. The API has several types of overlays that 

can be added programmatically: 

 Single locations or markers.  

 Info windows. 

 Polylines and polygons. 
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 Circles and rectangles. 

 Custom overlays and map layers. 

Having said that, the API enables to represent different elements such as UAVs, tasks, 

paths, and terrain conditions, among others. With all this, the Google Maps API is a 

suitable tool for representing task allocation scenarios. 

2.3.3.3. SmartFoxServer 

SmartFoxServer is a multi-platform client/server SDK designed to integrate with the 

major online web and mobile technologies; providing multiuser systems such as real-

time multiplayer games, virtual communities, and MMOs, among others (gotoAndPlay(), 

2012). The SDK is based on a custom high-performance and scalable architecture, 

including cloud integration. Currently, DRONET Silver platform is deployed on a 

SmartFox solution providing the User-UAV ecosystem. 

The SmartFoxServer architecture resembles the multiple instances architecture of the 

most network-based services. In network-based services case, one or more load 

balancers are exposed as the main entry point for the website which in turn will find a 

free web server inside the array and direct the user request to that machine. At this 

point the content is generated by the application server and delivered to the client. In 

SmartFoxServer case, the difference is persistent connections are used instead of 

open/close type connections. Thus, the server provides a huge performance in response 

times by minimizing the lag between client and server (Lapi, 2012). 
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Fig. 22: SmartFox location-based service deployment (Lapi, 2012). 

A SmartFox solution enables users and systems to work cooperatively in a concurrent, 

scalable and distributed environment. Thus, SmartFoxServer is a useful tool for human-

agent collective deployment in an effective and agile way.   
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3. RESEARCH 

The following section describes the study and analysis of the refereed literature, 

including the research of requirements, considerations and the risk assessments related 

to them. As a brief introduction, the research phase is composed of two approaches or 

scopes: User interaction and Task allocation. The user interaction approach covers the 

user analysis and the context of use according to the user-centered design. The task 

allocation approach covers the research of DCOP algorithms, including strengths and 

weaknesses, comparisons, and usefulness. 

3.1. User interaction research 

The current status of the project includes a series of implications to consider. Firstly, the 

project is in an early phase of research and development, very flexible in terms of 

requirements, features and main objectives. In fact, it has been already performed some 

research and development of first interfaces, server and drone team simulator. Now, it 

is aimed to include advanced features to give support to users during their work with 

the system. For instance, automated drone flight, image recognition through deep 

learning and automated task allocation, inter alia. Nevertheless, it is mandatory to justify 

the usefulness to user interaction. Having said that, it is needed to recognize the context 

of use, design an improvement of the user experience based on the new features and 

analyze their impact.  

3.1.1. Context of use 

In terms of disaster response with UAVs, there are related work for understanding the 

user context, his tasks and objectives, and how user works in their usual environment. 

These solutions are focused in different scopes such as academic (ORCHID, 2016), 

industrial (ArduPilot, 2016) or commercial (DJI, 2016). All these solutions have some 

implications in common, regarding user context. Users work with these applications in 

order to plan actions with UAVs and other teams. In addition, users collect information 

such as imagery, video, temperature, and so on. Figure 23 shows an example of 

command interface. The user creates tasks, including waypoints, shapes and actions to 
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perform. Then, tasks are allocated to drones. In addition, user supervises and manages 

the whole UAV team, obtaining its feedback and telemetry, among others. 

 

Fig. 23: ORCHID Silver command interface (ORCHID, 2016). 

This context of use raises a number of issues. For example, if there are limitations on 

user performance under certain circumstances such as a large number of drones or tasks. 

If the answer is affirmative, what is that threshold and how it can be mitigated. 

Experiments have been conducted to solve these questions. Cummings et al. have 

investigated the impact of team structure and task uncertainty on team coordination 

and performance in human-agent teams (Gao, Cummings, & Solovey, 2015). Ramchurn 

et al. have contrasted the user workload and performance between manual task 

allocation and automated task allocation (Ramchurn et al., 2015). 

With all this, the incorporation of these technologies can be justified if a positive impact 

on user performance is demonstrated. 

3.1.2. Current interface 

The Silver interface (Fig. 24) is comprised of three main components: map, drone team 

info and drone feedback. The map shows the strategic layer of the drone team, including 

drone and task locations, task paths and unknown events. The drone team info 
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component shows the state of each drone, including current allocation and telemetry. 

The drone camera component provides a video streaming for event recognition. 

 

Fig. 24: DRONET Silver interface. 

Currently, the map and drone camera are simulations through Google Maps API. This is 

because it is intended to study the usefulness of the components before 

implementation. In fact, it is intended to analyze how user performance is affected in 

different contexts. To do this, the following user experiment was conducted. 

3.1.3. Experiment and results 

The experiment has been designed jointly by the DRONET team and directed by Prof. 

Prendinger. The experiment aims to compare two different methods for disaster 

monitoring using UAVs: 

 Two operators’ method (2O): This method is composed of two operators. The 

planner operator plans and supervises the drone team. The camera operator 

manages the streaming of all drones and notifies the recognized events manually. 

This method includes two separate interfaces for each operator. 

 One operator + deep learning method (1O+DL): This method is composed of 

only one operator. This operator only needs to plan and supervise while a 
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simulated deep learning solution notifies him the recognized events 

automatically. 

In addition, the experiment is designed to compare two different conditions: 

 Little set of events (-E): 12 events. 

 Many events (+E): 20 events. 

Having defined the scenario, a series of hypotheses were established: 

 H1: When there are more events, 1O+DL method will have higher percentage of 

targets found than 2O method. 

 H2: 1O+DL method has overall less workload than 2O method. 

 H3: When there are more targets, 1O+DL method has higher speed than 2O 

method. 

The experiment is designed to be a 2x2 matrix scenario as a combination of both 

methods with both conditions. The participants are aimed to find as many targets as 

they can. The targets are distributed on the same local map over time. All scenarios have 

three different drones that can be controlled asynchronously. For data collection, the 

following metrics are used: 

 Number of actual targets found by participants. 

 Time between a report is shown up and a target is confirmed. 

 Number of clicks as an objective measurement of workload. 

 NASA TLX questionnaire as a subjective measure of workload (NASA, 2016). 

A repeated measures ANOVA test revealed a significant effect on workload (Fig. 25). 

Concretely, on NASA-TLX mental demand (F=7.47, p<0.02, eta squared=0.38) and 

number of clicks (F=16.448, p<0.002, eta squared=0.578). 
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Fig. 25: Means of NASA-TLX Mental Demand (Planner Operator) and number of clicks. 

The data analysis proved the hypothesis H2 while failed to prove H1 and H3. Both 

methods showed no different impact during user planning. Nevertheless, the workload 

improvement has been amply demonstrated. Having said that, the implementation of 

technologies that provide support to users in terms of planning and teamwork is 

warranted. 

3.2. Task allocation research 

The literature on automated task allocation, although novel, is quite extensive. Given 

the time available and planned milestones, not all solutions can be studied. For an 

effective research, it can be focused according to the features that satisfy the 

requirements of the solution. Then, the best candidates are compared in terms of their 

strengths and weaknesses. The aim of this phase is not strictly to find an algorithm. A 

valid proposal can be a novel algorithm from an existing one. Another valid proposal can 

be a combination and/or adaptation of various algorithms, in a way that weaknesses can 

be mitigated. 

3.2.1. Features and requirements 

The DRONET team has identified a number of requirements for the solution to 

investigate. Although not all are mandatory, these have been classified in order of 

priority: 
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1. Drones should decide jointly which task each one must complete in order to 

minimize used resources. 

2. The Drone team should respond properly against anytime events such as drone 

dropouts, new drones and new tasks. 

3. The Drone team should maximize the number of completed high priority tasks. 

4. The Drone team should minimize the amount of messages. 

5. The Drone team should allocate tasks as fast as possible. 

Given this set of requirements, the following step is look for the features that suits it. To 

do that, the classification of DCOP algorithms designed by Yeoh et al. can be used as a 

reference (Fig. 15). In addition, another features out of the taxonomy have been 

extracted from the literature with the purpose of enrich the research phase: 

 Complete: The algorithm guarantees the best solution (Yeoh, Felner, & Koenig, 

2010). 

 Asynchronous: DCOPs can be solved quickly if the agents can act independently 

without having to wait for other agents (Petcu, 2007). 

 Decentralized: There is no a main agent that coordinates the team (Petcu, 2007). 

 Quality guarantee: The algorithm guarantees a valid solution, regardless of the 

initial state of the scenario (R. Leite, Enembreck, & A. Barthês, 2014). 

 Memory-Bounded: The algorithm considers each agent as a SoC (System-on-a-

chip) with limited resources. Given this premise, the algorithm is designed to 

minimize the agent computation (Yeoh, Felner, & Koenig, 2010). 

 Communication size: The algorithm minimizes the amount of messages between 

the agents in order to avoid communication bottlenecks (Petcu & Faltings, 2005). 

 Changeability and adaptability: The algorithm reacts quickly and appropriately 

in a dynamic environment (Davidsson, Persson, & Holmgren, 2007). 

 Self-Stabilizing: The algorithm must be able to converge from any arbitrary 

configuration to a stable state where the predicate is satisfied. In other words, 
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the algorithm is capable of auto-healing from risk states, such as agent dropouts 

or system restarting (W. Dijkstra, 1974). 

 Anytime: The algorithm can return a consistent solution even if it is interrupted 

at any time and provides a built-in fault-tolerance features (S. Macarthur, 

Stranders, D. Ramchurn, & R. Jennings, 2011). 

As with the requirements, not all features are equally important. Anyway, it is 

interesting to take them into account for future project iterations. 

3.2.2. Candidate algorithms 

The current section shows the selected candidates. The selection has been performed 

according to the best fit to the requirements and features defined above. 

3.2.2.1. BnB-ADOPT 

Modi et al. created ADOPT (Asynchronous Distributed Constraint OPTimization) as a 

complete, decentralized and asynchronous DCOP algorithm (Jay Modi, Shen, Tanbe, & 

Yokoo, 2005). ADOPT includes a best-first search algorithm. Essentially, Best-first search 

(BFS) consists of backtracking strategy. BFS is a search tree algorithm that expands nodes 

in non-decreasing order of cost. BFS repeatedly searches for the next best partial 

solution until it finds a cost-minimal solution. Then, the next best partial solution is the 

cost-minimal partial solution among all partial solutions that have not yet been found 

(Rao Vempaty, Kumar, & E. Korf, 1991).  

The main problem of ADOPT is its computational requirement. BFS expands the 

minimum number of nodes necessary to find an optimal solution, up to prune the edge 

among nodes whose cost equals the goal cost. However, the storage requirement of BFS 

is linear in the number of nodes expanded (Rao Vempaty, Kumar, & E. Korf, 1991). In 

addition, BFS needs to repeatedly reconstruct partial solutions that they purged from 

memory. As a result, even for moderately difficult problems, BFS runs out of memory 

rapidly. 
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For solving this, Yeoh et al. introduce BnB-ADOPT (Branch-and-bound ADOPT) as a novel 

memory-bounded asynchronous DCOP algorithm. The difference lies in the use of 

depth-first branch-and-bound (DFBB) search algorithm instead of BFS (Yeoh, Felner, & 

Koenig, 2010).  

DFBB starts with an upper bound on the cost of an optimal solution, and then searches 

the entire space in a depth-first fashion. Whenever a new solution is found whose cost 

is lower than the best one found so far, the upper bound is revised to the cost of this 

new solution. As long as a partial solution is encountered whose cost equals or exceeds 

the current bound, it is eliminated. DFBB and BFS are complementary to each other. In 

terms of computation, DFBB can expand more nodes than BFS (exactly once). However, 

the node expansion in BFS is costlier than the optimal solution cost (Yeoh, Felner, & 

Koenig, 2010). Summarizing, the use of depth-first in DFBB implies low memory 

requirements and provides faster node expansion rate that BFS. Considering this, BnB-

ADOPT is well-suited to a distributed scenario with memory-bounded systems, such as 

a UAV team. 

ADOPT and BnB-ADOPT aim to propagate their respective search algorithms through the 

agent network. To do that, an AND/OR search tree is created from the agent graph (Fig. 

26). A root node is selected; then it propagates the hierarchy, where its immediate 

neighbors are the next level of the pseudo-tree and so on. Also, the pseudo-tree 

construction includes the pruning of edges to eliminate loops. Once agents are ordered 

in a pseudo-tree, they choose values concurrently and initiate the search algorithm.  
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Fig. 26: ADOPT communication graph example (Jay Modi, Shen, Tanbe, & Yokoo, 2005). 

The algorithm has the following message passing for tree generation and spreading of 

values (Fig. 26): 

 THRESHOLD messages: These messages are sent from parent nodes to child 

nodes. THRESHOLD messages are used to reduce redundant search. 
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 COST messages: These messages are sent from child nodes to its immediate 

parent. COST messages sends the agent’ cost given the set of value assignments 

of its parent. 

 VALUE messages: These messages are sent from parent nodes to child nodes. 

VALUE messages sends the value assignments to estimate this associated cost in 

each agent. 

3.2.2.2. S-DPOP 

DPOP (Dynamic Programming Optimization Protocol) was introduced by Petcu and 

Faltings in 2005 as a complete and synchronous DCOP algorithm that generates only a 

linear number of messages. DPOP algorithm runs in 3 phases (Petcu & Faltings, 2005): 

1. DFS pseudo-tree generation phase: As ADOPT, a pseudo-tree is performed using 

DFS. The obtained pseudo-tree serves as a hierarchical communication structure 

for the other phases. 

2. UTIL propagation phase: This is a bottom-up process, which starts from the 

leaves and propagates upwards only through tree edges. In this process, the 

agents send UTIL messages to their parents. These messages summarize the cost 

of the agent and its whole subtree on the rest of the problem. 

3. VALUE propagation phase: This is a top-down process, which starts from the 

root agent. Each agent determines its optimal value based on the computation 

from phase 2 and the VALUE message it has received from its parent. Then, it 

sends this value to its children through VALUE messages. 

Figure 27 shows a simple problem and how it is resolved with DPOP since UTIL 

propagation phase. The agents X2 and X3 (leaves) project out of their relationships with 

X1 (parent agent). Then, X1 joins the messages with its relationship with X0 (root agent). 

Finally, X1 projects itself out and sends the result to X0. Finally, X0 starts the VALUE 

propagation phase, sending a VALUE message to its child. The process continues with X1 

sending VALUE messages and so on.  
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Fig. 27: DPOP message flow example (Petcu, 2007). 

S-DPOP consists of a DPOP algorithm with a self-stabilizing mechanism. Petcu and 

Faltings introduces S-DPOP as a super-stabilizing algorithm, in the sense that while 

transiting from one stable state to the next, the system preserves the assignments from 

the previous optimal state, until the new optimal solution is found. In addition, S-DPOP 

provides a fast response time against low impact failures (Petcu & Faltings, 2005).  

To do this, S-DPOP incorporates a self-stabilizing technique in the DFS pseudo-tree 

generation phase. The technique consists of maintain a public register of each node with 

its shortest path to the root. Every node has its own register. Reading the neighbors’ 

registers and comparing them allows them to rebuild the pseudo-tree. Moreover, this 

phase is reactivated whenever any node detects a change in the problem topology such 

as dropouts, additions or removals of agents or relationships. 

3.2.2.3. BnB-FMS 

The Max-Sum family is a member of the Generalized Distributive Law or GDL family, 

which also includes algorithms such as sum-product and max-product, inter alia (Aji & 

McEliece, 2000). Max-sum represents the scenario as a factor graph comprised of 
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variable nodes and function nodes. The graph is bipartite and the edges joins exactly 

one variable node to exactly one function node. The factor graph has a set of variables 

which take values from a set of discrete domains (Fig. 28). The graph also has a set of 

functions where each function with an assigned variable denotes the value for a possible 

assignment of the parameters. Given this, max-sum aims to find the state of each 

variable which maximizes the sum of all functions of the environment (Delle Fave, 

Rogers, Z., Sukkarieh, & Jennings, 2012). 

 

 

 

Fig. 28: Max-sum scenario. 

Max-sum agent communication is composed of two types of messages: 

variable/function messages and function/variable messages. Basically, these messages 

contain sets of values (one for each possible variable assignment) representing the 

global utility for each possible value of each variable. During propagation of these 

messages, agents assign values to variables by maximizing the sum over all variable state 

utilities. To do this, each agent calculates locally its marginal function from the messages 

received. Thus, max-sum finds the global solution through only local communication 

(Delle Fave, Rogers, Z., Sukkarieh, & Jennings, 2012). 

Branch-and-bound fast-max-sum algorithm or BnB FMS extends the standard max-sum 

in three main ways. First, the algorithm includes an additional preprocessing phase of 

domain pruning, which removes unnecessary edges which never lead to the optimal 

solution. Second, BnB (DFBB) is used when each function node computes its messages, 

in order to prune those combinations from the search space that will not be chosen. 

Third, if the factor graph is altered, agents are able to send messages to its other 

connected factors. This set of techniques provides stability over time and reduce the 
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message exchanging and domain size (S. Macarthur, Stranders, D. Ramchurn, & R. 

Jennings, 2011). 

3.2.2.4. MCP-Zeuthen 

MCP-Zeuthen is an agent negotiation strategy based on Monotonic Concession Protocol 

and Zeuthen strategy. MCP describes the process and rules that enable agents to 

converge to an agreement on a single deal (Hernández, 2015). Zeuthen strategy enables 

to measure the risk and proposes its balance for each agent during negotiation 

(Rosenschein & Zlotkin, 1994). 

Essentially, MCP describes the negotiation in rounds. In each round agents make 

simultaneous proposals from a set of possible deals or negotiation set. In the first round, 

each agent is free to make any proposal. In subsequent rounds, each agent must choose 

between make a concession and propose a new preferable deal to the other agent or 

refuse to make the concession and keep the proposal. The final agreement is reached if 

one agent proposes an agreement that is, at least, as good for the other agent as its own 

proposal. A conflict arises when neither agent makes a concession. In this case the 

negotiation terminates (Hernández, 2015). 

 

Fig. 29: Zeuthen risk measurement (Rosenschein & Zlotkin, 1994). 

Zeuthen provides the risk measurement and the concession rules (Fig. 29). Basically, the 

strategy determines the agent with lower will to risk is who should concede. This is 

because if the utility difference between the agent proposal and the conflict deal is low, 

it will be more willing to risk conflict. Agents should make the smallest concession 

necessary to change the balance of risk on next round, in order to ensure that the other 

agent will concede in the next round (Rosenschein & Zlotkin, 1994).  
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MCP-Zeuthen strategy is fully decentralized with no single point of failure and 

asynchronous in terms of negotiation pairs. In addition, agent negotiation guarantees 

Nash equilibria; including Pareto optimal if the agreement is reached. 

3.2.3. Appraisal and comparison 

Given these candidates described above, their strengths and weaknesses must be 

compared according to the requirements; in order to select the best algorithm or the 

best composition of several. This section shows briefly the appraisal of each candidate 

(table 2) and its comparison (table 3): 

Appraisal of candidate algorithms 
Pros Cons 

BnB-ADOPT 
 Asynchronous 
 Optimal solution 

guarantee 
 BnB  low 

communication size. 

 The algorithm needs to be rerun if there is a domain 
modification or an error  lack of stabilization, 
anytime and changeability. 

S-DPOP 
 Asynchronous 
 Optimal solution 

guarantee 
 Self-stabilization 

 Not fully decentralized: need to ascertain a root node 
 single point of failure. 

 Messages can grow very large with the number edges 
in the pseudo-tree  Communication burden 

 Self-stabilization feature based on phase restarting  
not totally anytime and poor changeability. 

BnB-FMS 
 Totally decentralized 
 Asynchronous 
 Pruning + BnB  low 

communication size. 
 Anytime algorithm 
 Scalable 

 No guarantee of social welfare. 
 Focused on agent coalitions (one-to-many allocation). 

MCP-Zeuthen 
 Asynchronous 
 Totally decentralized 
 Anytime algorithm 
 Scalable 

 No guarantee of social welfare. 
 Not a DCOP algorithm 
 Negotiations must be performed in pairs  

Communication burden and possibility of starvation. 

Table 2: Appraisal of candidate algorithms. 
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The following table shows a brief comparison of the candidates, according to the 

features defined above. Double tick (✓✓✓) represents a complete deployment of the 

feature. Single tick (✓) represents a partial deployment or doubtful performance under 

certain circumstances. Cross (✘) represents a lack of the feature. 

Features BnB-ADOPT S-DPOP BnB-FMS MCP-Zeuthen 

Complete ✓✓ ✓✓ ✓ ✓ 
Asynchronous  ✓✓ ✓✓ ✓✓ ✓✓ 
Decentralized ✓✓ ✓ ✓✓ ✓✓ 
Memory-Bounded ✓✓ ✓✓ ✓✓ ✓✓ 
Quality guarantee ✓✓  ✓✓  ✓✓  ✓✓  
Communication size ✓ ✓ ✓ ✘ 
Changeability & Adaptability ✘ ✓ ✓ ✓✓ 
Self-Stabilizing ✘ ✓ ✓✓ ✓✓ 
Anytime ✘ ✓ ✓✓ ✓ 

 Table 3: Comparison of candidate algorithms. 

According to the requirements described above, BnB-ADOPT and MCP-Zeuthen have 

been discarded. Regarding BnB-ADOPT, the algorithm is unable of reacting to domain 

changes without compromising the entire computation. In addition, the communication 

size is still higher than S-DPOP and BnB-FMS. In terms of dynamic environments, these 

set of weaknesses may pose a risk that cannot be assumed. Regarding MCP-Zeuthen, 

the mayor issue is communication technique. Although it is a very powerful algorithm in 

a matter of decentralization and stability, it is computationally expensive and 

negotiations can require many rounds. 

Regarding S-DPOP, it is not fully decentralized. Whatever the reason that involves a 

domain modification, the algorithm needs to rerun from the 1st phase, which involves 

all agents in the domain. Nevertheless, agents in BnB-FMS do not need to know the 

overall context of the problem. Moreover, the communication is bounded against 

domain changes.  
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With all this, BnB-FMS has been chosen as reference algorithm for the design of the 

solution. Although BnB-FMS is not a complete DCOP algorithm, the social welfare is not 

an essential requirement. About its other drawbacks, the algorithm is focused on agent 

coalitions (one task can be allocated to one agent or many). However, this approach can 

be adapted for single allocation and consider it in a long term. Furthermore, the 

algorithm does not include possible set of agent states during execution such as agent 

dropout or performing the task. Therefore, it is necessary to simulate the drone behavior 

in the agent so the algorithm can operate with the appropriate ones.   
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4. DESIGN 

The following section describes the solution design. As in the previous section, the 

design is composed of two approaches or scopes: User interaction and Task allocation. 

The user interaction approach covers UX activities, decisions and considerations, 

according to the user-centered design. The task allocation approach covers the 

mathematical model of the scenario, including the problem definition and the proposed 

algorithm. 

4.1. Overall architecture 

The current section describes the overall design of the solution, including the cohesion 

of both approaches, the actors involved and the solution scope. The following figure 

shows briefly the proposed architecture, according to the current early deployment of 

DRONET. 

 

Fig. 30: Proposed architecture design. 
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Initially, the HAC is deployed on the Silver platform. The user team interacts with the 

HAC through Silver interface and the UAV team interacts through Bronze platform. In 

addition, the HAC receives all the information related with Silver from its engine, 

including events, history, feedback, messages from other Silver platforms, etc. 

Importantly, the HAC is not a replacement for the current Silver engine. The proposed 

solution should be an extra feature and be subordinated to the control and management 

of the existing ecosystem. 

4.1.1. Actors 

The following actors that interact with the solution are defined below: 

 User: Users are organized into teams across different Silver platforms. Their aim 

is to supervise the drone team, create missions to be assigned to drones, and 

communicate users for better task coordination. Moreover, users are capable to 

modify, correct, create or delete drone allocations for a better fit of missions. 

 UAV: Drones are organized into teams across different Bronze platforms, which 

in turn must be registered into the Silver platform. Its aim is to perform missions 

in the real world from Silver commands platform (through Bronze). Commands 

can be sent by its assigned HAC agent or by a user manually.  

 Provider: Providers are defined as the heterogeneous set of entities that furnish 

information to the system for setting up missions. Providers are not part of 

DRONET ecosystem. Instead, Silver collects the data, parses it and shares it to 

the HAC in form of events. Then, users create missions in order to recognize 

events, collect data or perform several actions related to them. 

4.1.2. Scope 

The solution should meet the requirements mentioned above plus those established 

about the interaction. It is mandatory to note that deployment and structure of the 

current solution must not be altered. Summarizing, the overall scope consists of the 

following points: 

 Deploy the HAC, representing users, UAVs and tasks. 
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 Setting up missions. 

 Monitor drone/mission status. 

 Automated task allocation for UAVs through HAC plus DCOP Algorithm. 

 Setting up manually allocations without compromise the automated support. 

 Include necessary interface components for proper interaction with the HAC. 

This scope is preliminary and mandatory for completion. In addition, the solution must 

be developed in a responsive way in order to improve it in future iterations. 

4.2. User interaction design 

The user interaction design includes the set of use cases needed to introduce user into 

the HAC, according to the current DRONET interface. On the other hand, the product 

concept has not been designed, considering that the DRONET platform is already 

defined. 

4.2.1. Use cases 

The current section lists and describes all use cases related with the user in the solution. 

While not all use cases refer to the user, all generate an impact on his interaction. Use 

cases are defined at a high level and describe the designed UX patterns in order to 

implement the user interaction with the HAC. 

First of all, the following diagram (Fig. 31) shows all use cases involved on the solution, 

including relationships between actors and use cases. 
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Fig. 31: Use case diagram. 

4.2.1.1. Use case I: See map 

 Purpose: Environment visualization trough the map interface. The map enables 

to visualize all located entities involved in the HAC in real time, including drones, 

events and missions. In addition, the user interacts with drones through the map. 

 Pre-condition: User connected and logged in Silver system. 

 Post-condition: Map interface available. 

 Input: - 

 Output: Map interface. 

 Storyline: 
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1. The user requests a connection to Silver. 

2. Once connected, the interface is shown. The map is located in the region 

assigned to the user. 

4.2.1.2. Use case II: Create mission 

 Purpose: Missions are created through the map interface in order to perform 

concrete tasks related with events. Once missions are created, these can be 

allocated to drones automatically or manually. 

 Pre-condition: Map interface available. 

 Post-condition: Mission created and ready to allocate. 

 Input: Ordered set of waypoints over the map. Each waypoint contains the 

location, action to perform, and payload (only for deliver actions). 

 Output: Mission created and visible in the interface. 

 Storyline: 

1. The user enables the creation of a new mission on the map.  

2. The user clicks on a location. Next, he indicates the action and confirms 

the waypoint. 

3. The user repeats the previous action in different locations as often as 

desired. For each new waypoint, the path is drawn connecting the new 

waypoint with the last one. 

4. If there are no more waypoints to create, the user confirms the mission. 

5. Once confirmed, the mission appears on the map. 

4.2.1.3. Use case III: See missions list 

 Purpose: Below the map interface, the user can visualize the mission set of his 

session, including pending missions, in progress, and completed. 

 Pre-condition: There is one or more missions created during the session. 

 Post-condition: -  

 Input: - 

 Output: Missions list ordered by priority and timestamp. 
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 Storyline: 

1. The user views the missions of the session in order. 

2. By clicking on a mission, the information about each of its waypoints is 

displayed. 

4.2.1.4. Use case IV: Send message to user 

 Purpose: User team performs its communication by using a chat box. 

 Pre-condition: User logged in Silver. 

 Post-condition: User message broadcasted to user team. 

 Input: Text message 

 Output: Channel feedback updated. 

 Storyline: 

1. The user writes the message in the textbox. 

2. Once is confirmed, the message is sent and becomes visible through 

channel feedback. 

4.2.1.5. Use case V: Allocate mission 

 Purpose: The user allocates a mission to a drone manually. Accordingly, the 

drone abandons its last task and performs the assigned mission.  

 Pre-condition: There is one mission or more without allocation. 

 Post-condition: The allocation is performed. If a previous allocation has been 

deleted, its mission is restarted and becomes available to be assigned. 

 Input: Drone and mission. 

 Output: Drone allocated to the mission. 

 Storyline: 

1. The user clicks the drone on the map. 

2. With the click maintained, drag the mouse to the new mission. 

3. If the allocation can be performed, the user confirms it. Otherwise, a 

warning message is shown and the process finishes. 



Final Project for Master in Informatics Engineering – July 2016 

65 
 

4. If the drone was performing another mission, this mission is restarted and 

is shown on the map as pending. 

4.2.1.6. Use case VI: See notifications 

 Purpose: The user receives notifications from the server according to drone 

feedback, such as alerts, warnings, results, etc.  

 Pre-condition: - 

 Post-condition: The notification is showed in the interface. 

 Input: - 

 Output: Drone notification 

 Storyline: 

1. A notification is displayed on the interface as an unread notification.  

2. When the user clicks on it, the full content is shown and the notification 

changes the state to read. 

4.3. Task allocation design 

The task allocation design is comprised of the following points: abstraction of the 

problem, definition of the scenario, and design of the DCOP algorithm. 

4.3.1. Problem definition 

Given a task allocation problem that involves real world decisions, it is important to 

define the game rules where the actors perform its actions and the objectives are 

available to be reached. In other words, the scenario needs to be abstracted and 

mathematically described in order to be computerized.  

Having said that, the aim is the need to coordinate a team of UAVs facing a set of 

dynamic tasks provided by the user. The task or mission is already defined by DRONET 

as following: 

 An ordered set of waypoints. 

 An action to perform for each waypoint. 

 The priority of the mission. 
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Regarding the UAV team, each drone has several features and constraints to be 

considered such as battery, workload, location, and status, among others. Accordingly, 

the concept of mission and drone is defined. Consequently, the relationship between 

these concepts and the main goal can be established. 

4.3.1.1. Mission 

As described above, a Mission Mi is defined with the tuple {Wi, pi, ti, yi} where: 

 Wi is an ordered list of waypoints where each waypoint is an ordinal waypoint 

defined by its location (latitude and longitude) and action to perform. 

 pi is the priority of the mission. 

 ti is the timestamp of the mission when it was created. 

 yi is the payload of the mission.  

Deeping in the description (Fig. 32), there are three levels of priority: low, normal (by 

default) and high. There are also three actions defined: search (collect imagery), sensor 

(collect data such as temperature, humidity, pressure, etc.) and deliver. Concerning 

deliver tasks, payload is only necessary if the mission includes them. 

 

Fig. 32: Mission model. 
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As a brief description of mission lifecycle, it responses every drone proposal with the 

associated utility, based on drone-task constraints. When there are no more proposals, 

the mission sends the allocation proposal to the best drone (the most useful). Finally, 

the drone carries out the mission flying over the waypoints and performing every action. 

4.3.1.2. Drone 

An UAV is defined as a Drone Dj with the tuple {lj, rj, sj, Aj} where: 

 lj is the location of the drone (latitude and longitude). 

 rj is the role of the drone. 

 sj is the state of the drone. 

 Aj is the availability or drone scope, defined with the tuple {bj, Δj, vj, Yj} where: 

o bj is the curent battery time. 

o Δj is the available area of the drone. 

o vj is the maximum speed of the drone. 

o Yj is the maximum payload. 

Deeping in the description (Fig. 33), it has been defined three main roles, depending on 

drone features: sensor (to collect data and imagery), deliver (exclusively) and deliver 

with camera (all actions). There are also three states defined, according to the possible 

drone behaviors: Idle or looking for allocation, busy (performing a mission) and critical. 

The critical state represents a high priority state where concrete conditions arise, such 

as low battery, mechanical failure or manual allocation by the user, among others. In 

other words, any condition that cannot be handle by the task allocation algorithm. The 

availability constraint represents the real-world drone scope (Fig. 34). Concretely, the 

available area represents the physical area where the drone is able to perform actions. 

This area is a circular shape defined by its center and its radius. The idea is to bound the 

drone action range in order to keep it under control every time. 
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Fig. 33: Drone model. 

As a brief description of drone lifecycle, once the drone enters into the team, it starts to 

look for available missions. The drone makes a proposal to every potential task. The 

drone receives the utility and add the task to its domain if the task can be performed. If 

the drone receives an allocation proposal and it is not performing any other mission, the 

allocation is completed. Otherwise, the drone rejects until finish the current mission or 

there is a manual modification by the user (becomes critical). 

Once modeled both main concepts, the scenario can be abstracted as follows in figure 

34. From the current scenario of DRONET, the new scenario is capable to represent 

drones, missions, paths and allocations on the map.  
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Fig. 34: Scenario abstraction. 

4.3.1.3. Utility 

The utility is defined as the profitableness value of a drone allocated to a single mission. 

This value is determined in relation to available drone resources (battery, payload, role, 

etc.) and mission conditions (priority, location, actions, etc.). Utility is always related 

with a drone and a mission, so it was decided to design it with the following function: 

Ui(Mi,Dj) 

Given a mission and a drone, the utility is defined as the multiplication of its priority 

value, availability and remaining drone resources, divided by the distance between both. 

The following section explains deeply the utility function. 

4.3.1.4. Goal 

To represent the set of possible drone-mission assignments, the allocation vector Γ is 

defined as the set of utilities of each mission Mi allocated to any drone. Having said that, 

the solution consists of maximize the allocation vector (Fig. 34). 
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Fig. 35: Problem solution. 

As shown in figure 34, there are a number of restriction to consider. Briefly, there is no 

mission without utility function and there is no drone with more than one allocation at 

the same time. 

4.3.2. Utility function 

Given a mission and a drone, the utility is defined as the multiplication of its priority 

value, availability and remaining drone resources, divided by the distance between both.  

Ui(Mi,Dj) =  

The current section explains deeply every value involved in the utility function. 

4.3.2.1. Priority 

The priority value is represented as follows: 

P (Priority) = pi × (T – ti) 

Where pi is the mission priority, T is the current time and ti the timestamp of the mission. 

This value grows depending on time and priority. Thus, it is ensured that the highest 

priority missions have more scalability in time than lower priority ones. In addition, it is 

ensured that low-priority missions are performed instead of new high-priority ones. 
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4.3.2.2. Availability 

The availability value is defined as follows: 

A (Availability) = r(Wi, Δj) × m(ai, rj) 

Where r and m are ratio and mode functions, respectively. The availability value takes 

only the values 1 or 0, representing if a drone is capable of perform the action or not. 

This value sets the factor graph, defining the edges according to their value. Delving into 

the concept, the ratio function is defined as: 

r(Wi, Δj) Wi Area Δj  

Basically, the function returns 1 only if all mission waypoints are located inside the drone 

available area (circle shape). This function detects the possible missions according to its 

locations. Regarding the mode function, its definition is the following: 

m(ai, rj) ai rj  

The function establishes that the mission can be allocated to a drone exclusively if its 

role includes the action to perform. Simply, a drone without camera cannot collect 

imagery. Similarly, a drone without payload cannot perform delivery actions. The role-

action relationship is described in the following table: 

 

Role-action relationship Search Video Deliver 
Search Drone ✓✓ ✓✓ ✘ 

Deliver Drone with no Camera ✘ ✘ ✓✓ 

Deliver drone with Camera ✓✓ ✓✓ ✓✓ 

Table 4: Role-action relationship. 

4.3.2.3. Remaining resources 

The remaining resources value represents the future amount of resources (in time units) 

after performing the action. Importantly, the physical, aerodynamic and technological 
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considerations of drones are outside the scope of this thesis. Although it is not a 

completely accurate representation of the calculation of resources, the value aims to be 

a first approximation of drone resources modelling for this scenario. Having said that, 

the remaining resources value is defined as follows: 

R (Remaining Resources) = α
α

 

Where b is the battery time of the drone, h is the low-battery threshold, and α is the 

consumed resource time. Drones consume battery constantly and need to be picked up 

and turned off with time before it runs out. Accordingly, the threshold definition is useful 

to ensure the drone safety if its battery is low. Essentially, the value is greater than 0 

exclusively if the expected allocation resources do not exceed the threshold. Otherwise, 

the action cannot be performed. The consumed resource time α is calculated as follows: 

α = i j j (Wi, lj) 

The path function is the full distance of the mission path, given the set of waypoints Wi, 

plus the distance between the drone location lj and the first waypoint of the mission W1: 

(Wi, lj) = wi,1, lj) + Wi,k-1,Wi,k) 

The speed function is described below: 

j j  = vj j
) 

Where yi is the mission payload, vj is the maximum drone speed, and Yj is the maximum 

drone payload. The speed function returns the expected time for performing the mission. 

For this, the maximum speed is multiplied by the payload-speed relationship function. 

As mentioned above, physical considerations do not fall within the scope of this thesis. 

For simplicity, the relationship is defined as the density function of a normal distribution 

evaluated between 0 and 1. In this way, RelPV function estimates the expected drone 

speed during the mission depending on the weight it carries and its maximum speed. 
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Fig. 36: Payload-Speed Relationship function. 

For instance, a drone without payload has averaged about 90% of its speed, a drone 

with full payload has averaged about 10% of its speed, and so on. 

4.3.2.4. Distance 

The distance value is represented as follows: 

D (Distance) = (Wi), lj) 

In other words, the value represents the distance between the drone location and the 

centroid (or gravity center) of the mission. If the mission is composed of only one task, 

the value represents the distance between both locations. 

4.3.3. SB-DCOP Algorithm 

A novel DCOP algorithm has been designed in order to cope with the defined scenario. 

The State-Based DCOP algorithm or SB-DCOP stands out for its flexibility, interactivity 

and scalability. Instead of deploy and fit an existing DCOP algorithm, it has been chosen 

to develop a new one taking the BnB-FMS as reference. Unlike algorithms studied, the 

proposed algorithm is able to handle concepts such as priority hierarchy, agent status 

and user interaction. In addition, SB-DCOP has been designed to handle a high 

concurrency while maintaining a low communication size. 

In contrast to BnB-FMS, SB-DCOP has been designed omitting the coalition concept (one 

task allocated to one drone or many). Nevertheless, the proposed algorithm has other 
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inherited characteristics. Firstly, SB-DCOP is deployed as a factor graph, where the 

scenario is composed of variable nodes representing drones and function nodes 

representing tasks. Secondly, the algorithm has the same phases as BnB-FMS: a 

preprocessing phase to build the graph and the allocation phase. It is important to note 

that both phases are asynchronous. That means the phases are executed only in the 

needed portions of the graph. In this way, possible new drones and/or tasks can be 

integrated into the environment independently of the scenario state. The different 

algorithm phases and agent behaviors are described below. 

4.3.3.1. Online Domain Pruning 

In BnB-FMS, a coalition is defined as the vector of agents that can perform a task given 

their contribution to it. The pruning phase enables to eliminate the edges of the agents 

that do not meet the required contribution according to specified bounds (through BnB 

search). For the proposed scenario, the pruning condition depends exclusively of the 

availability value. The edge can be pruned or not depending on the value when the 

drone node makes the request.  

The following pseudo-code shows the pruning at mission node Mi: 

1. proc SendPruningMessage(Dj) 
2.   utility  ComputeUtility(Dj,Mi) 

3.   SendUtility(Dj,utility)   
4. if (utility > 0) 
5.     Mi.domain  Mi.domain + Dj  // Add to drone domain 

6. proc OnReceiptMessage(Dj,type) 
7.   if (type = PRUNE) then 
8.     Mi.domain  Mi.domain – Dj  // Remove from domain 

9.   if (type = ADD) then 
10.     SendPruningMessage(Dj) 

During pruning, the mission node is waiting for ADD or PRUNE messages. ADD messages 

include the status of the sender drone. When an ADD message is received, the tasks 

always compute the utility of the possible allocation. Then, the utility value is sent as a 

response. If the utility is greater than zero, the task adds the drone to its domain as a 
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potential drone. When a PRUNE message is received, the task deletes the drone sender 

from its domain. This message is sent when the drone decides that cannot perform the 

task, whether because the drone becomes critical or already has an allocated task. 

The following pseudo-code shows the pruning at drone node Dj: 

1. proc StartUp() 
2.   auxDomain  Di.domain   // Init modified mission domain 

3.   foreach M : auxDomain do  
4.     SendMessage(M,ADD) 
5. proc OnReceiptUtility(Mi,value) 

6.   if (Mi  Di.domain) then 

7.     Di.domain  Di.domain + Mi // Add to mission domain 

8.   if (value > 0) then 
9.     auxDomain  auxDomain + Mi // Add mission to aux domain 

10. proc OnCannotPerform(Mi) 
11.   Di.domain  Di.domain – Mi 

12.   if (Mi ϵ auxDomain) then   // Remove not pruned mission 

13.     foreach M : Dj.domain ∩ auxDomain do  
14.       SendMessage(M,ADD) 
15.       auxDomain  Di.domain  // Start pruning again 

When a drone node starts the pruning phase, its domain is configured in order to 

discover every available mission node in the environment. The auxiliary domain is used 

as a security buffer that protects the previous domain if the node goes to an unexpected 

state. The drone node sends to every mission of its domain a ADD message. The node 

will remove those missions who send a zero utility. 

4.3.3.2. Allocation by Utility 

Once the pruning phase has been completed, the mission begins the execution of the 

allocation phase. In this phase, missions need to know which drone in their domain is 

the most profitable for allocation. When the drone is finally allocated to a mission, both 

prune their other edges. As the pruning messages are spread, drones are allocated as 

soon as they know the utilities of their respective domains. 

The following pseudo-code shows the allocation at mission node Mi: 
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1. proc FindMax() 
2.   available_drones  Mi.domain.utilities 

3.   if (available_drones > 0) then 
4.     SendAllocation(Dj  max(available_drones),OK) 

5. proc OnReceiptAllocation(Dj,type) 
6.   if (type = OK) then  
7.     foreach D : Mi.domain do  
8.       SendAllocation (Dj,DENY)  
9.   else if (type = DENY) then 
10.     Mi.domain  Mi.domain – Dj   

11.     FindMax() 

Mission node sends an allocation proposal to the drone node with the highest utility. If 

the proposal is accepted, the allocation is completed and the mission node leaves the 

factor graph. Otherwise, the node deletes the drone from its domain and the process is 

repeated. If the node does not have any drone in its domain, it returns to pruning phase. 

The following pseudo-code shows the allocation at drone node Dj: 

1. proc OnReceiptAllocation(Mi,type) 
2.   if (type = OK) then 
3.     Di.domain.allocations = Di.domain.allocations + Mi 
4.     if (|Dj.domain.allocations| = |Dj.domain|) then 
5.       SendAllocation(Mi  max(Dj.domain.allocations),OK) 

6.       OnChangeState(BUSY) 
7.       foreach D : Dj.domain do  
8.         SendAllocation(Mi,DENY) 
9.   else if (type = DENY) then 
10.     DJ.domain  Dj.domain – Mi  

During the allocation phase, drone nodes are waiting for allocation proposals. Essentially, 

the drone waits for receiving proposals from any mission in its domain. Then, the node 

sends the agreement to the most useful mission, while sends rejects to the others. Once 

the allocation is completed, the drone node leaves the graph until the mission is 

performed. At that moment the drone becomes available again and returns to pruning 

phase.  
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5. DEVELOPMENT 

The following section describes the development of the human-agent collective 

prototype. As in the previous sections, the development is composed of the user 

interaction and task allocation. The user interaction covers the interface and the human-

agent interaction. The task allocation approach covers the MAS environment and the 

SB-DCOP algorithm deployment. 

5.1. Overall deployment 

This section describes the HAC deployment into DRONET ecosystem (Fig. 37). 

 

Fig. 37: HAC deployment. 
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Silver platform consists on a SmartFox platform. On that regard, the HAC is implemented 

into Silver as a SmartFox module. In turn, all entities involved in the problem are 

represented in the HAC as agents in a JADE MAS. Consequently, the MAS deploys the 

task allocation algorithm. In broad terms, drone agents broadcast the allocation 

decisions to the module responsible for communication with Bronze. Mission agents 

interact with drone agents in order to carry out the algorithm. Controller agents enable 

users to interact in the HAC, either to create missions, assign drones manually or 

communicate with other users. 

SmartFox isolates, communicates and balances all installed modules on it. Having said 

that, involved input and output data must be faithful to the data structures specification 

of Silver ecosystem. In addition, the HAC has been deployed in such a manner that does 

not compromise the operation of the system if it stops working. In other words, drone-

user communication is guaranteed through the server anytime.  

Regarding events, they are out of the solution scope. This is because events are not 

represented in the HAC. Events are the reason for creating tasks but do not interact with 

the algorithm at all. Moreover, users can create missions without any feedback from 

providers. However, events must remain visible through the interface. 

5.2. User interaction development 

The user interaction has been developed in two layers. First one aims to deploy the 

interface prototype, including artifacts, blocks, dimensions and interactions. Second one 

describes the communication between the interface and the HAC through the controller 

agent. Considerations about UX design, graphics and high-fidelity prototyping is handled 

by the UX design team of the project.  

5.2.1. Interface prototype 

The following prototypes are made with Axure RP tool (Axure Software Solutions Inc., 

2016). Each draft represents the different states of the interface according to involved 

use cases. The main components of the interface are listed below from top to bottom 

and left to right (Fig. 38-42): 



Final Project for Master in Informatics Engineering – July 2016 

79 
 

 Control panel: Includes the log out, history and home redirections. 

 Map: Includes mission creation and drone interaction and the overall situation 

of the session in terms of states and locations of drones and missions. 

 Notification panel: Includes the notification list classified as unread and read. 

 Drone panel: Shows detailed information about drones and missions such as 

drone status, descriptions of mission and waypoints, and camera feedback. 

 Chat: Shows the channels/rooms where the user is subscribed. 

 

Fig. 38: Silver main interface. 
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Fig. 39: Silver mission planner interface. 

 

Fig. 40: Silver camera feed interface. 
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Fig. 41: Silver notifications interface. 

 

Fig. 42: Silver mission creation interface. 
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5.2.2. Controller 

The controller is a middleware that enables the user interaction with the HAC. This 

middleware operates with the map and chat components, while the others are 

communicated with the Silver engine. Having said that, the controller module parses the 

following use cases: 

 Create mission. 

 Allocate mission. 

 Send message to user. 

Figure 42 shows the user-HAC interaction through the controller. The controller module 

receives update requests from both sides (HAC and user). HAC side requests are sent by 

the controller agent. User side requests are collected by event triggering and are sent 

by the interface. This captured requests are queued and executed one by one. The 

execution is performed by the by the Scene Drawer class. In turn, controller and 

interface share a concurrent data structure with the information of drones, missions and 

allocations. 

 

Fig. 43: Controller module. 
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Scene Drawer class parses the request and update the data structure in order to be 

shared with the interface. This data sharing follows the readers-writers concurrent 

pattern, where the interface is the reader and the scene drawer is the writer. Therefore, 

when the interface reads from the shared data, it updates the map canvas with the new 

modifications (Fig. 44). 

 

Fig. 44: Example of early map interface. 

Regarding user interaction with the task allocation algorithm, the user sends action 

requests which are also queued and parsed by the Scene Drawer. Then, the command 

is sent to the agent in a ACL message (FIPA message format in MAS). Finally, the 

controller agent interacts with the involved agents according to received commands.  

5.3. Task allocation development 

The task allocation scenario has been deployed through a MAS, representing missions 

and drones as JADE agents. In turn, agent negotiation has been performed with SB-DCOP, 

where the factor graph is represented by the agent ecosystem. To do this, each agent 

type has its own behaviors and data structures in order to implement the algorithm 
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phases and message passing. Furthermore, the MAS includes the controller agent 

representing the user. Thus, the user interacts both drone and users, completing the 

deployment of the HAC. The following sections explain in more detail the MAS 

deployment. 

5.3.1. Agent automatons 

This section describes the states, transitions and related behaviors of involved agents. 

For more information about the implemented class structure, please refer to UML 

section in the annexes.  

5.3.1.1. Drone agent 

UAV entities are represented into the HAC as drone agents. Figure 45 shows the drone 

agent automaton involved in SB-DCOP. Any new drone introduced into the scenario 

starts in idle state. During idle state, the drone is participating in the allocation, sending 

and receiving proposals with mission agents. When an allocation is established, the 

drone agent changes to busy and abandons the factor graph until finish the mission. The 

critical state is reached when the drone is forced to abandon the algorithm. For instance, 

when the drone receives alerts such as low-battery or mechanical failure. Once the 

drone is able to operate again, it returns to idle state. 

Busy Idle

Critical

 

Fig. 45: Basic drone agent automaton. 
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The following code fragment shows the drone parallel behavior composed of two 

threads. One is the battery updating and the other deploys the automaton. 

private class DroneBehaviour extends ParallelBehaviour { 
 
 public DroneBehaviour(DroneAgent droneAgent) { 
  super(droneAgent, ParallelBehaviour.WHEN_ANY); 
  this.addSubBehaviour(new ThreadedBehaviourFactory() 

.wrap(new DroneBatteryBehaviour(droneAgent,1))); 
  this.addSubBehaviour(new DroneAutomatonBehaviour(droneAgent)); 

} 

} 

It has been chosen to create a separate thread for battery updating because the 

synchronization with the real drone cannot be affected by algorithm operation. 

5.3.1.2. Mission agent 

Missions are represented into the HAC as mission agents. Figure 46 shows the mission 

agent automaton involved in SB-DCOP. Accordingly, pruning and allocating states 

correspond to its respective algorithm phases. Once the allocation is established, the 

agent changes to performing. In this point, the mission leaves the graph and waits to be 

completed by the allocated drone. Finally, the agent changes to done state when the 

drone finishes the mission. 

Prunning Allocating

PerformingDone

 

Fig. 46: Basic mission agent automaton 
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If a mission does not perform any assignment during allocation, it returns to pruning 

state waiting for new available drones. 

5.3.1.3. Controller agent 

Controller agent enables the interaction between users and other agents. Each user is 

represented by only one controller. This agent has no automaton and operates as an 

event listener. When the user logs out, the agent is deleted from the HAC. 

Regarding mission creation, the process involves the creation of a new agent. Once 

mission is created, controller agent registers the mission agent in the DF yellow pages 

and notifies idle drones. Thereby, the new mission is introduced in the graph. 

public static void addMission(String name, String [] params) { 
getContainerController() 

.createNewAgent(name, MissionAgent.class.getName(), params)); 
 

//Looking for registered DRONE agents 
 DFAgentDescription template = new DFAgentDescription(); 
 ServiceDescription templateSd = new ServiceDescription(); 

templateSd.setType(DroneAgent.DRONE_SERVICE); 
 template.addServices(templateSd); 
 
 DFAgentDescription [] results =  

DFService.search(this.getAgent(), template); 
       
 for (DFAgentDescription drone : results) { 
  sendMessageToAgent(drone,ACLMessage.CFP,"NEW_MISSION"); 
 
 } 
} 

5.3.2. Negotiation phases 

For enabling agent negotiation, drone agents need to identify which are mission agents, 

and vice versa. To do this, when an agent is created, it must register is type as a service 

through DF agent provider. 

private void registerAgent(String service) throws FIPAException {   
 DFAgentDescription dfd = new DFAgentDescription(); 
 dfd.setName(this.getAID()); 
 ServiceDescription sd = new ServiceDescription(); 
 sd.setType(service); 
 sd.setName(service); 
 DFService.register(this,dfd); 
} 
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Subsequently, the agent is instantiated and becomes part of the HAC. The following 

section describes the agent negotiation during both SB-DCOP phases. 

It is important to note that SB-DCOP is completely asynchronous. On that regard, agents 

must cope with any kind of message independently of the states of sender and receiver 

agents involved. Message data structure follows the FIPA standard through ACLMessage 

class in JADE. The following subsections include briefly the message passing deployment 

inside of agent behaviors. 

5.3.2.1. Pruning phase 

At the beginning of idle state, drone agents instantiate their initial domain with the 

whole set of missions involved in the scenario. The agent performs a request to DF agent. 

Lately, it initializes the pruning phase by broadcasting utility messages. 

private void startUp() throws IOException, FIPAException { 
 this.flag = DroneAutomatonBehaviour.TRANSITION_IDLE_TO_IDLE;  

((DroneAgent)this.getAgent()).setDroneDomain();  
 for (String mission : this.drone.getDomain().keySet())  
  sendMessageToAgent(mission,ACLMessage.PROPOSE,"SB-DPOP"); 
} 

 
Once proposals have been sent, the agent waits for responses. The following code shows 

the idle drone behavior. Drone agents can receive messages from missions and 

controllers. In addition, the drone actions related to ACL messages are described as 

follows: 

 CFP (Call for Proposal): Sent by controller agent; notifies to drone that a new 

mission entered into the ecosystem. Then, drone agent updates its domain and 

resends utility proposals. 

 INFORM: Sent by mission agent; returns the utility value of the mission. If utility 

is zero, drone agent prunes the mission from its domain. 

 REQUEST: Sent by mission agent as an allocation proposal. If drone agrees, 

confirms the allocation and prunes the rest of its domain. Otherwise, drone 

agent sends reject message to mission and its deleted from the domain. 
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 REFUSE: Sent by a mission agent in performing and done states. The drone 

prunes the mission from its domain. 

... 
ACLMessage msg = this.getAgent().blockingReceive(); 

 if (msg != null) { 
 
 switch (msg.getPerformative()) { 
  case ACLMessage.CFP: 
   startUp(); 
   break; 
  case ACLMessage.INFORM: 
   onReceiptUtility(msg); 
   break; 
  case ACLMessage.REQUEST: 
   sendAgreement(msg.getSender().getLocalName()); 

break; 
  case ACLMessage.REFUSE: 
   this.drone.getDomain() 

.remove(msg.getSender().getLocalName()); 
   break; 
  default: 
 } 
... 

In the case of mission agents, they only receive proposals and send utilities passively, in 

order to conform the pruned graph. The following code shows the mission agent 

behavior during pruning phase. In addition, the mission actions related to ACL messages 

are described as follows: 

 PROPOSE: Sent by idle drone, the proposal includes its parameters. The mission 

agent computes the utility and sends the response. Only if utility value is greater 

than zero, the agent ads the drone to its domain. 

 REFUSE: Sent by a critical drone, forces the pruning with the mission. This is 

required because a drone that previously was useful for the mission may no 

longer be. 

... 
 ACLMessage msg = this.getAgent() 

.blockingReceive(waitingTime + new Random().nextInt(1000)); 
 if (msg != null) { 
  switch (msg.getPerformative()) { 
   case ACLMessage.PROPOSE: 
    sendUtility(msg); 
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    break; 
   case ACLMessage.REFUSE: 
    this.mission.getDomain() 

.remove(msg.getSender().getLocalName()); 
    break; 
   default: 

} 
 } 
 else if (!this.mission.getDomain().isEmpty()) { 
  flag = MissionAutomatonBehaviour.TRANSITION_PRUN_TO_ALLO;  
 } 
... 

Mission agents cannot wait for proposals eternally. To avoid this, a timeout is 

established in order to enable the transition to the allocation phase. The timeout reflects 

the “silence” of the domain, which means drone agents have stopped sending utility 

proposals. Nevertheless, the timeout value implies an impact on the algorithm 

scalability. If the domain is updated with new drones in a higher frequency than the 

timeout, tasks cannot transit to allocation state. For this reason, this value needs to be 

measured and analyzed in order to test the scalability. In addition, the agent prevents 

unnecessary transitions if its domain is empty.  

5.3.2.2. Allocation phase 

In allocation phase, mission agents leading the scenario while drone agents become 

more passive. The mission obtains the most profitable drone of its domain and sends an 

allocation proposal. If any drone is not obtained, either because previous ones have 

rejected the proposal or the domain is empty, the mission returns to pruning phase. 

private void sendAllocation() { 
   
 this.waitingResponse = findMax(); 
 if (this.waitingResponse != null) 
  sendMessageToAgent( 

this.waitingResponse, ACLMessage.REQUEST,"SB-DPOP"); 
 else 
  flag = MissionAutomatonBehaviour.TRANSITION_ALLO_TO_PRUN;   
} 

The following code shows the mission agent behavior during allocation phase. The 

mission actions related to ACL messages are described as follows: 
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 AGREE: Sent by a drone for reaching the agreement. Then, the mission changes 

to performing state and prunes the rest of its domain. 

 REFUSE: Sent by a critical drone, forces the pruning with the mission. This is 

required because a drone that previously was useful for the mission may no 

longer be. 

 PROPOSE: Sent by drone agents as a utility proposal. Mission agents compute 

the utility value only in the pruning state. So, the mission sends zero value 

directly. 

 REJECT PROPOSAL: Sent by a drone that rejects the allocation agreement. In this 

case, the mission deletes the drone from its domain and resends the allocation 

proposal to next one. 

... 
if (this.waitingResponse == null) 
 sendAllocation(); 
 
ACLMessage msg = this.getAgent().blockingReceive(); 

 if (msg != null) { 
  switch (msg.getPerformative()) { 
   case ACLMessage.AGREE: 
    onPerform(); 
    break; 
   case ACLMessage.REFUSE: 
    discard(msg); 
    break; 
   case ACLMessage.PROPOSE: 
    sendUtilityZeroToSender(); 
    break; 
   case ACLMessage.REJECT_PROPOSAL: 
    this.mission.getDomain() 

.remove(msg.getSender().getLocalName()); 
    break; 
   default: 
  } 
 } 

... 
5.3.3. Reallocation and deallocation 

Generally, user interaction tends to further complicate matters, even more if 

decentralized algorithms are considered. Moreover, user team is abstracted from how 
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the algorithm operates. Therefore, user actions are not synchronized with agents’ 

decisions. In addition, dynamic scenarios and algorithms should cope with new events 

anytime, whether expected or not. Considering this, it is necessary to adapt the 

environment in order to tolerate user modifications. 

As showed above, users are represented by controller agents. Controllers change the 

game rules, enabling extra reactions to agents in its behaviors.  The best way to visualize 

this is through agent automatons. Negotiation with the controller agent involves new 

transitions whereas the algorithm retains existing ones. Figures 47 and 48 show the new 

transitions schematically. 

When a reallocation is performed, controller agent forces the involved mission and 

drone agents to abandon their current actions. However, the reallocation cannot be 

performed if the drone is incapable to reach the mission. In other words, there is no 

manner to allocate a drone to a task if the utility is zero. Considering this constraint, the 

reallocation process must be performed with the following steps (Fig. 47): 

1. Controller agent sends a reallocation request to a drone agent. The reallocation 

message contains the agent identification (AID) for starting negotiation. 

2. The drone receives the message and sends the utility proposal. This proposal 

differs from the others by its ontology: 

o “SB-DCOP” for automated allocation. 

o “REALLOCATION” for manual allocation. 

o “NEW_MISSION” to notify drones about new missions. 

3. The mission receives the proposal and sends the utility. If it is greater than zero, 

the mission changes to allocating state, independently of the previous state. 

Otherwise, the mission continues doing its actions. 

4. If the drone was in busy state, notifies the allocated mission and abandons it. 

The last allocated mission is reset as a new mission; regardless which waypoints 

were performed. 
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Busy Idle

Critical

Busy Idle

Critical

SB-DPOP ontology

REALLOCATION ontology

 

Fig. 47: SB-DPOP Drone agent automaton. 

For deallocation, the controller messages must not contain any AID. Thereby, the 

process is the same as reallocation but omitting the drone proposal. The following code 

fragment shows the message sending method, given the agent name, type message, and 

ontology. 

private void sendMessageToAgent(String agent, int flag, String ontology) { 
 ACLMessage aclMessage = new ACLMessage(flag); 
 aclMessage.addReceiver(new AID(agent, AID.ISLOCALNAME)); 
 aclMessage.setOntology(ontology); 
 aclMessage.setLanguage(new SLCodec().getName()); 
 aclMessage.setEnvelope(new Envelope()); 
 aclMessage.getEnvelope().setPayloadEncoding("ISO8859_1"); 
 aclMessage.setContentObject(this.drone); 
 this.getAgent().send(aclMessage); 
} 



Final Project for Master in Informatics Engineering – July 2016 

93 
 

Figure 48 shows the transitions involved with controller interaction. The algorithm does 

not deal directly with new missions. As described above, controller agents are 

responsible for creating mission agents and place them into the environment. Regarding 

reallocation and deallocation, the bidirectional pruning-performing transition has been 

created for that purpose. Now, a deallocated mission changes to pruning state and 

resets its configuration in order to be performed by other drone. In addition, a mission 

can be allocated from any state, except done state. 

Prunning Allocating

PerformingDone

Pruning Allocating

PerformingDone

SB-DPOP ontology

REALLOCATION ontology
 

Fig. 48: SB-DPOP mission agent automaton. 
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6. SIMULATIONS AND RESULTS 

This section describes the test suite and its results. The tests cover only the task 

allocation algorithm. This is because the usability tests have been planned for the 

following experiments and will be conducted by the design and interface team. Having 

said that, the test suite has focused on proving the effectiveness of the algorithm. 

Furthermore, a set of simulations has been conducted in order to analyze its scalability 

and flexibility in dynamic environments. A subset of these tests have been uploaded to 

YouTube platform as demos (R. Barambones, DRONET Task Allocation Demos, 2016). 

The simulations have been performed using Google Maps API for showing the set of 

drones, missions and allocations (Fig. 49-51). The machine which has executed all 

simulations has the following basic specifications: 

 CPU: Intel® Core™ i7-4720HQ 2.60 GHz (8 cores) 

 Graphic card: NVidia GTX 960M 2GB DDR4 

 RAM: 4 GB DDR3 1600 MHz 

For better data collection and subsequent analysis, a set of conditions has been 

established: 

 Created missions are composed by a single waypoint. 

 All drones have the same maximum velocity. 

 Deliver drones have the same maximum payload. 

 There are no drone dropouts. 

Importantly, all the simulations have had a precision and recall of 100%. That means 

drone team has been capable to perform all available missions and avoided false 

positives. 

6.1. Static and dynamic simulations 

The following simulations are designed in two scenario types: static and dynamic. Static 

scenarios are designed with a predefined set of missions and drones. The objective of 
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this test set is to analyze the performance of the algorithm in terms of allocations. On 

dynamic scenarios, a predefined set of drones is launched while the missions randomly 

appear on the scenario. The objective of this test set is to analyze the scalability and 

flexibility of the algorithm in time. 

6.1.1. Demo 1 

The simulation has been designed according to a normal user session (Fig. 49). Silver 

intends to bound the number of drones per user to 3 when the algorithm is disabled. 

Each drone is of a different type in order to visualize the correct allocation according to 

the role-action relationship. 

  

Fig. 49: SB-DPOP demo 1. 

The repetitions of the simulation showed no unexpected anomaly and all available 

assignments were performed, excluding those unreachable (zero utility value). Further, 

the dynamic scenario has not displayed nothing unexpected. 
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6.1.2. Demo 2 

In this simulation it has been raised a denser scenario with a large drone team facing the 

same set of missions as in the first demo (Fig. 50). The simulation aims to display the 

equitable distribution of assignments. 

 

Fig. 50: SB-DPOP demo 2. 

Although all missions have performed correctly, idle drones have been observed in 

several iterations. This is because during the assignment, some missions capable of 

being performed by several drones were first assigned. Thus, some drones have had low 

workload (1 mission or less) while others have exceeded the expected workload (3 

missions). This effect has been increased on the dynamic scenario, where some drones 

have performed an excessive number of missions (more than 3). This is because these 

drones are best repositioned for the following missions that appear after performing the 

current ones. Given this situation, there is a risk of starvation because there are drones 

which never perform missions. 
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6.1.3. Demo 3 

This simulation poses a stress scenario. Given the same set of missions, now each drone 

of the team is capable to reach the most of them (Fig. 51). This raises a scenario of high 

concurrency that generates a dense graph and a large message passing. 

 

Fig. 51: SB-DPOP demo 3 

In this case, several allocation anomalies were contemplated. Successive executions of 

the simulation showed a great variance in the allocation vector. Apparently, the 

allocation set at each execution is not so close to the optimal solution as in previous 

simulations. This is because of the concession times of mission agents during the pruning 

phase. Some agents initiate allocation regardless of distance, acquiring the drone for 

them before closer ones. Regarding the dynamic scenario, the allocation becomes more 

consistent in different repetitions because there is less overhead of message passing. 

Even so, starvation events are still contemplating because of drone relocation. 
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7. CONCLUSIONS 

DRONET aims to provide a novel tool for disaster response through coalitions between 

human resources and technology. However, developing a system that responds to user 

commands is not challenging. The real contribution is to facilitate the work to the user 

and reduce his workload. Accordingly, the proposal of deploying an intelligent system 

that supports users in decision-making has been more than successful. 

Is worth highlighting that the proposed solution has been developed at an early stage of 

the project. Although the architecture and certain components are already deployed, it 

had not yet addressed the task allocation problem. Furthermore, considerations, ideas, 

requirements, scopes, and objectives are constantly changing in order to find the most 

suitable solution. 

Regarding user experience, the proposed solution was justified, but it has not been 

possible to test it and conduct a detailed usability test. Due to lack of time and planning, 

it will take place in subsequent iterations of the project. Nevertheless, the design and 

interface section have expressed their satisfaction and approval. In fact, the user 

interaction with the HAC through avatar agents allow advance in this topic regardless of 

the interface design. 

Commenting on the task allocation problem, it has been a very tough challenge. The 

study of the extensive literature, its multiple approaches and its appraisal has consumed 

a large amount of the time devoted to this work. The scenario modeling has also been 

an expensive task. It should be emphasized that the project team is not expert in UAV 

engineering. Consequently, it has been necessary to ignore some considerations and 

design simple behaviors based on previous experiences and references. For instance, 

the payload-speed relationship, the action range, or the battery consumption. In 

addition, the solution does not account for many considerations as obstacles, weather 

conditions, and human errors, inter alia. Although it is still pending of being compared 

it with other algorithms and solutions, it would be desirable delving into the testing and 



ETSIINF, UPM 

100 
 

get more accurate analysis of the solution. This has not been possible for the same 

reasons mentioned above.  

Even though the solution is far from being consistent in real-world scenarios, this is not 

an issue because this dissertation aims to be the starting point for more realistic 

solutions. On that regard, expectations have been fulfilled. Moreover, the algorithm has 

proved very promising in terms of scalability and flexibility.  

As a final test, the deployed solution will be tested in a real controlled scenario. In order 

to experiment and test the DRONET ecosystem, it will be conducted a set of 

demonstrations in the region of Okutama, Tokyo. These demos aim to know the 

maturity of the project and the effectiveness of each of its components in real 

environments.  
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8. FUTURE LINES 

As mentioned above, the project is in an early phase; implying that the requirements, 

objectives and milestones are still being discussed. In addition, is intended to be the 

starting point for new iterations of the solution or discussing new development lines. 

The most interesting proposals and alternatives are shown below. 

8.1. Task allocation problem 

In regards to the developed algorithm, this was the first approach to the problem. Many 

considerations have been ignored and others have been simulated quite poorly. The 

following iterations may pose a more realistic scenario in different ways: 

 Improve the design of the drone behavior depending on its features (payload, 

speed, battery, etc.). For instance, designing more complex formulas that 

calculates more certainty such as the remaining battery or the payload-speed 

relation.  

 Include weather conditions to the model such as wind or rain. 

 Include altitude. This improvement is important because tasks and distances 

depend heavily on this value. 

 Consider obstacles such as buildings or infrastructure in distances calculations. 

 Enable mission deleting. 

There are also multiple lines of development in reference to the task allocation 

algorithm: 

 Improve the utility function according to the design improvements of the 

scenario. For instance, including altitude or obstacles into the calculation. 

 Expand the algorithm to consider drone coalitions, as BnB-FMS provides. This is 

interesting for tasks that require several drones at once. For example, recording 

tasks from different angles or heavy cargo delivery. 

 Improve negotiation to reduce or avoid lease times between phases. 
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 Expand the automatic task allocation to waypoints. In other words, the algorithm 

is capable to calculate the optimal path of the mission. 

 Deploy new algorithms based on the current scenario and contrast their 

performance. 

 Migrate and deploy the algorithm into drone team. Being a memory-bounded 

algorithm, allocation can be computed by limited drone resources. Thus, the task 

allocation can be completely decentralized (there is no need to wait for Silver 

commands). 

8.2. User experience 

Along this project, several UX experiments for analyzing the workload of the user have 

been planned. However, the interface has not matured overly compared to other 

components. It is important to consider the usability from the beginning in order to 

design an effective and useful solution for the user. In regards to user experience, the 

following development lines can be focused on improving the user interaction with the 

HAC: 

 Conduct an in-depth user-centered design. Thereby, time and effort can be saved. 

Moreover, future experiments may provide more promising and consistent 

results if the interface impact on user interaction is known. 

 Develop new forms of communication between users. For instance, private 

channels, voice messages, map alerts, or file sharing, inter alia. 

 Design new forms of interaction for different devices such as touchscreens or 

small size screens. 
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10. ANNEXES 

10.1. Annex A: SB-DCOP Repository 

The last stable version of the algorithm has been committed in GitHub. The repository 

contains the multi-agent system in JADE, the test set and a quick interface in Java Swing 

for viewing the simulation (R. Barambones, 2016). 

10.2. Annex B: UX experiment 

Experimental Conditions and Participants 

Conditions (independent variables) 
The experiment aims to compare two different methods for disaster monitoring: 
 
1.       Two Operator Condition (2O) 
Here the UAV operator assigns tasks to UAVs and the sensor operator looks at the 
video feed from the (simulated) UAVs onboard cameras. Specifically, the UAV operator 
controls 3 different UAVs and plans the route and destination for them. Meanwhile the 
sensor operator is in charge of looking into three camera scenes that are collected by 
the UAVs, and confirm the reported events or report surprise events that are not 
reported.  
 
2. One Operator and Simulated Deep Learning Condition (1O&DL) 
Here the operator performs the task of the UAV operator and the sensor operator is 
replaced by the simulation of deep learning and automated object recognition on the 
video. If some surprise event (object) is detected, an alert is given to the operator. The 
operator will then check the object on the video and confirm the target.  
 
To study how the amount of surprise events will affect the above methods, the 
experiment is designed to compare two different conditions: 

1. little events (-E): number 4*4 events  
2. many events (+E): number 10*4 events   

 
Metrics (dependent variables)  

1. The number of actual targets found by participants (performance) 
2. Time between a report shows up and a target is confirmed (speed) 
3. No. of mistakes (error confirm, accuracy) 
4. //No. of clicks as an objective measurement of workload. 
5. NASA TLX questionnaire as subjective measure of workload. 

 
The experiment is designed to be a 2 x 2 between subjects study with 24 participants. 

2O / -E (8 subjects) 2O / +E (4 subjects) 

1O&DL / -E (8 subjects) 1O&DL / +E (4 subjects) 
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The results will be analyzed with ANOVA test (statistical analysis) and post-hoc test. 
 
Hypotheses  

H1 When there are many events, the subjects in the 1O&DL condition will have better 
performance than the subjects in the 2O condition. 
Performance suggest: 
1: targets confirmed / total targets (accuracy) 
2: targets / time (speed) 
H2 When there are little events, the subjects in the 1O&DL condition demonstrate more 
accuracy than the subjects in the 2O condition. 
H3 The UAV operator in the 1O&DL condition does not have more workload than the 
operator in the 2O condition. 
H4 When there are many events, the operator in the operator in the 1O&DL condition 
has higher speed to detect targets than the sensor operator in the 2O condition. 
Workload suggest: 
1: number of clicks (objective measurement)  
2: NASA TLX scale (subjective measurements) 
 
Task design  

Participants’ task is to search with UAVs in different methods and try to find targets that 
are either reported or not reported, i.e. spontaneously found (surprise targets), only the 
correctly confirmed events are counted. Events confirmed by error are considered for 
calculating accuracy. Given the limited time (20min), the participant is asked to find as 
many targets as they can. The targets are distributed on the same local map over time 
and there are also surprise targets (no events reported) which are not suggested by 
pop up events. The participant will have 3 different drones that can be controlled 
asynchronously. When the participant finds a target (or when he or she think there is a 
target), he or she can click on the confirm button to report a target. In the deep learning 
case, the participant only needs to look into a pop up event and confirm whether it is a 
target.  
 
Procedure  

1. Welcome participants (2 min) 
2. Introduction of the experiment and goal (3 min) 
3. Signing constant agreement and doing pre-experiment questionnaire (2 min) 
4. Tutorial session (8 min) 
5. Experiment (20 min) 
6. NASA TLX questionnaire (3 min) 
7. Overall evaluation questionnaire (5 min) 
8. Receiving money and signing the receipt (2min) 

Total: 45 min / participant 

Fig. 52: UX experiment setup draft. 
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Fig. 53: NASA TLX Test (NASA, 2016). 
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Participant Experiment  No. of clicks Targets Tar. confirmed Average confirm time 
1 2O+E Planner 308 20 4 243 
2 2O+E Camera 121    
3 2O+E Planner 410 20 6 363 
4 2O+E Camera 202    
5 2O+E Planner 282 20 9 172 
6 2O+E Camera 137    

24 2O+E Planner 120 20 16 200 
25 2O+E Camera 185    

9 1O+E Planner 199 20 12 216 
10 1O+E Planner 242 20 12 228 
11 1O+E Planner 251 20 13 233 
12 1O+E Planner 272 20 13 196 
13 2O-E Planner 143 12 6 143 
14 2O-E Camera 161    
15 2O-E Planner 401 12 8 216 
16 2O-E Camera 111    
18 2O-E Planner 108 12 5 211 
19 2O-E Camera 73    
22 2O-E Planner 332 12 7 261 
23 2O-E Camera 175    
17 1O-E Planner 200 12 7 193 
20 1O-E Planner 167 12 5 259 
21 1O-E Planner 99 12 8 181 
26 1O-E Planner 103 12 7 172 

 

Mental 
Demand Performance Effort Frustration Valence Arousal Dominance Satisfy 

55 45 50 10 7 4 6 6 
15 50 30 20 7 2 5 5 
75 80 65 80 4 6 4 3 
65 35 60 35 6 6 5 6 

100 70 70 85 5 5 5 6 
5 25 25 5 7 7 8 8 

45 45 10 45 5 6 5 6 
60 50 65 40 6 4 4 4 
35 60 25 45 7 4 8 5 
30 75 55 50 5 6 5 4 
35 65 45 30 5 5 3 6 
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40 50 20 0 9 5 7 6 
30 50 5 5 6 7 7 7 
5 5 5 10 9 5 9 9 

35 65 65 20 6 4 6 4 
75 10 40 25 8 7 7 8 
20 75 20 80 6 8 8 4 
30 20 25 40 9 9 8 8 
75 40 50 60 4 5 4 3 
50 55 70 65 6 6 6 7 
30 50 55 20 8 5 6 7 
15 75 40 60 4 3 4 4 
20 60 35 40 7 3 6 6 
35 5 20 5 9 7 8 8 

Table 5: UX Experiment logs. 

10.3. Annex C: UML Class Models 

jade.core.Agent

- AID: aid
- Container: container
+ setup()
+ doWait()
+ takeDown()
+ onEnd()
+ getAID()
+ getContainer()

ControllerAgent

- Map<Mission>: missions
- Map<Drone>: drones
- addMission(String [] params)
- setAllocation(String [] params)
- sendMessage(String [] params)

DroneAgent

- Drone: drone
- setDroneConfig()
- registerDrone()
- setDroneDomain()
+ getDrone()

MissionAgent

- Mission: mission
- setMissionConfig()
- registerMission()
- setMissionDomain()
+ getMission()
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Drone

- Location: location
- Role: role
- Availability: availability
- DroneState: state 
- Map<Mission>: domain
- Map<Mission>: history
- Mission: allocatedMission
+ Drone()
+ getLocation()
+ getRole()
+ getAvailability()
+ getDomain()
+ getAllocatedMission()
+ getHistory()
+ getState()
+ setLocation(Location location)
+ setRole(Role role)
+ updateAvailability(Availability a)
+ setAllocatedMission(Mission m)
+ updateHistory()
+ updateDomain()
+ setState(DroneState state)
+ toString()

Availability

- double: battery
- double: maxBattery
- CircleArea: area
- double: velocity
- double: payload
+ Availability()
+ getBattery()
+ getMaxBattery()
+ getArea()
+ getVelocity()
+ getPayload()
+ setBattery(double battery)
+ setMaxBattery(double battery)
+ setArea(CircleArea area)
+ setVelocity(double velocity)
+ setPayload(double payload)
+ toString()

<<Enum>>

Role

SEARCH
DELIVER_WITH_CAMERA
DELIVER_NO_CAMERA

<<Enum>>

DroneState

IDLE
BUSY
CRITICAL

CircleArea

- Location: center
- double: ratio
+ CircleArea()
+ isLocationWithinArea(Location l)
+ toString()
+ getCenter()
+ getRatio()
+ setCenter(Location center)
+ setRatio(double ratio)
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Mission

- List<Waypoint>: waypoints
- Map<Drones>: domain
- Drone: droneAllocated
- Priority: priority
- MissionState: state 
+ Mission(Priority priority)
+ pushWaypoint(Waypoint task)
+ computeUtility(Drone drone)
- computePriority()
- computeAvailability()
- computeRemainingResources()
- computeDistance()
+ getWaypoints()
+ getDomain()
+ getPriority()
+ getState()
+ getAllocation()
+ setPriority(Priority priority)
+ setAllocation(Drone drone)
+ toString()
+ equals(Mission mission)

Waypoint

- Location: location
- Action: action
- double: payload
+ Waypoint()
+ toString()
+ getLocation()
+ getAction()
+ getPayload()
+ setLocation(Location location)
+ setAction(Action action)
+ setPayload(double payload)

<<Enum>>

Priority

LOW
NORMAL
HIGH

<<Enum>>

Action

SEARCH
SENSOR
DELIVER

<<Enum>>

MissionState

PRUNNING
ALLOCATING
PERFORMING
DONE

 

 

 

 

Location

- double: latitude
- double: longitude
+ Location ()
+ distanceTo(Location location)
+ equals(Location l, double marg)
+ signedLatDistanceTo(Location l)
+ signedLonDistanceTo(Location l)
+ getLatitude()
+ getLongitude()
+ setLatitude(double lat)
+ setLongitude(double lon)
+ toString
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