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Abstract 

The availability of a reliable and accurate indoor positioning system (IPS) for emergency responders during 

on-duty missions is regarded as an essential tool to improve situational awareness of both the emergency 

responders and the incident commander. This tool would facilitate the mission planning, coordination 

and accomplishment, as well as, decrease the number of on-duty deaths. Due to the absence of global 

positioning system (GPS) signal in indoor environments, many other signals and sensors have been 

proposed for indoor usage. However, the challenging scenarios faced by emergency responders  imply 

explicit restrictions and requirements on the design of an IPS, making the use of some technologies, 

techniques, and methods inadequate on these scenarios. 

Alongside with the position information, monitoring physiological and environmental parameters is also 

vital to improve the emergency responders’ safety. So, to monitor all these parameters, a cyber -physical 

system (CPS), designated by PROTACTICAL CPS, is proposed. This system aims to improve the decision 

making at several emergency responders’ operation stages (e.g., emergency responder, teams, and 

incident commander), and is capable of detecting, in real-time, life-threatening scenarios. Different sensor 

nodes, called node-PROTACTICAL, are integrated into a personal protective equipment (PPE) to acquire 

the desired parameters. Two wireless networks are used to send the acquired information to the incident 

commander, a wireless body sensor network (WBSN) and an Ad-Hoc network. The former relies on the 
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ZigBee technology and is responsible for managing the communication with the nodes-PROTACTICAL. On 

the other hand, the Ad-Hoc network relies on Wi-Fi technology and is responsible for the communication 

between the PPE and the incident commander. For the estimation of the emergency responder’s position, 

a hybrid IPS integrated into the PROTACTICAL CPS is proposed. This IPS is based on an indirect remote 

positioning topology and is composed of three modules (radio signal-based, IMU-based, and data fusion).  

The present work focuses essentially on the design and evaluation of an IPS for emergency responders. 

This involves the definition of the specific requirements, selection of technologies, evaluation of positioning 

methods and their combination to overcome the limitations imposed by the emergency responders’ 

scenarios. 

For the radio signal-based module, the ultra-wideband (UWB) technology was selected because of its 

immunity to noise and high accuracy of the ranging measurements. A measurement campaign was 

carried out to assess the performance of the ranging measurements under different propagation 

conditions and, the worst scenario occurs when the signal is blocked by the human body.  So, non-line-of-

sight (NLOS) identification and error mitigation algorithms are proposed to reduce the ranging 

measurement error under NLOS conditions. Then, four positioning algorithms are compared and 

evaluated under different conditions (e.g., environments with different propagation conditions, static and 

dynamic target, and with or without NLOS influence due to the human body). 

The previous study confirmed some weaknesses that can be compensated by another positioning method 

and thus a pedestrian dead reckoning (PDR) system based on foot-mounted inertial sensors is proposed 

and evaluated. This system is capable of, simultaneously, estimating the distance travelled and the 

emergency responder’s attitude. An extended Kalman filter (EKF) aided by zero velocity updates (ZUPT) 

is implemented to refine the emergency responder’s position and heading. 

Finally, a data fusion algorithm based on a Kalman filter is proposed to combine the UWB and PDR 

estimates. The data fusion algorithm is assisted by a decision-making algorithm that rejects the UWB 

position estimation when two or more ranging measurements are in NLOS. The performance of the data 

fusion method is assessed with three UWB positioning algorithms. 

Keywords: Data Fusion, Emergency Responders, Indoor Positioning Systems, Kalman Filter, Pedestrian 

Dead Reckoning, Unknown and Unstructured Environments, UWB  
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Resumo 

A existência de um sistema de localização indoor (IPS) confiável e preciso que possa ser utilizado  por 

equipas de emergência durante as suas missões é considerado uma ferramenta essencial para melhorar 

a perceção da situação pelas equipas de emergência e pelo comando. Esta ferramenta facilitaria o 

planeamento, coordenação e realização da missão, além de diminuir o número de acidentes graves e 

mesmo fatais. Devido à ausência de sinal do sistema de posicionamento global (GPS) em muitas 

situações, muitas outras tecnologias e sensores foram propostos para uso em edifícios e ambientes sem 

cobertura GPS. No entanto, os cenários enfrentados pelas equipas de emergência impõem restrições e 

requisitos específicos sobre a conceção do IPS, tornando o uso de algumas tecnologias, técnicas e 

métodos inadequados nesses casos. 

Juntamente com a informação da posição, a monitorização de parâmetros fisiológicos e ambientais 

também é importante para melhorar a segurança das equipas de emergência. Assim, para monitorizar 

todos esses parâmetros, é proposto um cyber-physical system (CPS), designado por PROTACTICAL CPS. 

Este sistema visa melhorar a tomada de decisões nos vários estágios da missão (por exemplo, ao nível 

do bombeiro, das equipas e do comando) e é capaz de detetar, em tempo real, cenários que ameaçam 

a vida das equipas de emergência. Diferentes nós sensores, chamados nó-PROTACTICAL, são integrados 

em um equipamento de proteção pessoal (EPI) para a aquisição dos parâmetros desejados. A informação 
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adquirida é enviada ao comandante através de duas redes sem fios, uma wireless body sensor network 

(WBSN) e uma rede Ad-Hoc. A primeira baseia-se na tecnologia ZigBee e é responsável por assegurar a 

comunicação com os nós-PROTACTICAL. Por outro lado, a rede Ad-Hoc depende da tecnologia Wi-Fi e é 

responsável pela comunicação entre o EPI e o comando. Para a localização indoor, é proposto um IPS 

híbrido integrado no PROTACTICAL CPS. Este IPS é baseado na topologia de posicionamento remoto 

indireto e é composto por três módulos (baseado em sinal de rádio, baseado em IMU e fusão de dados).  

O presente trabalho incide no design e avaliação de um IPS para equipas de emergência. Isso envolve a 

definição dos requisitos específicos, seleção das tecnologias, avaliação dos algoritmos de localização e a 

sua combinação de modo a superar as limitações impostas pelos cenários das equipas de emergência. 

Para o módulo baseado em sinal de rádio, a tecnologia ultra-wideband (UWB) foi selecionada devido à 

sua imunidade ao ruído e precisão das medições de distância. Foi realizado um conjunto de testes para 

avaliar o desempenho destas medições em diferentes condições de propagação, verificando-se que o 

pior cenário ocorre quando o sinal é bloqueado pelo corpo humano. Para ultrapassar esta dificuldade, é 

proposto um algoritmo para a identificação das medições de distância obtidas sem linha de visão (NLOS) 

e assim mitigar o erro das respetivas medições. De seguida, quatro algoritmos de posicionamento são 

comparados e avaliados sob diferentes condições (p.e., ambientes com diferentes condições de 

propagação, alvo estático e dinâmico e com ou sem influência do NLOS devido ao corpo humano).  

O estudo anterior confirmou algumas fragilidades que podem ser compensadas por outro método de 

localização e, desse modo, é proposto e avaliado um sistema de pedestrian dead reckoning (PDR) 

baseado em sensores inerciais montados no pé. Este sistema é capaz de estimar a distância percorrida 

e a direção do movimento. Um filtro Kalman estendido (EKF) auxiliado por atualizações de velocidade 

zero (ZUPT) é implementado para refinar a posição e a direção do movimento do utilizador. 

Finalmente, propõe-se um algoritmo de fusão de dados baseado no filtro de Kalman para combinar as 

estimativas de posição provenientes dos subsistemas UWB e PDR. O algoritmo de fusão de dados é 

assistido por um algoritmo de decisão que rejeita a estimativa da posição UWB quando duas ou mais 

medidas de variação estão em NLOS. O desempenho do método de fusão de dados é avaliado com três 

algoritmos de posicionamento UWB. 

Palavras-Chave: Ambientes Desconhecidos e Não Estruturados, Equipas de Emergência, Filtro de 

Kalman, Fusão de Dados, Pedestrian Dead Reckoning, Sistemas de Posicionamento Indoor, UWB  
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Chapter 1  

Introduction 

Nowadays, there is a huge familiarization with localization systems. This happens because they are 

ubiquitous in a wide range of applications in our daily life. In part, much of the familiarity with these 

systems is due to the Global Positioning System (GPS) receivers. Such devices are used in a vast range 

of applications: pedestrian and/or car navigation systems; fleet control by the companies; georeferencing 

of photographs taken by a smartphone or tablet; military activities, just to name a few. Despite the good 

results provided by this technology in outdoor applications, in indoor applications the performance of GPS -

based systems is unsatisfying. This happens mainly because of the weakness of GPS signals, namely 

incapability to penetrate the building walls and the multipath effect. 

To overcome the GPS limitations in indoor environments, since the beginning of this millennium a huge 

effort on the development of an Indoor Positioning System (IPS) has been made. One of the most popular 

methods for indoor localization is the fingerprinting technique [1]. The popularity of this method arises 

from the fact that it relies on existing Wi-Fi infrastructures, which makes it a cost effective solution. Another 

attractive feature of this method is that unlike traditional geometric approaches (such as trilateration and 
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triangulation), the fingerprinting method achieves meter-level accuracy even in non-line-of-sight (NLOS) 

environments [1]. Based on this and other methods, several IPSs are already on the market to provide 

indoor location-based services (ILBS) [2]–[11]. However, none of these commercial IPSs is suitable to 

solve the problem of emergency responders’ location during their duty [12]–[16], as all solutions require 

beforehand measurements, calibration, configuration and deployment. These are unreliable prerequisites 

in emergency scenarios due to the nature of the indoor environments, which are typically defined as 

unstructured or unknown [12], [13], [17]–[22]. The indoor environments can be classified as structured 

or known, semi-structured and unstructured or unknown depending on the control that the IPS possesses 

over them [23], [24]: 

 Structured or Known Environment: this type of scenario is characterized by the total control of the 

IPS over the environment. Usually, these environments are static, i.e. do not change their shape 

or configuration over the time or the IPS is updated when a change occurs. Moreover, the IPS relies 

on up-to-date maps of the building or floorplans (e.g. Building Information Modelling - BIM), which 

are used to restrict the possible user movements, leading to a significant reduction of the 

uncertainty in the estimation of the position. Additionally, landmarks1, which can assume a variety 

of forms (e.g. radio beacons, tags for cameras, reflectors for scanners or some special features of 

the building geometry), can be installed in strategic places of the building to he lp the localization 

process. The position of landmarks is known beforehand by the system. The combination of 

building maps with landmarks results in environmental maps that provide a great support for an 

IPS; 

 Semi-Structured Environment: this environment is a subtype of an unstructured or unknown 

environment. To reduce the complexity of the localization process and to increase the performance 

of the IPS, some assumptions related to the existence or geometry of building structures (e.g. 

corridors, stairs, doorways or height between floors) are made. Within the IPS these building 

structures are defined as landmarks; 

                                                 
 

1 The terms landmark and waypoint are used to describe devices or structures that are used to correct the target’s position 

as it enters a building. They differ from each other on the position information they provide. A landmark provides an absolute 
position with high accuracy and its deployment occurs beforehand. The waypoint position is computed in real time, at the 
same time that the target position is being computed. A waypoint provides the relative position with an error of the same 
magnitude of the IPS associated error, its deployment is on-the-fly. 
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 Unstructured or Unknown Environment: in this type of scenario, the IPS does not have control over 

the environment. An IPS operating in this type of environment does not have access to floorplans, 

maps, or other prior knowledge about the building structure or signal propagation conditions. 

Moreover, no assumptions on the existence or geometry of building structures (e.g. corridors, 

stairs, doorways or height between floors) are made. The information that the IPS possesses about 

the unknown building is the one acquired from sensors carried by the user and, if available, from 

waypoints1 strategically deployed on-the-fly. This is the most challenging environment for the 

localization process, since the IPS has to deal with dynamic changes of the environment [23], [24]. 

Particularly in urban/structural firefighting, the majority of existing IPSs do not take into account the 

challenging conditions where the emergency responders work in. Darkness, power outages, water, high 

temperatures, smoke, flames and noise can prevent an IPS from working [22], especially IPSs that are 

previously installed on the building and rely on the building grid [18]. Moreover, the weight and complexity 

of personal protective equipment hampers the interaction between a firefighter and a laptop/smartphone. 

So, to provide a good acceptance among emergency responders, especially the firefighters, it is necessary 

to guarantee that the IPS does not interfere with the firefighter activity and, at the same time, an intuitive 

interaction between the firefighter and the IPS [22]. 

Despite all the challenges – unknown environments and hazardous working conditions – an IPS is an 

essential tool for emergency responders [12], [13], [17], [20], [22], [25]–[29]. Both the US National Fire 

Protection Association (NFPA) and the US National Institute for Occupational Safety and Health (NIOSH) 

have identified the disorientation of firefighters inside buildings – due to the combination of low or no 

visibility (caused by dense smoke and power outages), fire intensity, destruction of escape routes and 

limited air supply –, as the major cause of injuries and deaths among the firefighters, while fighting urban 

fires [12], [20], [22], [30]. Furthermore, under these extreme conditions, the firefighters are subjected to 

high levels of mental and physical stress, which makes the simple task of getting out of a building a 

challenging task [12], [20], [22]. In this context, the delivery of information on the current location of the 

emergency responders and their walked paths to the incident commander is a key factor for the mission 

success. This information provides situational awareness of the intervention scenario. With such 

information, the incident commander can monitor the current location of all units, trace the searched 

rooms, and decide where to send additional units. Additionally, escape routes can be generated, based 

on the recorded tracks of the several teams, to guide disoriented firefighters to the nearest exit or to 
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create alternatives if the shortest path is no longer available. These tracks can also be used to send rescue 

teams if a distress call is received. 

1.1. Indoor Positioning System (IPS) 

By definition, an IPS is a system that is capable of processing the position of an object/person in a 

confined and closed physical space (e.g. hospital, gym, university, or museum), in a continuous way and 

in real time [31], [32], and where other systems, like GPS-based, do not work. 

Generically, an IPS can be composed of two distinct phases of the localization process, the offline and 

the online phase (Figure 1.1). The offline phase is typical of IPSs that rely on the fingerprinting or visual 

analysis methods, further investigated in the chapter 2.1.2. During the offline phase, the system will 

gather useful information about the environment through an extensive and labour-intensive site surveying. 

During the process of site surveying, some unique information about the propagation of radio signals at 

one specific point (fingerprints) or unique features of the building structure (landmarks in optical systems) 

are acquired and stored in a database. The landmarks and fingerprints are then associated with the 
 

 

Figure 1.1. Illustration of the localization process. Representation of the two possible phases of the 

localization process, offline and online. With an inset on the signal measurement and position 

calculation phases of the online phase. 
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physical position where they were collected. The database containing this building specific information 

will be used during the online phase to assist the localization process. 

During the online phase, the IPS will compute the position of the user/object. This phase can rely or not 

on the offline phase, depending on the scheme defined for the IPS by the designers. The positioning 

process of the online phase can be further divided into two different phases: 1) the signal measurement, 

and 2) the position calculation (Figure 1.1). The signal measurement phase is characterized by the 

collection of specific parameters through the use of proprioceptive and/or exteroceptive sensors. The 

exteroceptive sensors are sensors that react to external stimuli . Examples of exteroceptive sensors are 

the wireless receivers of the technologies chosen for the IPS (e.g. ultra-wide band – UWB, Wi-Fi, ZigBee, 

ultrasound), or sensors like barometers. Whereas, the proprioceptive sensors are sensors that react to 

the stimuli produced by the person/object to which they are attached. This class of sensors is usually 

associated with the change in position and movement of the body. Inertial sensors like accelerometers, 

gyroscopes, and magnetometers are examples of proprioceptive sensors. Both classes of sensors are 

used to measure the target physical quantities of a phenomenon at each timestamp. In addition, they 

can be used separately, or they can be merged with data fusion algorithms. So, if the IPS is based on 

wireless technology, the system will exchange data between the mobile node, attached to the 

object/person, and the reference or anchor nodes, whose position is known a priori. Based on this data 

exchange, the system will collect some properties of the communication, e.g. ToA, TDoA, RSS, and AoA 

[31]. These and other distance measurement techniques are detailed in chapter 2.1.1. 

During the position calculation phase, the IPS will compute the location of the mobile node, based on the 

data collected in the first phase. So, if the IPS is based on wireless communications technologies, 

geometric approaches like triangulation, trilateration, among others will be used to compute the position 

of the mobile unit. Additionally, optimization techniques based on statistical models can be employed to 

filter out the noise and thus increase the system’s accuracy [31], [33]. This noise in the measurements 

is the result of countless sources of interferences that a signal faces in real indoor environments. On the 

other hand, if the IPS is based on inertial sensors, the position of the mobile unit is estimated iteratively, 

based on one of the dead reckoning methods [12]. Finally, if the IPS uses both wireless transceivers and 

inertial sensors, the position of the mobile node can be computed based on techniques described in the 

literature as data fusion. Kalman and particle filters are examples of data fusion methods for the 

estimation of the position of the mobile node. The use of data fusion methods allows increasing the overall 
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accuracy of the IPS, since the combination of different technologies allows minimizing the impact of the 

drawbacks of each technology. The referred localization methods will be further analysed in chapter 2.1.2. 

1.2. IPS Requirements for Emergency Responders 

Designing an IPS for emergency responders is regarded as one of the most difficult and challenging tasks 

[12], [22], [25], [34], [35]. As previously highlighted, designing an IPS to operate in unknown and 

unstructured environments is a challenging task by itself. The environments where the missions of 

emergency responders take place, especially the firefighters’ ones, represent an additional challenge.  

For an IPS to be an asset in emergency situations it must comply with stringent requirements imposed 

by emergency responders. These requirements are categorized based on the following characteri stics: 

(a) accuracy, (b) information accessibility, (c) system’s adaptability, (d) system’s architecture, (e) system’s 

autonomy, and (f) cost. Figure 1.2 shows the thematic taxonomy proposed to describe the requirements 

of an IPS for emergency responders. 

 

Figure 1.2. Taxonomy of IPS requirements for emergency responders. 
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1.2.1. Accuracy 

According to the survey conducted by Li et al. [36], the accuracy of the location information is considered 

as the most important requirement among first responders in the United States. However, the accuracy 

of the IPS depends on the information provided. 

If the IPS provides a room-level position information, its accuracy will be measured by the ratio of correct 

room-level estimations to the total number of targets [37]. For emergency responders the room-level 

accuracy must be near 100% [12], [22], [36], otherwise, it will lead to distrust on the IPS. The wrong 

identification of a room could lead to missing the search in one room or search the same room twice, 

making the mission inefficient. Furthermore, if an emergency responder is in distress, the wrong 

identification of his/her room will send the rescue team to a different room, increasing the time of the 

rescue mission. 

If the IPS provides the position of the emergency responders as Cartesian coordinates its accuracy will 

be measured by the average error distance of meter-level estimation of all targets [36]. For such systems, 

the error in the horizontal and vertical planes should not be, preferably, higher than one and two meters, 

respectively [17], [28]. Larger errors may be acceptable if they occur occasionally and the system is able 

to robustly predict them [19]. The need for a robust prediction of the position error leads to another key 

requirement in the design of an IPS for emergency responders, the reliability of the position estimation. 

The IPS must be able to recognize when the position estimate is not accurate and notify the emergency 

responder or the incident commander about it [17], [19], [28]. 

1.2.2. Information Accessibility 

Knowing the exact position of the emergency responders is useless if this information in not clearly 

presented to both the incident commander and the emergency responders. So, the positioning data 

should be presented intuitively and must not interfere with on-duty activities [19], [28], [36]. Preferably, 

the positioning information should be presented in smart glasses or helmet visor, in the case of emergency 

responders. For the incident commander, the positioning information of the emergency responders 

should be presented in a user-friendly graphical user interface (GUI) [17]. 
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Moreover, the position of the emergency responders must be computed in real -time and the positioning 

information must be constantly accessible for both, the incident commander and the emergency 

responders [28]. Each IPS sets a different position update rate. For example, the work carried out by 

Harmer et al. sets the position update rate to one second [17] and Femminella and Reali specify the 

minimum position refresh time to 20 seconds [18]. However, according to the survey conducted by Li et 

al. among the first responders in the United States, the position estimation update should not take more 

than 40.35 seconds [37]. 

To increase the situational awareness of the incident commander about the mission, the IPS should also 

have built-in real-time mapping capabilities [19], [28]. The generation of these maps should be automatic 

and based on Simultaneous Localization and Mapping (SLAM) approaches and emergency responders’ 

position information. Besides the improvement in situational awareness, these maps can also be used to 

increase the accuracy of the IPS [19]. 

Finally, the information security is another concern in information accessibility. The use of the emergency 

responders’ position by unauthorized personnel can put them in life -threatening situations. The access of 

position information by unauthorized personnel is extremely critical in the military domain. E.g., if the 

enemies hack the IPS and get access to the positioning information of the militaries on the field, they will 

be in an advantageous position. Methods for encrypting the voice communications and data t ransfer can 

be used to prevent the hacking of the IPS [28]. 

1.2.3. System Adaptability 

As stated before, the missions of emergency responders take place in a vast range of different scenarios. 

So, to have a good acceptance among the emergency responders, the performance of the IPS should be 

the same for all intervention scenarios. 

Within the research community, it is commonly accepted that an IPS for emergency responders must be 

(1) independent of building infrastructure (cabling, electricity power supply, and permanent devices 

installed in fixed locations) [12], [18]–[20], [28], [37], [38], (2) independent of prior collected data [12], 

[18], [19], [37], [38], (3) independent of accurate maps [19], and (4) robust against dynamic changes 
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on the environment, i.e. without compromising the IPS performance [12], [18]–[20], [22]. These are 

prerequisites for an IPS to operate in unstructured environments. 

Another important issue about the adaptability of the IPS is the capability to expand its coverage over the 

site [17]. Expandable coverage is an important feature of an IPS for emergency responders, as their 

missions can cover wide operative areas. Therefore, if it does not have the capability of expanding its  

coverage as users enter a building, the IPS will not be able to produce new position updates.  

However, the deployment of an IPS should not interfere with on-duty activities of emergency responders. 

Again, according to the survey conducted by Li et al. among the first responders in the United States, the 

deployment effort on the scene should not take more than 135 seconds [37]. This time represents the 

period between the moment the emergency responders arrive at the site and the instant the IPS is fully 

operational. 

1.2.4. System Architecture 

One of the main requirements of the IPS architecture is modularity [28]. A modular architecture has many 

advantages, such as: (1) facilitates the integration with existing systems, (2) reduces modules’ size, 

therefore, easing the integration on the protective garment and (3) allows the customization of the IPS 

based on the scenario needs, e.g. if the firefighters are called for a forest fire, the use of a good GPS 

receiver is enough to meet the localization requirements. This leads to a reduction in energy consumption, 

expanding the system’s autonomy and making it lighter. 

Alongside with the capability of expanding the coverage area, an IPS must also be scalable at the number 

of emergency responders it can support. Scalability is extremely important because the IPS must track 

all positions of the emergency responders on the field [12], [18], [37]. The number of users to be tracked, 

range from 100 up to 1000, depending on the requirements that each developer sets for its IPS [17], 

[18]. Additionally, the majority of nodes to be tracked are mobile and their number is small when 

compared with WSNs [12], [22]. The mobility and the reduced number of sensor nodes have implications 

on the selection of the localization method. On the one hand, the mobility implies that the position of the 

node has to be continuously computed, forcing the localization algorithm to be computationally tractable, 



Chapter 1 

10 

 

real-time executable and stable to the dynamic changes [12], [20]. On the other hand, the low number 

of nodes over a wide operative area implies that they have low connectivity, making the use of localization 

methods of WSNs unreliable for emergency responder scenarios [12], [22]. 

Since an IPS for emergency responders has to operate under harsh conditions, including extreme 

temperature and humidity, the physical robustness of its components is a key factor [28], [37]. So, the 

components of the IPS have to be designed to resist the intense heat, water and other physical hazards, 

without letting the variation of these environmental parameters affect the performance of the IPS. 

However, for the ease of assembling on the emergency responder’s garment and to not interfere with the 

emergency responder's on-duty activities, these components have to be lightweight and with a reduced 

form-factor [19], [22], [28], [37]. Based on the survey conducted in the United States among first 

responders by Li et al., the maximum weight and volume of the IPS are 1.16 Kg and 107.34 cm 3, 

respectively [37]. These findings were corroborated by Rantakokko et al. [28] work. 

1.2.5. System Autonomy 

Since the IPS must not be powered by the grid, it has to be battery -powered to provide the IPS the required 

autonomy. However, depending on the type of emergency, the intervention time can last for long periods, 

up to 24 hours [28]. Additionally, depending on the localization methods selected, considerable 

computational resources may be required, which means an increase in power consumption. This entails 

a trade-off between IPS’s autonomy and size of the battery or batteries, as an increase of the battery 

capacity corresponds to an increase in size and weight, which is not desirable. 

So, energy-efficient methods have to be adopted to cope with the limited energy capacity of the batteries 

and the computational resources required by the localization methods. These methods focus on the 

efficient distribution of the computation workload between the emergency responder and the incident 

commander, and to keep the communication overhead low [12]. In this way, at the emergency responder 

side, the first estimation of emergency responder position is carried out with the help of computationally 

tractable algorithms. This information is then sent to the incident commander, where powerful algorithms 

will refine the position of the emergency responder based on the position and the spatial distribution of 

the other emergency responders and building maps. The used building maps can be based on 

constructed virtual maps or on the existing building maps. 
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1.2.6. Cost 

The cost of the IPS has a huge impact on its acceptance by the emergency responders [12], [19], [28], 

[37]. Due to the challenging scenarios encountered during these missions, some researchers developed 

prototype and innovative technologies to address this issue. However, due to the early stage of their 

development, these technologies are quite expensive, which result in an expensive IPS. According to 

Rantakokko et al. to achieve a high market penetration, the price of an IPS should be below €1000 [28]. 

Nevertheless, this value may vary between countries. 

1.3. Motivation and Objectives 

The motivation for this thesis arises from the PROTACTICAL personal protective equipment (PPE), which 

is a project financed by the Portuguese QREN program (I&IDT-Project in Co-promotion No. 23267). This 

project aims to develop a smart PPE for firefighters that is capable of: (1) guarantee thermal insulation to 

minimize exposure of the firefighter to excessive temperatures; (2) monitor vital signs to detect an 

emergency situation and, if detected, send a distress message to the incident commander; (3) ensure 

comfort and safety; (4) monitor harmful gases to the human health; and (5) monitor the firefighters’ 

position, in the event that it is necessary to assist the firefighter, the response should be as soon as 

possible. 

Within the scope of the PROTACTICAL project, this thesis addresses the electronic components of the 

PPE, more specifically the development of the IPS. So, the main research question of this thesis is how 

to locate and track emergency responders in unknown and unstructured environments. To answer this 

question, a comprehensive analysis of the IPS requirements for emergency responders and the existing 

IPSs was carried out. Based on this analysis, the most promising technologies and algorithms were 

selected. Although the main objective of this thesis is the development of an IPS for emergency 

responders, the following intermediary objectives are also pursued: 

 Development of autonomous nodes to monitor physiological and environmental parameters, 

detect life-threatening events and assist the localization process; 
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 Development of a wireless communication network to guarantee bidirectional communication 

between the incident commander and the emergency responders; 

 Study and characterization of the UWB ranging error under different propagation conditions; 

 Implementation and characterization of a positioning system based on UWB ranging 

measurements; 

 Implementation and characterization of a pedestrian dead reckoning based on inertial sensors 

mounted on the foot. This system should be independent of any user-specific parameters; 

 Implementation and characterization of a data fusion method to merge the position estimation of 

both UWB- and Pedestrian Dead Reckoning- (PDR) based systems. 

1.4. Contributions 

The main contributions of this thesis can be summarized as follows: 

 A detailed description of the requirements of an IPS for emergency responders. Alongside with 

the requirements, we have also proposed a new taxonomy for their classification;  

 An in-depth analysis of the existing solutions for emergency researchers and the identification of 

the main issues and challenges within this research field, as well as, future research directions. 

A new taxonomy is proposed to classify the different IPS approaches according to the design 

choices; 

 An IPS integrated into a cyber-physical system (CPS). Besides the positioning and tracking 

functionalities provided by the IPS, this system is also capable of monitoring physiological and 

environmental parameters, support decision making, detection of life-threatening events, and 

reliable communication; 

 Study of the impact that different obstructions (fire door, walls, and the human body) have on the 

UWB ranging measurements; 

 An algorithm for NLOS identification and error mitigation that only  relies on parameters provided 

by a commercial off-the-shelf (COTS) UWB transceiver. This algorithm is designed to not 

compromise the real-time requirements of the IPS; 

 Evaluation and comparison of four ToA-based positioning algorithms under different conditions 

(e.g., environments with different propagation conditions, static and dynamic target, and with or 

without NLOS influence due to the human body); 
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 A data fusion method for combining inertial sensors and UWB measurements. The data fusion 

process is supported by a decision-making algorithm that assesses the usability of UWB 

measurements for the data fusion process. 

1.5. Thesis Outline 

Each chapter of this thesis addresses different aspects of developing an IPS for emergency responders. 

The research conducted in this thesis is organized in 8 chapters (including the present introduction).  

Chapter 2 starts by providing an overview of measurement techniques and localization methods available 

to solve the indoor localization problem. Each technique and method is analysed based on its suitability 

to be employed in the considered scenario. Then, a taxonomy is proposed to classify the different IPSs 

schemes on the emergency responder’s field. Finally, this chapter ends by providing a comprehensive 

survey of state-of-art IPS developed to help emergency responders. Each individual approach is then 

evaluated based on the proposed taxonomy and requirements. 

In Chapter 3, a smart PPE is proposed based on the concept of CPSs, designed as PROTACTICAL CPS. 

This the system is designed based on a modular and distributed architecture, allowing the integration of 

different sensors into the Wireless Body Sensor Network (WBSN-PROTACTICAL). With regard to the IPS, 

the PROTACTICAL CPS provides the communication capabilities to acquire the data from the nodes 

distributed in the PPE (through the WBSN-PROTACTICAL) and to send the computed position to the 

incident commander (through the Ad-Hoc PROTACTICAL). Additionally, this system monitors physiological 

and environmental parameters. 

In Chapter 4, the merits of UWB technology for indoor localization are studied. This chapter starts by 

evaluating and comparing the performance of the UWB ranging measurements under different 

propagation conditions – line-of-sight (LOS) and NLOS. Based on the results obtained, a NLOS 

identification and error mitigation algorithm with low complexity and computational requirements is 

proposed and evaluated. Then, four positioning algorithms are implemented and evaluated – with and 

without the NLOS identification and error mitigation algorithm – for both static and dynamic scenarios. 
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In Chapter 5 a PDR method, based on inertial sensors, is implemented and evaluated. The PDR system 

is an autonomous node within the WBSN-PROTACTICAL and is designed based on micro-electro-

mechanical systems (MEMS) to meet the IPS architecture requirements. Despite  the attractiveness of the 

PDR systems to the application scenario, the technological limitations of the MEMS inertial measuring 

units (IMU) prevent its use as a standalone solution. 

In Chapter 6, a data fusion method is proposed to combine the position estimates of the PDR system 

with the UWB measurements. By combining both position estimates, the best of both methods can be 

preserved and their limitations mitigated. The resulting system is capable of providing a robust position 

estimate and has the potential to be used as an integrated solution to help the emergency responders 

during their missions. 

Finally, Chapter 7 summarizes the main conclusions of this thesis, together with some possible future 

research directions to extend the work performed in this research and in the field of IPSs for emergency 

responders. 
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Chapter 2  

Background 

In this Chapter, the fundamental principles of indoor localization are introduced and discussed. The first 

section of this Chapter looks over the distance measurement techniques and the localization methods 

typically employed on indoor localization. Both techniques and methods are critically reviewed under the 

requirements of an IPS for emergency responders. Then, a taxonomy is proposed to classify the existing 

IPSs for emergency responders based on the design choices followed by a systematic in-depth study of 

the existing solutions. Finally, this Chapter ends by presenting several open issues of the existing solutions 

and proposing future research directions within the scope of IPSs for emergency responders. 

2.1. Localization Techniques and Methods 

Localization is the ability to know, at a given time, the position of a person or object in relation to a 

predefined referential. The localization problem can be divided into outdoor and indoor localization. This 

division is justified by some differences at conception level, e.g. the need for a global or local reference, 
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the accuracy required, and the influence of the environment on the precision and accuracy of localization, 

based on the selected technology. 

In the literature, many terms have been used to define the location process of a person/object. If the 

localization system relies on wireless technologies, terms like localization, positioning, geolocation, 

position location, and radiolocation are commonly used to describe the location process [39]. 

In the following subsections, the distance measurement techniques and the localization methods used in 

indoor localization are explored. When compared to the works presented in [1], [27], [31], [36], [38] and 

[43], a wider selection of localization techniques and methods are addressed and analysed, focusing on 

their theoretical background and the pros and cons of their use. The analysis presented provides a good 

theoretical background on the indoor localization field, as well as, a better understanding of the main 

limitations affecting the performance of the developed IPSs for emergency responders. The schemes 

proposed for emergency responders’ IPSs, discussed in Section 2.3, are based on one or the combination 

of two or more techniques and methods described below. 

The localization methods of WSNs are not covered as they do not comply with the IPS requirements for 

emergency responders. 

2.1.1.  Distance Measurement Techniques 

The selection of the distance measurement technique or combination of techniques is a key factor for the 

performance of the IPS. Thereby, the accuracy of an IPS will be directly related to the accuracy of the 

distance measured. The same applies for the system’s precision.  

Several technologies have been used for distance measurement between nodes, e.g.: ultrasound sensors 

[22], [31], [32], [43]–[45]; infrared sensors [31], [32], [44], [45]; video cameras [32], [44], [46]; inertial 

or motion sensors [12], [22], [40], [41]; techniques based on radio frequency (RF) signals [12], [22], 

[31], [32], [39], [44], [45]; or a combination of these technologies [12], [22], [26], [44], [45]. However, 

some of these systems showed performance limitations due to the restriction of LOS. To overcome the 

LOS restriction, some IPSs require beforehand knowledge of the sensor orientation or rely on targeting 
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systems, which are usually very expensive and require enormous processing time. Therefore, in systems 

that the human interaction should be non-existent and the power consumption is a critical factor, the use 

of directional sensors must be avoided. In fact, designing an omnidirectional and accurate  system is a 

highly complex problem that continues to be a major topic of research worldwide [47]. 

According to the distance measurement principle, these techniques can be classified into two categories 

based on the (1) properties of wireless communication technologies and on (2) measurement of physical 

quantities. The taxonomy of the distance measurement techniques is shown in Figure 2.1. 

Techniques based on the Properties of Wireless Communication Technologies 

The techniques based on the wireless communication properties can be divided into four categories: (1) 

radio hop count; (2) signal propagation time (ToA, TDoA, and RToF); (3) received signal phase/angle 

(AoA, RSP, and interferometry); and (4) received signal strength (RSS and CSI).  

The Radio Hop Count technique assumes that the network nodes are evenly distributed and the distance 

between the nodes is known beforehand. Thus, the distance between two nodes is defined by the number 

of hops needed to establish the communication between them. However, to achieve a good performance, 

 

Figure 2.1. Taxonomy of the Distance Measurement Techniques. 
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this technique requires a high node density, which is unrealistic in emergency responder’s scenarios [12], 

[22], [48]. 

The Time of Arrival (ToA), also known as Time of Flight (ToF), is based on the fundamental principle that 

the distance between the transmitter and the receiver is directly proportional to the transmission time 

delay and the signal velocity [31]. In the air the speed of electromagnetic waves is approximately 3.108 

m/s. The major drawback of this technique is the need of a high precision temporal synchronization 

between the transmitter and the receiver. A synchronization error of one nanosecond results in an error 

of 0.3 meters in the localization [49]. Nevertheless, the ToA technique is very accurate and can filter out 

the multipath effects [32]. The best results are achieved when the ToA technique is combined with UWB 

technology [31]. 

The Time Difference of Arrival (TDoA) technique, also known as Time Difference of Flight (TDoF), is a 

variation of the ToA technique and has two approaches: the TDoA of multiple nodes [12] and the TDoA 

of multiple signals [31], [48]. In the first approach, several anchor nodes (receivers) are distributed on 

the site and temporally synchronized. Periodically, the target node (transmitter) broadcasts a signal. When 

this signal is received by an anchor node, the timestamp of the signal reception is recorded. The recorded 

values are sent to a base station that is responsible for the computation of the target node position. This 

technique can be applied in reverse. In this case, the anchor nodes transmit, simultaneously, the ranging 

signal. The target node receives those signals and computes its position. In the second approach, two 

signals are transmitted simultaneously but with different propagation ve locities in the medium. As the 

propagation speed of those signals is known, the distance between two devices is computed based on 

the time difference of arrival of the two signals at the receiver [31], [48]. Like the ToA technique, the 

TDoA technique is only suitable when LOS is available. The position of the anchor nodes has to be known 

beforehand, and they have to share the same temporal reference [12], [39], [45]. The advantage of this 

technique over the ToA technique is that the target node does not need to be synchronized with the 

anchor nodes [39], [45]. The TDoA variant with multiple signals usually requires extra hardware [48]. 

The Round-Trip Time of Flight (RToF) technique, which is also based on the ToA technique, consists in 

measuring the time that a signal takes to travel the path between a transmitte r and a receiver and return 

to the transmitter. The processing time that a receiver requires to process the incoming signal and send 

it back is subtracted to the time measured by the transmitter [12], [31]. Unlike the ToA and the TDoA 
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techniques, this technique does not require the clock synchronization among the nodes [12], [39]. The 

localization methods used in ToA-based systems can also be applied to this technique, without adaptation 

[39]. However, the RToF technique requires high precision clocks for the computation of the receiver 

processing time, which increase the cost of the system [12], [39]. The communication overhead and the 

complexity of the system will also increase due the messages exchange [12], [31], [45]. 

The Angle of Arrival (AoA) technique consists of determining the reception angle of a received signal. In 

AoA-base systems, the position of the anchor nodes must be previously known [39], [45], and the 

computation of the received angle can either be performed by the target node or the anchor node [12]. 

For the determination of the angle of arrival, the system can either use directional antennas or antennas 

arrays [31], [39], [45], [48]. The AoA technique does not need temporal synchronization among nodes 

[31], [39]. However, to achieve a good localization accuracy, the AoA technique needs LOS availability 

[12], [31], [39], [49]. Additionally, the IPS has to be based on antennas with angles’ measurement 

capability, which will increase the cost of the system [31], [45], [49]. 

The Received Signal Phase (RSP) technique uses the carrier phase for distance calculation. This technique 

presupposes the transmission of signals at the same frequency, purely sinusoidal and with zero off sets 

of phase. For the determination of the arrival phase, the signals must be transmitted with a finite 

propagation delay and the transmitters’ position must be known [39]. However, this technique needs LOS 

conditions to work [39]. 

The Interferometry technique consists of transmitting sinusoidal waves with multiple frequencies. The 

receiver, equipped with antennas arrays, stores the different overlapped signals. Based on the phase 

displacements and knowing the signals wavelength, the distance between two devices can be computed 

[12]. This technique also requires LOS to compute the distance accurately [12]. The need of LOS 

conditions is one of the main reasons to not recommend the use of techniques based on received signal 

phase/angle for the indoor localization [49]. 

The Received Signal Strength (RSS) technique is based on the physical principle that the received strength 

of a radio signal is inversely proportional to the distance increase. To compute the distance between 

nodes, the IPS has to have a prior knowledge about the signal transmission power [12]. However, in 

indoor environments, the relationship between the RSS and the transmission power may be nonlinear. 
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This nonlinearity occurs due to the countless obstructions that a signal is subjected to in indoor 

environments, as well as, to the effects of phenomena like multipath, scattering, diffraction and reflection 

in a radio signal [49]. In the works conducted by Sarkar et al. and Zanella, several empirical and 

theoretical models are analysed aiming to minimize the error sources associated with the aforementioned 

problems [50], [51]. The RSS technique allows reusing the existing infrastructure since most of the 

wireless technologies have the built-in capability of RSS measurement [12], [45], [49]. Additionally, this 

technique works under NLOS conditions when a propagation model or a fingerprinting -based localization 

method is used. However, the signal propagation models and the fingerprinting -based methods are site 

specific. The main drawback of the RSS technique is the fluctuation of the RSS value between readings 

[12], [39], [45], [49], [52]. 

The Channel State Information (CSI) technique relies on the PHY layer power feature to discriminate 

multipath characteristics of a radio signal [53]. This technique studies the channel variation experienced 

during the propagation of a signal, more specifically, reveals the influence of scattering, fading and power 

decay with distance [54], [55]. Unlike RSSI, CSI is able to capture and characterize all the individual 

components of the multipath effect [53]. To study the multipath components, two variants of the CSI 

technique can be used, namely, the Channel Impulse Response (CIR) and the Channel Frequency 

Response (CFR). CIR and CFR are, respectively, the time and frequency domain representation of the 

individual multipath components. The CIR variant allows separating the LOS component, while  the CFR 

variant is useful to study the frequency-selective fading [53]. When compared with RSSI-based 

approaches, the main advantages of CSI technique are the capability to distinguish the multipath 

components and the possibility of using the same localization methods of RSS-based systems, with higher 

accuracy in both CSI-assisted ranging and CSI-assisted fingerprinting [53]. However, until now there is 

only one COTS device that allows extracting the CSI values from the PHY layer. This device only works 

with Orthogonal Frequency Division Multiplexing (OFDM) based system and requires a site survey phase 

when it is used with CSI-assisted fingerprinting [53], [55]. 

Techniques based on the Measurement of Physical Quantities 

The distance determination through the measurement of physical quantities can be carried out by two 

different techniques: direct measurement and use of inertial and motion sensors. 
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The Direct Measurement technique is based on using physical actions (e.g. contact or pressure) or 

movements (with the arm of a robot, for instance) to compute the distance between the user and the 

device. The main drawbacks of this technique are the requirement for LOS and the need for interaction 

between the user and the system. 

The use of Inertial and Motion Sensors is another technique for the measurement of physical quantities. 

This class of proprioceptive sensors is capable of measuring physical phenomena such as acceleration, 

velocity and orientation of the movement [12] and allows the computation of the travelled distance and 

the orientation of the movement. The direct approach computes the displacement and the heading 

changes between steps through the direct use of magnetometers, accelerometers and gyroscopes 

readings. In the indirect approach, the readings are used to detect and count the steps, as well as, the 

heading changes. Based on the number of steps and the distance of each step, the movement 

displacement is computed. The distance of each step can be a fixed value or a value computed iteratively 

from the inertial sensors reading [40], [41]. This technique is fully autonomous and, therefore, no external 

device is required for the computation of the travelled distance. This is the major advantage of this 

technique over the other distance measurement techniques. However, the main drawback of this 

technique is the error control associated with each measurement, since it presents a cumulative 

behaviour [12], [45]. 

2.1.2.  Localization Methods 

In an IPS, the localization method is the core of the system and the unit responsible for computing the 

position of a target node. The position is computed based on the distance measurements carried out by 

one or more of the techniques described in the previous subsection. Besides computing the target node’s 

position, the localization methods can also rely on measurement error mitigation mechanisms to improve 

the localization accuracy. These mitigation mechanisms are designed to deal with the physical 

phenomena that affect radio signals – e.g. multipath, reflection, scattering, obstruction, and attenuation 

– or the drift error of the inertial sensors. A common practice to increase the IPS performance is the 

combination of two or more localization methods. 

However, considering the requirements for emergency responders’ IPS presented Section 1.2.3, a new 

taxonomy to classify the localization methods is proposed, Figure 2.2. This taxonomy aims to stress the 



Chapter 2 

22 

 

restrictions related to the selection of a localization method and to help new researchers in the field t o 

avoid the pitfalls encountered by previous researchers. In the proposed taxonomy, the localization 

methods are classified according to the need of a training or offline phase. Based on this classification 

two classes of localization methods are reviewed, the (1) autonomous and the (2) training-dependent 

methods. 

Autonomous Methods 

The autonomous methods can be divided into four categories, namely, (1) proxim ity methods, (2) 

geometric approaches (e.g. triangulation, trilateration, and maximum likelihood estimation), (3) dead 

reckoning methods and (4) Kalman filters. 

The Proximity localization method is based on a dense network of antennas distributed throughout the 

site, whose position is previously known. These antennas can either be active or passive and based on 

the antenna type, the IPS can be centralized or decentralized, respectively. The position of the mobile 

device is defined as the detected antenna position. Therefore, the accuracy of the system is inversely 

proportional to the antennas’ cover range and directly proportional to the granularity of antennas [45]. If 

a mobile node is detected or detects two antennas, its position is defined by the antenna’s position that 

has the strongest signal. This method does not allow continuous monitoring of the position. Proximity is 

widely used in combination with dead reckoning methods to correct the mobile node position. This 

 

Figure 2.2. Taxonomy of Localization Methods. 
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strategy is very efficient for error reduction/control [12]. The simplicity and ease of integration of this 

method with other localization methods make the proximity method very attractive for emergency 

responders’ IPS [12], [39], [45]. 

The Triangulation or Angulation method relies on angle measurements and the geometric properties of 

triangles to estimate the mobile node’s position. The angle measurements are obtained through the AoA 

technique [31], [39]. This method allows computing the 2D and 3D position with two and three angle 

measurements, respectively. For the 3D position, the third angle measurement is the azimuth angle. The 

position of the mobile node is computed through the intersection of imaginary lines created from these 

angle measurements [31], [49], [52]. The accuracy of the IPS can be increased if more angle 

measurements are collected from other anchor nodes [45]. 

Like the triangulation method, the Trilateration method also computes the node’s position based on the 

geometric proprieties of triangles. However, instead of using angle measurements, the trilateration 

method relies on distance measurements [45]. The 2D or 3D position of the target node is computed 

based on three non-collinear distance measurements or four non-coplanar distance measurements, 

respectively. The position of the target node is computed by the intersection of imaginary circles or 

spheres for 2D or 3D localization, respectively [31], [48], [49]. The ray of each imaginary circle or sphere 

corresponds to the distances obtained through measurement techniques like ToA, TDoA RToF, RSS, 

interferometry and CSI [39], [45]. Additionally, the angle measurements obtained from AoA techniques 

can also be used if the angles are converted into distances [31]. In indoor environments, time-based 

techniques are more precise than RSS-based techniques [49]. 

The Maximum Likelihood Estimation (MLE) method is a subtype of the trilateration method and is used 

to address the problem of measurement uncertainty in localization [31]. The main goal of the MLE method 

is to minimize the impact that noisy environments have on distance measurements. Based on distance 

measurements from multiple anchor nodes, usually more than three, a statistical method is used to 

minimize the differences between the measured distances and estimated distances [31], [48]. Another 

advantage of the MLE method is the capability to address the temporal synchronization issues [31]. 

The Dead Reckoning method consists in determining the current position based on the last computed 

position and the motion information. The position of the target node is iteratively incremented based on 
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the known/calculated velocity of the motion over a defined period of time [12], [45]. The dead reckoning 

method is usually applied in systems based on inertial and motion sensors but it can also be used in 

video-based IPSs. For the estimation of the distance travelled by a person, two different techniques can 

be used: the step counter technique, called pedometer; and the PDR technique. The former estimates 

the distance travelled by counting the number of steps and then multiplying by the predefined step length. 

The main drawback of this approach is the choice of an appropriate step length for the computation of 

the travelled distance. Furthermore, normal walking has non-constant step length which will lead to 

position estimation errors. The PDR technique estimates the travelled distance directly, i.e. one IMU is 

attached to the foot of a person and measures the changes in acceleration and angular velocity. The 

acquired information is then processed, converted into the motion referential and the distance and 

orientation of the movement are computed. The movement displacement and the orientation change are 

incremented in the last position computed. To increase the performance of the system, the Zero -Velocity 

Updates (ZUPT) technique can be used. The ZUPT technique sets the velocity to zero when a stance 

phase is detected, i.e. when the foot touches the ground. This technique allows reducing the impact of 

the inertial sensors drifts to one measurement cycle, because it prevents the error associated w ith the 

sensor drift from being iteratively integrated. Without the ZUPT technique, the position error will grow 

exponentially due to the two-fold integration needed to convert the acceleration into a distance [12]. Also, 

waypoints and maps can be used for error mitigation. Waypoints are based on the proximity localization 

method and, usually, on the Radio-Frequency Identification (RFID) technology. Another alternative for 

error mitigation is the use of the context information provided by maps. In this approach, for each new 

position estimation, the system will check its plausibility according to the existing map floor. The system 

assumes that a person cannot cross through walls and can only change rooms via doors, which are also 

detailed on the map. Moreover, since the position of the doors and stairs are known, this information can 

also be used to correct the position estimation [12]. 

The Kalman Filter was first introduced by Rudolph E. Kalman and is a subtype of a Bayesian filter [56]. 

The Kalman filter is an iterative method for data fusion [33]. This method can be used in any system that 

relies on distance and bearing measurements between nodes or other indirect measurements, such as 

velocity, acceleration, and angular velocity [21]. This method is based on the estimation of the state of a 

linear dynamic system, given a series of observations [57]. A Kalman filter has two steps, the prediction 

step, and the update step. In the prediction step, the next state of the system is predicted based on the 

previous measurements. In the update state, the current state of the system is estimated based on the 
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latest measurements acquired [57]. The new position estimation is computed based on the combination 

of the results of these two steps. For nonlinear dynamic systems, there are two extensions to the Kalman 

filter for the calculation of the system states, the Extended Kalman Filter (EKF) and the Unscented Kalman 

Filter (UKF). The difference between these two extensions is the Gaussian approximation to the filtering 

solutions of nonlinear optimal filtering problems. The EKF uses a Taylor series based approximation while 

the UKF uses an unscented transform [57]. The Kalman filter has several advantages, namely, good 

accuracy, robustness even with noisy measurements, the capability to track several mobile nodes in real -

time and low computational and communication overhead [21]. 

Training-Dependent Methods 

The training-dependent methods can be divided into five categories, namely, (1) centroid, (2) particle 

filters, (3) pattern recognition, (4) visual analysis and (5) map matching. 

The Centroid method is composed of a training phase and an online phase. During the training phase, 

the position of each anchor node is computed based on the measurements that each anchor node 

receives from their neighbour nodes. The final position of an anchor node is the result of a weighted 

average of the position estimated from each measurement. This information is stored as a radio map that 

contains all anchor nodes of the system. During the online phase, the position of the mobile node is set 

as being at the centre of all hearable anchor nodes. The Cartesian coordinates of the mobile node are 

computed based on the arithmetic average of the position of each hearable anchor node. Additionally, 

the position of a mobile node can be further refined using a weighted average approach. This approach 

is based on the RSS from each anchor node and on attaching a different weight to the position of each 

anchor node [49]. 

The Particle Filter (PF) method is a data fusion algorithm that merges the data provided by different 

sensors, i.e. combines the data delivered by proprioceptive and exteroceptive sensors. The position of a 

mobile node, at a given moment, is computed based on a set of weighted particles.  A particle is an 

estimation of the position generated by the PF. An IPS based on this method requires two entry models, 

the sensorial and the motion model. The sensorial model determines, based on sensorial data, what is 

the probability of the estimated position (particle) to match with the real position of the device. The motion 

model describes the particle movement as an approximation to the mobile node movement. The motion 
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can be described either by simple models (e.g. generation of random values) or by  more complex models. 

The more complex the model is, the more accurate the position estimation will be. However, increasing 

the model complexity will also increase its cost, the computational requirements, the energy consumption 

and the time required for the model development [49], [58]. 

The Pattern Recognition method or Fingerprinting is the localization method used in most IPSs. This 

method consists of two phases, the offline and the online phase. During the offline phase, a map with the 

proprieties (fingerprints) of the environment is created - a fingerprint is one characteristic, or a set of 

characteristics, which makes an environment unique [52]. The fingerprinting map is created by recording 

the Received Signal Strength Indicator (RSSI) of each anchor node for a specified position in a grid [32]. 

This process will be repeated for all the points in the grid defined for the site. To minimize the impact of 

the several interferences that a signal is subjected, various samples are gathered for each position. The 

final RSSI values are obtained via a weighted average of the collected samples. The denser the grid, the 

more accurate the IPS will be. However, the complexity and the development time of the system will also 

increase [12], [39], [52], [58]. During the online phase, the mobile node collects the RSSI values from 

the various anchor nodes within its range and then compares these values with those stored in the form 

of a fingerprinting map. The best match is defined as the position of the mobile node. In [39] are 

summarized some algorithms used for the matching process. The fingerprinting method can be used with 

RSS and CSI measurements. However, the CSI measurements have shown a tremendous performance 

gain when compared with RSS-based IPSs [53]–[55]. The major drawback of this method is the need of 

an extensive site survey. 

The Visual Analysis method determines the position of a mobile node based on images that can be 

obtained from one or more cameras. This method uses landmarks to estimate the position of a 

person/object. Since the position of landmarks is known, the position of the mobile nodes is computed 

by comparison with those points. Based on the scenario, these systems can be classified as static or 

dynamic. In IPSs based on the visual analysis method, the localization of mobile nodes is passive, i.e. no 

additional hardware is needed for localization. However, since the localization is carried out based on 

landmarks, its use is not recommended for unstructured environments [32]. 

The Map Matching (MM) method combines electronic maps with the position information (e.g. GPS 

coordinates and IMU readings) to compute the position of a mobile node. Widely used systems based on 
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this method are the satellite navigation systems. The use of electronic maps is an efficient alternative to 

hardware installation, as they allow reducing the cost and increasing the scalability of the IPS [45]. 

However, the availability of electronic maps for unstructured environments is very low and their 

information may be outdated. 

2.2. Classification of IPS Schemes for Emergency Responders 

For the classification of the different IPS schemes, a taxonomy centred on the main design choices is 

proposed, Figure 2.3. The IPSs are categorized based on the following characteristics: (a) technological 

principle; (b) deployment; (c) localization principle; (d) algorithm and (e) environment.   

2.2.1. Technological Principle 

The technological principle attribute classifies an IPS based on the technologies used for the localization 

process into four categories: 1) radio signal-based systems; 2) IMU-based systems; 3) hybrid systems 

and 4) other systems. 

 

Figure 2.3. Taxonomy of IPSs for emergency responders. 
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Radio Signal-based Systems: this class of IPSs relies only on wireless communication technologies 

(e.g. GPS, Wi-Fi, UWB, and ZigBee) to collect the parameters required by the localization method (e.g. 

RSSI, ToF, AoA, and TDoF). 

IMU-based Systems: this class of IPSs relies on the data acquired from inertial and motion sensors to 

provide an estimation of the position. Wireless technologies – e.g. RFID and UWB - can also be used in 

combination with inertial sensors, but unlike radio signal-based system or hybrid systems, these wireless 

technologies are only used to measure point-to-point distances or to detect the presence of the target 

node (using the proximity localization method). These measurements are just to correct the position error 

associated with the sensor drift. Another strategy to correct the position estimation is the use of a sitemap. 

Hybrid Systems: this class of IPSs relies on both wireless technologies and inertial sensors for the 

localization of the emergency responders. Each subsystem estimates the position of the emergency 

responder separately. The final position estimation is computed based on a data fusion algorithm. This 

algorithm sets different weights to each position estimation, grounded on the estimated error. The main 

difference between hybrid systems and the IMU-based systems is that in hybrid systems each subsystem 

is capable of providing a continuous position estimation. 

Other Systems: this class represents the IPSs that are based on technologies that do not fit the previous 

technological principles. Examples of these technologies are the artificial magnetic fields or the “smart” 

ropes. 

2.2.2. Deployment 

The deployment attribute classifies an IPS according to the placement of the infrastructure needed by an 

IPS to be operational in the intervention scenario. The deployment is further divided into three categories: 

1) pre-deployment; 2) strategic deployment and 3) deployment-free. 

Pre-Deployment: in this class of IPSs, the infrastructure required for the localization of emergency 

responders is already installed on the building. A typical example of this class of IPSs are the ones that 

resort the existing wireless communication network. 
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Strategic Deployment: in this class of IPSs, the infrastructure required for the localization of 

emergency responders is deployed as the emergency responders enter a building.  

Deployment-Free: in this class of IPSs, no infrastructure is required to be deployed. Usually, these IPSs 

are based on inertial sensors, inertial sensors and map knowledge or GPS. 

2.2.3. Localization Principle 

The localization principle attribute classifies an IPS according to the localization methods used to compute 

the position of an emergency responder. The localization principle is further divided into five categories: 

1) infrastructure-based localization; 2) localization with WSNs; 3) ad-hoc localization; 4) proximity 

localization and 5) dead reckoning localization. 

Infrastructure-Based Localization: this class represents the IPSs whose localization method is 

developed based on the existing infrastructure. Examples of such infrastructure are the wireless 

communication network (WLAN) or the GPS. A distinct feature of this class is that the developer has no 

control on the physical specification of the system. So, to improve the performance of the IPS, more 

robust localization algorithms with higher computational requirements and energy consumption have to 

be developed [39]. The most used localization method within this class is the fingerprinting (discussed in 

Section 2.1.2. In traditional IPSs applications, the use of infrastructure-based localization is very popular 

because it avoids the use of expensive infrastructures. 

Localization with WSNs: this class represents the IPSs that perform the localization of emergency 

responders based on localization methods developed for WSNs. As previously stated, to perform the 

localization in WSNs, the nodes have to be densely distributed throughout the building. This means that 

the nodes have to be pre-deployed in the building or the emergency responders deploy the nodes. Both 

scenarios are undesirable for an IPS for emergency responders (Section 1.2.3). One advantage of the 

IPSs based on WSNs is the possibility of monitoring environmental parameters, like  temperature, toxic 

gases and humidity, through the nodes that comprise the WSN [22]. 
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Ad-Hoc Localization: represents the localization methods that are based on wireless technologies, but 

the infrastructure is deployed as the emergency responders enter a building. Unlike the infrastructure -

based localization, in an ad-hoc localization scheme the designer is responsible for the development of 

all the signal exchange system and the communication infrastructure. Therefore, the designer has the 

control over the physical specifications of the IPS, which allows him to control the quality of the localization 

results. This approach has higher development time and cost. 

Proximity Localization: the proximity localization method was already discussed in Section 2.1.2. In 

the context of IPSs for emergency responders, this class of localization methods is commonly used to 

correct the estimated position. Therefore, this method is regarded as a complementary method and is 

only used for specific situations. 

Dead Reckoning Localization: this class represents the localization methods that relies on inertial 

and motion sensors to compute the user position, discussed in Section 2.1.2. This class is independent 

of any infrastructure and can be combined with all the classes discussed before.  

2.2.4. Algorithm 

The algorithms developed for the localization process of an IPS can be classified as centralized or 

decentralized. The main difference between these two classes of algorithms is the platform in which the 

localization algorithm runs. In a centralized approach, the position estimations of all the target nodes are 

executed on the same platform, usually, a base station. In a decentralized approach, each target node is 

responsible for computing its position. The class of the localization algorithm is intrinsically linked with 

the topology defined for the localization process. So, centralized algorithms are developed for the remote 

positioning and indirect remote positioning topologies, whereas decentralized algorithms are developed 

for the self-positioning and indirect self-positioning topologies. 

2.2.5. Environment 

Although the focus of this work is positioning systems that are capable of localizing emergency responders 

in indoor environments, outdoor localization is also required. Especially systems that are capable of 
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working in both environments. Therefore, the IPS can also be classified based on the operation 

environment: indoor, outdoor or both. 

2.3. State-of-the-Art on IPS for Emergency Responders 

Many IPSs have been proposed over the years to solve the problem of localizing emergency responders 

in indoor environments. Different schemes and strategies have been proposed to improve the IPS 

performance. In this section, a comprehensive review of the state -of-art IPSs developed specifically for 

emergency responders is presented. The description of each IPS starts identifying the emergency situation 

to which it was designed for, followed by a brief description on the system specificities. Then, the working 

principle of the localization scheme is defined. Finally, each IPS is analysed based on the requirements 

discussed in Section 1.2. 

The various IPSs are classified according to the technological principle. Within each subsection, the 

different IPSs are analysed in chronological order, to provide the reader a better insight into the evolution 

of the research on each topic. 

2.3.1. Radio Signal-Based Systems 

The use of RF technologies is a widely used approach in the development of IPSs. The radio signal -based 

systems cover a wide variety of RF technologies, such as: Wi-Fi, RFID, ZigBee, UWB and Bluetooth. 

A common characteristic of all RF technologies is the ability of radio waves to travel through walls and 

human bodies. Thus, when compared with other signal-based technologies, like ultrasound and infrared, 

RF technologies have a larger coverage area, need fewer hardware and in some cases, it is possible to 

reuse the WLAN infrastructure. In this subsection, the IPSs for emergency responders that rely on RF 

technologies are presented and discussed. 

SmokeNet is a WSN developed under the Fire Information and Rescue Equipment (FIRE) project to 

support urban and industrial firefighters [59]. The WSN, previously installed in the building, is designed 
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to perform localization, tracking, environmental monitoring (temperature and presence of smoke) and 

redundant emergency communication tasks in multi-storey buildings. 

The system integrates motes installed in each room and near entryways and stairwells - to identify the 

floor, and motes carried by the firefighters- that can be used as relays for the data exchange in case of 

destruction of the ones installed in the building. The firefighter’s position is calculated based on RSSI 

readings and the fingerprinting method. The system provides a room-level accuracy and the position 

information has a high reliability. All the information collected is made available to the incident 

commander and the firefighters through an electronic Incident Command System (eICS) software and 

the FireEye head-mounted display (HMD), respectively. The FireEye HMD is attached to the firefighter’s 

breathing mask and displays the building layout and small text messages. 

The firefighter’s position is updated every two seconds, but if the packet loss increases, the latency of the 

system will also increase. In real scenarios, the distance for mote to mote communication should be kept 

at approximately 20 meters. In the case of power outages, the system is powered by batteries and has 

an autonomy up to 95 hours. This IPS solution is not easily scalable. 

The Europcom is an indoor positioning and communication system developed to assist emergency 

personnel in rescue operations in disaster zones [17], [60], [61]. This system is an ad-hoc network 

comprising four different elements, Control Unit (CU), Base Units (BU), Mobile Unit (MU) and Distributed 

Units (DU). Each component has a different function in the network: the CU is a GUI developed to display 

the positions of the emergency personnel to the incident commander; the BUs are attached to the 

emergency vehicles and have referencing and communications functions; the MUs are responsible for 

calculating the user’s position; and the DUs are designed to expand the network range and increase the 

position accuracy. For localization and communication, this system uses the UWB and Wi -Fi technologies, 

respectively. The position of the emergency personnel is calculated based on RToF measurements and 

the iterative least square algorithm, with an accuracy of 1 – 2 meters. The emergency personnel position 

information is displayed to the incident commander through the CU GUI. 

The system has to be deployed by the emergency personnel, therefore, is independent of the building 

infrastructure and prior data collection. DUs can be deployed to expand the coverage of the system. The 
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dimensions of the MUs are higher than the maximum volume defined by emergency responders (107.34 

cm3), as stated in Section 1.2.4. 

The ProeTEX project was designed to monitor physiological, activity and environmental related 

parameters of emergency responders, more specifically Civil Protection, Urban and Forest firefighters 

[35], [62]. These parameters are collected and processed through a Body Area Network (BAN) and sent 

in real-time to the command post through a deployed remote transmission system based on the Wi -Fi 

technology [62]. The communication network has a mesh topology. The position of each emergency 

responder is obtained using a GPS receiver built-in in the BAN. As the position estimation in indoor 

scenarios is unreliable with the GPS, the system only provides a symbolic representation of the emergency 

responders in the building. All the information is collected with a frequency of 1 Hz and displayed through 

a GUI at the command post side. 

The localization method is deployment-free, but the system still requires the deployment of the 

communication network. Inside buildings, the system has a maximum coverage of 156 meters. For ease 

of assembling and to increase wearer’s comfort, a modular system is proposed, with some sensors 

embedded on the garment, resulting in small size and lightweight modules, validated under harsh 

environments [63]. The modules are powered by a single battery that guarantees an autonomy up to 7 

hours. The different modules are wire connected which decreases the scalability of the system. 

The LifeNet system was designed to support firefighters during interventions [64]. This system is inspired 

by the traditional search systems based on ropes and, similarly, aims to  provide assisted navigation 

functionality to quickly and easily find the nearest exit. 

The system relies on several sensor nodes, carried by a firefighter in a device called “Beacon Ejector”, 

which are automatically deployed based on the RSS from other sensor nodes already deployed. The 

sensor nodes form an ad-hoc network creating virtual paths, where each sensor node acts as a waypoint 

to guide the firefighter. These virtual paths can be used to create escape routes and shortcuts.  

This system only provides a relative position information of the firefighter, which is displayed in an HMD 

integrated in the breathing mask. The coverage of the system is limited to the number of sensor nodes 

transported in each beacon ejector module and to the measurement range of the sensor nodes (2.5 
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meters in the current implementation). In the current version, some components of the system are too 

bulky to be used by firefighters (e.g. the wearable computer). The sensor nodes are battery powered, but 

the information about their autonomy is not provided. 

The FIREGUIDE is a localization and navigation system developed to assist firefighters during 

interventions [65]. This system aims to guide the firefighters to the nearest exit and shows the incident 

commander their position on the building map. For the localization, this IPS relies on RFID tags (R-tags) 

and Bluetooth tags (B-tags) preinstalled on the building and on a PDA equipped with a RFID reader. The 

R-tags provide a high accuracy localization (2-3 cm) and the B-tags provide a room-level accuracy. Two 

display units were developed, one runs in a PDA and aims to guide the firefighter to the nearest exit, while 

the other runs on a server and displays all the positions of the firefighters to the incident commander.  

The system requires an offline phase for the deployment and mapping of the R- and B-tags and the 

creation of the building map. To communicate with the incident commander this IPS uses the existing 

WLAN network. Therefore, it is highly dependent on the building infrastructure and its coverage is limited 

by the tags deployed beforehand. Moreover, the system is not easily scalable. The R- and B-tags rely on 

the building power and, in a case of a breakdown of the grid, the system will not work.  

Rüppel et al. proposed a system to support rescuers in finding the shortest way within complex buildings 

[66]. This IPS is based on a framework that follows a Multi-Method-Approach (MMA), i.e. the combination 

of different positioning technologies (Wi-Fi, UWB and RFID) to achieve different granularities, in terms of 

position accuracy and a larger coverage. Each positioning technology is based on COTS systems, namely 

the Ekahau [4], the Ubisense [2] and the Identec Solutions [67], for Wi-Fi, UWB and RFID, respectively. 

Based on the positioning technology used, different position accuracies will be obtained: RFID provides a 

room-level accuracy, UWB a decimetre-level position accuracy and Wi-Fi a meter-level position accuracy. 

The position information of the rescue units is combined with the digital route cards and displayed in 

portable Tablet PCs. The use of Tablet PCs is not suitable for firefighters, because its handling interferes 

with their on-mission tasks. 

All the systems of this framework have to be preinstalled on the building and require the collection of data 

beforehand. The coverage of the system depends on the position technology used, e.g. Wi-Fi has a higher 

coverage than UWB, but a lower accuracy. All the COTS IPSs depend on the building power. 
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Li and Becerik-Gerber proposed an IPS for emergency response operations that is capable of locating 

the building occupants and first responders [20]. The system relies on smartphones and in the use of 

tethering technology to establish an ad-hoc Wi-Fi network among the smartphones and to collect the 

parameters of interest (SSID, RSSI, and MAC address). The SSID and the MAC address identify a 

smartphone and the RSSI is used to calculate the distance between devices. Based on the distances 

calculated, the trilateration technique is used to locate the firefighters and occupants.  

The mean accuracy of the system is 2.24 meters, evaluated in a room scale test, in LOS conditions. The 

localization algorithm takes 8-12 seconds to compute the positions of firefighters and occupants, but to 

convert the RSSI values into distances, specific building parameters have to be estimated beforehand. 

This IPS has two modes of operation, normal and recovery. The normal mode relies on the routers of the 

existing WLAN infrastructure, whose position is previously known. The recovery mode is infrastructure -

free and is designed for scenarios of power outages. In both modes, the system must know two  absolute 

positions (from the routers or firefighters) to calculate the positions of the other firefighters and occupants. 

How the position information is presented is not mentioned. 

The coverage of the system is limited by the short communication range of  the smartphones (≈30 meters) 

and by the fact that each device has to be connected to other two devices to run the localization algorithm. 

No scalability tests were performed, but, in areas with a high density of devices, more combinations of 

connections between devices are possible, which will increase the latency of the localization algorithm 

and may affect the requirement of real-time calculation of the position. The autonomy of the system 

depends on the battery of the smartphones. 

Moon et al. proposed an IPS to support firefighters in a operation scenario [68], [69]. The system 

comprises three elements: 1) a monitoring station, placed outside the building and equipped with a GPS 

receiver to obtain the absolute position information; 2) portable access points (APs), deployed at the 

entrance of the building for the initialization process and distributed as the firefighters enter a building to 

expand the IPS coverage; and 3) the firefighters, equipped with an AP. Each AP consists of two ranging 

devices, one acts as an anchor and the other as a tag, and both are based on the UWB technology. The 

localization process is carried out in two stages [69]. In the first stage, each tag collects the ranging 

measurements from all the hearable anchors. Based on the ranging measurements and the EKF and 

SLAM methods, each tag calculates its relative initial position and sends all the information to the 
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monitoring station through the ad-hoc network. In the second stage, the monitoring station corrects the 

initial position estimations of the APs and the firefighters by recalculating their positions. 

The position error reported for the IPS lays below 2 meters, but the tests performed are not enough to 

assess the real performance of the system in a real scenario. How the position information is presented 

is not mentioned. The system is capable of expanding its coverage by deploying more APs. An order to 

deploy a new AP is triggered every time the number of detectable APs is less than three or the error 

covariance is larger than a predefined threshold. In the current stage, this IPS is only capable of localizing 

one firefighter. The information on IPS autonomy is not provided. 

Ghosh et al. proposed a system for localization, tracking and monitoring different physiological (e.g. heart 

rate, body temperature and pulse) and environmental (CO and HCN) parameters during real firefighting 

scenarios [70]. This IPS is based on an ad-hoc network integrating sensor motes deployed as the 

firefighters enter a building and a base station placed outside the building. The sensor motes are ZigBee 

compliant and based on the TelosB platform developed by Texas Instruments. The localization of the 

firefighters is performed by monitoring the drop in the RSSI values when a firefighter obstructs the 

communication between two sensor motes.  

In the proposed IPS scheme, the sensor motes transmit data packets at every 250 milliseconds and the 

accuracy of the localization can be improved increasing the packets exchange rate. Some preliminary 

studies have been performed to validate the feasibility of the system, but the accuracy is not provided. 

Moreover, false positive detections may occur due to the dynamic changes in the environment or even 

fluctuation of RSSI values due to the multipath phenomena. A GUI is used at the base station to indicate 

to the incident commander the position of firefighters in the building, but no details are given. Since the 

IPS is based on an ad-hoc network, the coverage can be expanded if the firefighters have more nodes to 

deploy when entering a building. The sensor motes are battery powered and have an autonomy up to two 

months. To increase the battery life, power saving features were incorporated on the sensor motes, 

namely, they are put in a sleep mode when not sensing or transmitting. 

Zhang et al. proposed an IPS to support emergency rescue operations in critical complex environments 

[38]. This IPS is based on a self-configured UWB ad-hoc network comprising UWB readers, one UWB 

central controller and UWB tags. The UWB central controller is installed on an emergency vehicle and is 
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responsible for automatically organize the ad-hoc network and calculate the firefighters’ positions. The 

firefighters, unmanned air vehicles (UAVs) and robots are equipped with UWB tags tha t broadcast four 

signal beams per second. These UWB signal beams carry the transmitting timestamp and are used in 

the calculation of the TDoA, performed by the UWB readers that are deployed around the building. These 

measurements are sent to the UWB central controller to calculate the position of the firefighter based on 

trilateration methods. An EKF is applied to deal with uncertainty factors associated with the wireless links 

and the stochastic sensor scheduling. The different sources of uncertainty are modelled with different 

Hidden Markov Model (HMM) components that are integrated into a multi -dimensional Modular Markov 

Jump System (MMJS). 

In LOS conditions, the firefighter's position was computed with high accuracy – an error of 0.03 meters 

of the total distance travelled –, but in NLOS conditions, the IPS was not able to provide a position 

estimation. Nevertheless, the system gives feedback about the connectivity of a tag to the UWB readers 

and allows the operation support personnel to monitor and fine tune operations. To ensure information 

security, authentication is required and the messages are encrypted. The IPS is independent of the 

building infrastructure, but the UWB readers are connected to the UWB central controller by cables. 

Handling cables during an emergency scenario can be time-consuming, causing an undesirable 

deployment delay. To expand the coverage, the firefighters carry portable UWB readers to deploy when 

the number of detectable UWB readers is lower than three. The IPS is designed based on a plug-in 

architecture to facilitate the adoption of new localization and networking algorithms and the integration 

with other systems. No considerations are made on system’s autonomy.  

Li et al. proposed a framework for indoor localization of the first responders in fire emergency response 

operations [36], [71], [72]. The framework is centred on the BIM and comprises three major components: 

RF transmitters, smartphones and a localization server. The RF transmitters are COTS programmable 

routers and are used to broadcast an RF signal with the RF transmitter unique SSID and MAC address. 

The smartphones are the mobile units that scan all the detectable Wi -Fi RF transmitters and send the 

collected information to the remote localization server. The remote localization server computes the first 

responders’ position based on the received data and displays it on a BIM platform that acts as a GUI.  

Two different approaches were designed to tackle the indoor localization problem. On the  one hand, the 

Iterative Maximum Likelihood Estimation (IMLE) algorithm, designed for scenarios where the existing 
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infrastructure can be accessed to collect the RF data used in the localization process [72]. This algorithm 

relies on the MLE method to estimate the parameter values of the propagation model created for the RF 

signal. The combination of the propagation model, the collected RF signals and the MLE method allows 

computing the first responder’s location. On the other hand, the Environment–Aware radio frequency 

beacon deployment algorithm for Sequence-Based Localization (EASBL), designed for scenarios where 

the infrastructure is inaccessible or inexistent and an ad-hoc network has to be deployed at the emergency 

site [36]. The EASBL algorithm, which is based on Sequence Based Localization (SBL) [73] has a dual-

objective function that balances the localization accuracy and the deployment effort. The optimal solution 

is computed through the metaheuristic technique Tabu search. The SBL algorithm divides the 2D space 

into regions, through perpendicular bisectors created by the distance between each pair of anchor nodes. 

Each region is unique and the first responder position is computed based on the collected RSSI values 

and the centroid method. 

Both algorithms are capable of providing room-level and coordinate-level position information. The 

reported room-level accuracy was above 82.8% and the coordinate-level accuracy above 2.29 meters, in 

95% of the measurements. The IMLE algorithm showed better performance than the EASBL algorithm. 

The position of the first responders can be visualized by the incident commander on the BIM platform, 

but this information is not available to the first responders. The position of each first responder is updated 

every five seconds. 

Both algorithms require site-specific parameters for the construction of the BIM. The IMLE algorithm 

requires the RF transmitters already installed on the building. With the EASBL algorithm the deployment 

and set up of the entire network took 90 seconds, which is less than the 135 seconds discussed in 

Section 1.2.3. 

Both algorithms were designed to cover the entire building, but the solution is site -specific. The IMLE 

algorithm showed a better robustness when some of the RF transmitters were destroyed. The total size 

and weight of the IPS components (RF transmitter plus smartphone) comply the requirements defined in 

Section 1.2.4. The smartphones are battery powered, but no considerations on the system’s autonomy 

are made. 
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Femminella and Reali proposed an IPS that is capable of tracking first responders in emergency 

scenarios [18]. This system resorts from the GPS and Wi-Fi technologies for the localization and comprises 

three major components: a client, several APs, deployed around the building in areas with good visibility, 

and a localization server. The client is typically a smartphone, equipped with a Wi -Fi module and a GPS 

receiver, which collects the data from the deployed APs and calculates its position based on the received 

data. The APs are equipped with a GPS receiver and are configured to write their position in the SSID of 

the beacon message that is periodically broadcasted. The localization server manages the network 

communication, storing the current and previous estimated positions and displaying the first responders’ 

position. 

This IPS is based on the concept of pseudolites, i.e., the creation of virtual satellites to increase the 

coverage and performance of traditional GPS-based systems in areas with poor visibility. Once the position 

of each AP is set, it starts to broadcast the AP’s position in the SSID information element, acting as a 

pseudolite. The position of the client device is computed locally and can be per formed in one of the 

following ways: 1) standard GPS, in open areas; 2) an hybrid scheme of IEEE 802.11 and GPS, in partially 

obstructed outdoor areas; and 3) fully IEEE 802.11, in indoor areas, based on the RSSI values and the 

trilateration method. 

The reported accuracy of the system is around 10 meters, which does not meet the requirements 

discussed in Section 1.2.1. A cartographic client is used to display the first responders’ position to the 

incident commander and is updated every 10 seconds. The IPS is independent on the building 

infrastructure or prior data collection. To increase the coverage, the use of drones or robots equipped 

with an AP to act as pseudolites was proposed, but not implemented. Therefore the coverage of the IPS 

is limited by the propagation range of Wi-Fi signals in a building. The system can track up to 800 devices, 

which is in line with the requirements discussed in Section 1.2.4. Although the client device is battery 

powered, no considerations about the power source of the APs and the autonomy of the IPS are made.  

Summary of Radio Signal-based Systems 

The use of RF technologies in the development of an IPS has many advantages, namely: (1) the ability of 

the radio waves to travel through walls and human bodies; (2) the accuracy of the system is not affected 

by the movement pattern of the emergency responder; (3) the possibility to increase the performance of 
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the system by deploying anchor nodes as the emergency responders enter a building; (4) the reuse of 

the positioning infrastructure for the communication with the incident commander, and (5) the variety of 

technologies available and the different granularities, in terms of accuracy provided by each technology. 

However, in complex indoor environments, RF signals are strongly affected by the radio propagation 

phenomena, which are difficult to predict due to diversity in number and materials of walls on the signal 

path. Moreover, in emergency scenarios, the combination of high temperatures, falling debris, thick 

smoke, noise, obstacles and gusts of air, hinder the propagation of RF signals [22]. 

The localization methods used in radio signal-based systems benefit from the number and spatial 

distribution of the anchor nodes. Usually, a radio signal-based IPS requires a minimum of three detectable 

anchor nodes to compute a position estimation, and a correct spatial distribution of the anchor nodes 

results in a higher accuracy. In a real mission scenario, the availability of three detectable anchor nodes 

to continuously compute the positions of the emergency responders is improbable and the ideal spatial 

distribution of the anchor nodes may not be feasible due, on one hand to the geometry restrictions of the 

intervention scenario and on the other hand, to the short time available for the deployment stage. All 

these factors combined have a negative impact on the performance of radio signal -based IPSs in terms 

of accuracy, reliability of the position information and coverage. 

2.3.2. IMU-Based Systems 

During the past decade, the inertial and motion sensors were the target of a major development. The 

research community focused on size reduction, integration of several sensors (3D accelerometers, 

gyroscopes and magnetometers) in a single chip and improvement of their performance through the bias 

and drift reduction/control. This led to increasingly smaller IMUs with better performance and easy 

assembly in wearable devices. 

In this section, the IPSs for emergency responders centred on the IMU information for the localization 

process are described and discussed. 

Beauregard proposed an IPS for public safety and military applications based on a helmet -mounted 

IMU and a GPS receiver [74]. The GPS is used for outdoor localization while the IMU is used to compute 

the wearer’s position in GPS-denied environments. The localization process of the PDR technique is 
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decomposed into three steps: a) in the step detection phase, the magnitude of the acceleration is 

calculated from the accelerometer signals triad and the step boundaries defined by the positive -going 

zero crossings of a low-pass filtered version of this signal; b) in the numerical step, the features used in 

a feedforward neural network as training patterns are calculated. The outputs of the neural network are 

the step lengths estimated from GPS position fixes, interpolated to footfall occurrences and c) the heading 

estimation is based on the magnetometer yaw output. To achieve a reliable estimation, the IMU has to 

be in a fixed orientation relatively to the wearer’s body and the helmet must be pointed towards the 

direction of the movement. 

The position offset reported after a 30-minute walk is about 40 meters. In real emergency scenarios, the 

error is likely to be higher since the IPS cannot distinguish the gaze orientation from the direction of travel. 

Since the localization algorithm runs offline, neither the incident commander nor the emergency 

responders have access to the position information in real-time. No information on the system’s autonomy 

is given. 

Beauregard proposed a different approach for the localization of first responders in typical search and 

rescue missions [75]. The IMU is mounted on the shoe, which allows the calculation of the displacement 

of the feet between footfalls directly through inertial mechanization equations. Besides the standard strap -

down mechanization equations, this IPS also implements the ZUPT technique to prevent the exponential 

growth of the error, which is typical in IMU-based IPSs. The combination of both techniques allows 

reducing and minimizing the inherent drift of IMUs. 

The main advantages of this IPS are the reduced initialization time, it is always operational, and the 

independence of the wearer, footwear and ground. Moreover, the system was capable of recognizing 

some typical first responder’s locomotion (e.g. on-the-spot turns, side/back stepping, crisscross walking 

and stair climbing). The authors emphasize that the results outperform the GPS ground truth, but no 

information is provided to assess the accuracy of the system, which is still affected by the sensor drift 

(especially the gyroscopes) and the magnetic perturbations. The positions of emergency responders are 

computed offline, so this IPS does not fulfil the requirement of the accessibility of the position information 

in real-time. In its current version, the IMU is too big to be mounted in the heel or insole of a boot and 

relies on a cable to transmit the data to the processing unit. No considerations on the system autonomy 

are made. 
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The IndoorNav is an IPS designed for localization and tracking of firefighters during emergency 

interventions in indoor environments [76]. This system comprises three IMUs distributed on the 

firefighter’s body – shank, thigh and trunk - a RFID reader, RFID tags and a building layout. The shank 

IMU is designed for gait analysis, the trunk IMU to provide the orientation information and the tight IMU 

acceleration data, which is combined with the trunk IMU data for posture analysis. The heading estimation 

is provided by an Adaptive EKF and the data from the trunk IMU. 

Based on the data gathered from the three IMUs, the system is capable of identifying the posture and 

characteristic movements of firefighters – forward walking, stair climbing, stair descent forwards and stair 

descent backwards. The gait analysis occurs after the step detection and is based on a set of 26 fuzzy 

rules. The posture analysis allows the generation of alarms if a firefighter is lying down or motionless for 

a period of time. The RFID tags are deployed on doors and stairways by the first teams entering a building. 

The location coordinates of doors and stairs are stored in a database and are calculated based on the 

building layout. The information of the IMUs and the RFID tags is fused by an EKF filter that estimates 

the orientation and position errors, relocates the trajectory based on the 3D coordinates of the RFID tags 

and corrects the heading based on a predetermined orientation when a person gets through a door.  

The reported accuracy lays above 5 meters in 90% of the measurements, which does no t meet the 

requirements of an IPS for emergency responders. Information on how the position is displayed to 

firefighters and incident commander is not provided. Since the location coordinates of doors and stairs 

have to be calculated beforehand, this IPS depends on prior data collection. The coverage and scalability 

of the system are restricted by the information detail of the building layout and the RFID database. The 

IMU modules are connected to the processing unit through cables, decreasing the robustness, modularity 

and wearability of the solution and making the assemblage of the components difficult. No considerations 

on the system autonomy are made. 

The Personal Dead-Reckoning system was designed to monitor the position of emergency responders 

inside buildings [77]. To compute the position of the emergency responder, this IPS relies on the data of 

an IMU attached to the user’s boot and on three modules (position estimation, step detection and ZUPT 

modules). The position estimation module converts the body acceleration into the navigation reference 

frame, computes the linear displacement between footfalls and estimates the heading based on the data 

from the triad of gyroscopes. To handle with the tilt angles singularities (±90º), the position estimation 
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module relies on Quaternion equations. The step detection module uses the angular velocities from the 

triad of gyroscopes to detect footfalls, for the application of the ZUPT which is used to control the drift 

error of the IMU. 

The average error reported is below 2.1 % of the total distance travelled, but, in extreme modes of legged 

locomotion – e.g. running, jumping and climbing –, the performance of the system degrades. Moreover, 

since the IPS does not have error control mechanisms for the orientation estimation, the heading error 

will grow over time. No information is provided on how the position is displayed to fi refighters and incident 

commander and how the communication between them is done. 

This IPS is independent of building infrastructure and prior data collection, but needs a communication 

infrastructure available to send the position information to the incident commander. The IMU is too big 

to be assembled on the emergency responder’s boot and a cable is used to connect the IMU to the 

processing unit, decreasing the physical robustness and the modularity of the system. The system is 

battery powered, but no considerations on the autonomy are made. 

Widyawan et al. proposed an IPS for the localization of firefighters and other first responders in rescue 

scenarios [78]. This system was developed under the WearIT@Work project aiming a framework based 

on a particle filter to fuse the data from an IMU, attached to the firefighter’s boot, and building plans. The 

motion information is acquired from the IMU and relies on the PDR technique. Based on the building 

plans, a Backtracking Particle Filter (BPF) is proposed to constrain the motion of the particles and provide 

heading fixes. To cope with limited available information on the building layout, in a simplified version of 

the framework, only the external building walls are considered. In this scenario,  the reported mean 

accuracy in 2D estimates is 1.89 meters that is lower than the PDR-only approach (8.04 meters mean 

2D error). If more details of the building layout are added, the accuracy of the IPS increases (1.32 meters 

mean 2D error). 

Woodman and Harle [79] proposed a variant of the previous system, adding the vertical information 

(by representing the stairways) to the buildings plans. 

With this approach, the system is capable of localizing and tracking firefighters in multi -storey buildings 

with a mean accuracy of 0.73 meters, in 95% of the measurements. The localization algorithm runs 
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offline, so neither the incident commander nor the emergency responders have access to the position 

information in real-time. A communication infrastructure to send the position information to the incident 

commander was not developed/proposed. 

This IPS is always operational, covers the entire building and is independent of the building infrastructure 

and prior data collection. The system performance with the typical movement patterns of the emergency 

responders is not addressed. Like in the previous work, the IMU is too big to be assembled on the 

firefighter’s boot and a cable is used to connect the IMU with a laptop. The use of cables impairs the 

robustness, modularity and wearability of the IPS and makes the assemblage of the components difficult. 

System’s autonomy is not addressed. 

The HeadSLAM system was developed for the localization of emergency responders and the generation 

of 2D environment maps, during urban search and rescue missions in unknown indoor  environments 

[80]. Based on the particle filters and the SLAM methods, this IPS fuses the data from a head-mounted 

IMU and a laser range sensor to compute the emergency responder’s position and generate maps of the 

environment. The measurements of the laser scanner are used to estimate the orientation of the motion 

and the distance to obstacles (e.g. walls and furniture). The map produced by the SLAM method is similar 

to a building layout. 

In open areas, like rooms with few obstacles, the reported accuracy is 12 meters. The accuracy of the 

IPS increases with the presence of obstacles (6 meters for corridors), but the position error is still too 

high for emergency responders. Like in previous works, no information is provided on how the position is 

displayed to firefighters and incident commander and how the communication between the firefighters 

and incident commander is done. 

This IPS is independent of the building infrastructure and prior data collection. The current version is too 

big to be used in real urban search and rescue missions. The autonomy of the system is not considered.  

The Computer Aided Disaster Management System (CADMS) is an emergency management 

system designed to support first responders in emergency scenarios [81]–[83]. The CADMS comprises 

an IPS, a user interface and communications facilities. The IPS integrates two software components to 

compute the first responder’s position. The first component processes the raw data acquired from a foot-
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mounted IMU and calculates the relative coordinates of the first responder. The EKF and the ZUPT 

methods are used, respectively, for the stabilization of the orientation estimates and the displacement 

error control. In the second component, the first responder’s relative coordinates are converted into global 

coordinates. Then, a BIM is combined with a MM method to validate and correct, if necessary, the 

estimated position. The validation and correction of the first responder’s position obey to the following 

MM heuristics: (1) a building wall is a natural boundary for walked paths which humans cannot pass 

through; (2) for a human to pass from one room to another, he/she has to use doors and the angle of 

passage cannot be too acute; and (3) the changes in z-coordinate only occur in stairs or ramps. These 

heuristics define some proprieties of the paths walked by humans. 

The reported mean accuracy of the system is above 1.7 meters, in 95% of the measurements. To not 

interfere with the activities of the rescue teams, an HMD is used to display the position and other useful 

information to the first responders. A MANET architecture was adopted for the communication between 

first responders and with the incident commander. The requirement of independence of prior data 

collection is not fulfilled because the BIM is site-specific and has to be created beforehand. 

In the current version, the IMU is too big to be assembled on the first responder’s boot and is connected 

to the processing unit by a cable. Therefore, this solution does not meet the requirements in terms of 

modularity, physical robustness, size, and ease of assembling. System’s autonomy is not addressed.  

Rantakokko et al. proposed an indoor and outdoor localization system for first responders and soldiers 

during emergency response and military urban operations [84]. This IPS is based on the concept of 

multisensory systems and cooperative localization. Based on a Kalman filter, this system fuses the data 

from a foot-mounted IMU, a GPS receiver and peer-to-peer UWB ranging measurements. To overcome 

the cubic error drift in time of the IMU data, the ZUPT approach is applied. Unlike the majority of the 

proposed foot-mounted IMU approaches, the detection of the standstill step phase is achieved through a 

probabilistic approach [85]. To minimize the errors generated by the inertial sensors, a cooperative 

localization scheme based on peer-to-peer UWB ranging measurements is proposed. These high accuracy 

measurements are used to validate and correct, if necessary, the position estimates obtained from the 

IMUs readings. Based on the concept of cooperative localization, the 3D position error was reduced in 

the two experimental setups analysed. 
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When compared with the IMU-only approach, the 3D position error was reduced from 8.2 to 3.9 meters 

and from 9.0 to 1.4 meters, but the tests performed are limited for a complete assessment of the IPS 

accuracy. How the position information is displayed to both the first responders and incident commander 

is not addressed. 

This system is independent of the building infrastructure and prior data collection. In the current version, 

both the IMU and the UWB transceiver are too big to be assembled, respectively, on the boot and garment 

of the first responder. Additionally, the IMU is connected to the processing unit by a cable. Therefore, this 

solution does not meet the requirements in terms of modularity, physical robustness, size and ease of 

assembling. The authors highlighted the need for efficient energy sources and pointed out the use of 

energy harvesting techniques to tackle energy issues, but possible implementation approaches or 

system’s autonomy are not considered. 

Zhang et al. proposed an IPS for emergency responders based on inertial sensors attached to different 

body segments for urban search and rescue missions [86]. A modified Kalman filter is used to provide a 

long-term stable orientation by fusing the data from the different sensors and detecting the magnetic field 

disturbances. To minimize the cubic error drift in time, a modified ZUPT approach is implemented on a 

foot-mounted IMU. The standstill phase is detected based on the gyroscopes measurements and the 

threshold is dynamically selected based on the velocity of the legged locomotion [87]. For the motion 

monitoring and selection of the ZUPT threshold, the IPS relies on the data of a chest -mounted IMU. 

Additionally, the system is capable of monitoring the body motion – walking and running based on IMUs 

mounted on each body segment. In the walking test, the accumulated error in X – Y – Z directions was 

0.973 m, -1.11 m and -0.645m, respectively. The root mean square error (RMSE) of the orientation 

average over time in Roll – Pitch – Yaw directions was 0.11 rad, 0.05 rad and 0.17 rad respectively. For 

the running test, the accumulated error in X – Y – Z directions were 2.35 m, -1.39 m, and 7.73 m 

respectively. The orientation mean over time of RMSE in Roll – Pitch – Yaw directions were 0.35 rad, 

0.11 rad and 0.32 rad, respectively. The presentation of the position information to the first responders 

and incident commander is not considered. 

This IPS is only based on IMUs mounted on different body segments, consequently, is independent of the 

building infrastructure and prior data collection. The IMUs used in the current implementation are 

connected to the processing unit with cables and are too big to be assembled on the first responder 
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protective garment. Therefore, this solution does not meet the requirements in terms of modularity , 

physical robustness, size, and ease of assembling. No considerations on the autonomy of the system are 

made. 

Hari et al. proposed an IPS to support first responders in disaster assistance operations [88], comprising 

two foot-mounted IMUs, a helmet-mounted camera, a processing platform strapped around the waist and 

a UWB transceiver for accurate peer-to-peer UWB ranging measurements. The IMUs are assembled into 

the heels of the shoe and the inertial navigation modules are based on the OpenShoe project [89], [90]. 

The data collected from the IMUs is processed with a nonlinear inequality filtering approach that l imits 

the maximum foot-to-foot distance to 1 meter [91]. The step-to-step displacement is calculated based on 

the ZUPT approach. Based on the concept of cooperative localization, inter-agent ranging measurements 

are used to refine the position estimate. The implementation details of centralized cooperative localization 

algorithms based on dual foot-mounted IMUs and inter-agent ranging are described in [92]. 

The reported average position accuracy is about 2 meters. The authors refer that the helmet-mounted 

camera can be used for SLAM approaches, but in the current solution it is only used to record the 

intervention. The position information display to both the first responders and incident commander is not 

considered. 

The pre-existing communication network is used for communication with the incident commander. In the 

case of grid breakdown, the IPS will not be capable of communicating. Each IMU communicates with the 

processing platform via Bluetooth. These hardware features fulfil the IPS requirements of modularity, size, 

physical robustness, and ease of assembling. No information about the processing platform is provided. 

The IMUs are battery powered and have an autonomy of 1.5 hours, which does not fulfil the requirements 

specified in Section 1.2.5. 

The REFIRE solution aims to provide localization and tracking support to first responders in emergency 

response scenarios [93]. The system comprises Mobile Terminals (MTs) carried by the first responders, 

low-cost Pre-Installed Location Devices (PILDs) embedded into the existing safety devices (e.g. emergency 

lights and smoke detectors) and a Command and Control Centre (CCC) for the mission coordination. 

Each MT integrates a RFID reader, an IMU mounted at the pelvis level and a processing unit. The 

computed first responder’s position is sent to the CCC through 2G/3G/4G wireless networks. The PILDs 
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are passive RFID tags preinstalled on the building and, in each one of them, the fixed location data is 

stored in the memory bank based on the WGS-84 standard. Other key information can be stored, e.g. 

presence of dangerous materials, room type and indications to the nearest exit.  

To achieve both resilience and a meter-level accuracy the IPS is dimensioned [27] to a maximum range 

and angle of each RFID tag of 3 meters and 120º, respectively. The Rescuer Localization Algorithm (RLA) 

[13] exploits the IMU and RFID data to estimate the position of a first responder. The PDR approach is 

used to compute the location and heading. For the heading estimation, an EKF is used to fuse the data 

from the triad of accelerometers, gyroscopes and magnetometers. The heading estimate is combined 

with the accelerometer readings to compute the vertical accelerations, which are associated with the rise 

and fall of the pelvis during a gait cycle and are used to compute the step length. An adaptive time 

windows technique is used to detect the initial contact of each step. The position estimated based on the 

IMU data is then refined with the RFID data, if available. 

This IPS does not perform correction on the attitude of the first responder. The best-reported accuracy of 

this IPS is 4 meters, which does not fulfil the requirements specified in Section 1.2.1. The position 

information is accessible to both the incident commander and the first responder through the CCC and 

the MT, respectively. In the current version, the position of the first responders is computed offline.  

The system depends on the building infrastructure, as the RFID tags have to be preinstalled and their 

position must be calculated and stored manually during deployment. Additionally, a parameter-specific of 

the first responder’s body has to be calculated beforehand for the step length computation, making the 

IPS dependent on prior data collection. The coverage is also defined at the deployment stage and no 

changes are allowed during emergency operations. The system’s autonomy depends on both the RFID 

reader and the MT autonomies, which are individually battery powered. 

Rantakokko et al. proposed an IPS to support firefighters during smoke diving operations [19] 

comprising two foot-mounted IMUs and one knee-mounted IMU. The data from the IMUs is fused to 

provide a robust position estimation of firefighters in typical movements: walk (upright or hunched), “knee-

dragging motion” or crawling. The knee-mounted IMU applies the ZUTP during the crawling motion. In 

both IMU configurations (foot- and knee-mounted), the zero-velocity detection is based on a threshold 

value. This threshold is defined by the RMS value of the angular velocity during a period of five samples. 



Background 

49 
 

For sensor fusion, the constrained Kalman filter proposed by Skog et al. was adopted [91]. This sensor 

fusion approach defines an upper bound on maximum spatial separation to 1 meter.  

This system demonstrates that with foot- and knee-mounted IMUs in both legs it is feasible to compute 

the position of firefighters for all movements with the required accuracy. The authors do not refer how 

the position information is displayed to both the firefighters and the incident commander.  

This IPS is independent of the building structure and prior data collection. In the current version, the IMUs 

are connected to the processing unit with cables and are too big to be assembled on the protective 

garment. Therefore, this solution does not meet the requirements in terms of modularity, physical 

robustness, size, and ease of assembling. System’s autonomy is not addressed.  

The Tactical lOcatoR (TOR) system is an IPS designed for the localization of firefighters during search 

operations [94], integrating a dual foot-mounted IMU and a UWB radio tag for inter-agent ranging 

measurements. The IMUs (OpenShoe IMUs [89], [90]), the fusing algorithm of the dual foot-mounted 

IMU [91] and the centralized cooperative localization algorithm [92] are similar to the proposed by Hari 

et al. [88]. The main difference is the UWB-based inter-agent ranging measurements. This IPS relies on 

the preinstalled Ubisense system to obtain the synthetic ranging measurements from the positions 

estimates [2]. The cooperative localization algorithm is centralized, but the sensor fusion algorithm of the 

dual foot-mounted IMUs is decentralized, allowing the system to operate continuously during significant 

time periods without the inter-agent ranging measurements and contact with the central node. 

The IPS was evaluated in walking and crawling movements and the reported accuracy is 1 and 3 meters, 

respectively. The processing platform is a smartphone that runs the fusion algorithm in real -time and 

calculates a new position estimate every second. The position and heading information are transmitted 

to the command and control system via IEEE 802.11 WLAN radio links. The presentation of position 

information to first responders and incident commander is not mentioned. Each foot-mounted IMU is 

connected to a smartphone through cables and is battery powered (autonomy 1.5 hours). These 

characteristics do not fulfill the IPS requirements in terms of modularity, physical robustness, ease of 

assembling and the autonomy. The smartphone and the Ubisense radio tag are also battery powered. 

The autonomy of the system is not considered. 
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Summary of IMU-based Systems 

Unlike the radio signal-based systems, an IMU-based IPS has zero-radiation signature which makes it 

"invisible" to sensors in hostile environments and immune to interference or jamming. Therefore, the 

security of the position information is guaranteed. The performance of these IPSs is not affected by the 

quantity and type of materials of the walls or by the phenomena that affect the propagation of RF signals. 

Moreover, the system is capable of providing position estimations in all indoor environments.  

The cumulative error associated with these IPSs is a major issue, still to be solved. This error is associated 

with the IMUs drift and grows exponentially due to twofold integration required to obtain the displacement 

from the acceleration measurements, for instance. Therefore, without a periodic position correction, the 

error of the position estimation will be so high that this information will be useless to the emergency 

responders and the incident commander. 

Many approaches have been proposed to minimize the impact of the IMUs drift, but for long term 

operations this phenomenon still has a negative impact on the IPS performance. 

The type of motion is another factor affecting the accuracy of the position estimate. Unlike regular PDR 

applications, where the wearer’s movements are walking, running, climbing and descending stairs, the 

typical movements of emergency responders during their missions – walk (upright or hunched), “knee-

dragging motion” and crawling – are much more challenging and need further research. Some 

preliminary studies have been conducted on these mission-specific movements, but none of the existing 

IPSs is capable of calculating the emergency responder’s position regardless the movement involved. The 

lack of a communication infrastructure to send the computed position to the incident commander is a 

further drawback of this approach. 

2.3.3. Hybrid Systems 

As highlighted in the two previous sections, the selection between Radio Signal and IMU-based 

technologies for the localization process has some implications on the IPS performance. On the one hand, 

the low availability of RF signals in indoor environments is the major limitation of the radio signal-based 
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IPSs. On the other hand, in IMU-based IPSs, the position of the emergency responder can be continuously 

calculated, but the inherent drift of the sensors that compose an IMU degrades the accuracy of the 

position estimate over the time. To overcome these limitations, several researchers proposed IPSs that 

combine both approaches in a single solution. In a hybrid IPS, the two subsystems (radio signal - and IMU-

based) calculate the first responder's position independently and then, a data fusion algorithm merges 

both data to provide a single position estimate. In this section, the IPSs for emergency responders that 

rely on both technological approaches are introduced and discussed. 

The Relate Trails is an IPS for emergency responders during search and rescue missions [21], [95], 

[96]. This IPS combines the ultrasound technology with a foot-mounted IMU for the localization of 

emergency responders in unknown environments. 

The ultrasound beacons are deployed, acting as waypoints. These beacons create a “breadcrumb” trail 

that provides relative positioning, corrects the PDR estimated trajectory and gives assisted navigation to 

the emergency responders. The foot-mounted IMU relies on the ZUPT and a Kalman filter for continuous 

position estimation and sensor drift control. The standstill phase is detected by applying a threshold to 

the product of the acceleration norms by the rate of turn. Since the navigation functionality depends only 

on the wearer's relative position to the nearest waypoint, it is not affected by the error of the position 

estimated based on the PDR approach. On the other hand, the use of an IMU for the localization allows 

calculating the emergency responder’s position even when no waypoints are available (e.g. waypoints 

destroyed by the fire). 

The error in the position estimate can reach up to eight percent of the total distance traveled and the 

error in the heading estimate is not provided. This position error is too high for emergency responders’ 

mission scenarios, however, since the ultrasound signals do not penetrate wal ls, the system is also 

capable of providing a room-level localization. The relative position and the navigation support are 

displayed to the emergency responder by an HMD. The SLAM technique is used to improve the accuracy 

of the position of the ultrasound beacons. This IPS is independent from the building infrastructure and 

prior data collection and its coverage is limited by the number of ultrasound beacons carried by the 

emergency responders. 
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Despite the challenging scenarios addressed by this IPS, no considerations are made on the physical 

robustness of the ultrasound beacons. Moreover, the foot-mounted IMU is connected to a laptop through 

a cable. The use of cables does not fulfil the IPS requirements in terms of modularity, physical robustness 

and ease of assembling. The power source and autonomy of the system are not described.  

The Precision Personal Locator (PPL) is an IPS developed for locating and tracking first responders 

and other personnel in search and rescue missions [25], [97]–[101]. The system comprises a base 

station, fixed transceivers mounted on trucks or ladders and a portable unit carried by the first responders. 

Portable units contain an IMU and a pulsed radio transmitter to reduce the multipath error. For the 

localization process, both the IMU and the radio transceiver are independently used to provide an initial 

position estimate, which will be later fused at the base station for a final position estimate. The IMU 

continuously estimates the first responder’s position, which is transmitted to the base station. At the same 

time, the portable unit’s radio transceiver broadcasts a pulsed radio signal that will be received by the 

fixed transceivers. A Bayesian fusion algorithm is used to calculate the first responder’s position based 

on, at least, three TDoA (σART algorithm [99]) or ToA (TART algorithm [98]) measurements received from 

fixed transceivers. A multi-carrier wideband signal is used to measure the distance between the portable 

unit and a fixed transceiver. The signal structure is similar to the signals modulated with the OFDM 

approach. Based on a mathematical technique known as synthetic aperture imaging, the base station 

fuses the position information obtained from the broadcasted IMU’s position estimate and the transmitted 

ranging signals of the portable unit. 

In residential buildings, this IPS demonstrated the ability to track multiple first responders with sub-meter 

accuracy [98]. However, the system was tested only on wheeled platforms [97] and requires a huge 

number of fixed transceivers deployed outside the building [99]. A GUI displays to the incident commander 

the first responders’ position, as well as, the physiologica l and environmental data. How the information 

is displayed to the first responders is not provided. The coverage is limited by the penetration of the RF 

signals in the building. The localization algorithm is implemented in a Field-Programmable Gate Array 

(FPGA) as a coprocessor, reducing the device form-factor and power consumption and increasing the 

device performance [101]. The IPS is battery powered and has an autonomy up to 24 hours. 



Background 

53 
 

The Virtual Lifeline is a multimodal indoor positioning and navigation system to support emergency 

responders during search and rescue missions [102]. This IPS comprises a foot-mounted IMU, Relate 

ultrasound nodes and RF nodes. 

The foot-mounted IMU continuously estimates the wearer’s position based on the PDR approach and the 

ZUPT. The standstill phase of the ZUPT is detected by applying a threshold to the product of the norms 

of acceleration by the rate of turn. To control the inherent drift of the IMU-based systems, the estimated 

position from the PDR system is periodically realigned using both types of nodes. The ultrasound nodes 

are used for short range high accuracy position and heading realignments. The RF nodes have a lower 

position accuracy, but a longer range, therefore more nodes may be detected at one location. These 

nodes only provide position corrections. Both nodes are deployed in a dynamic ad hoc manner, as the 

emergency responder enters a building. To cope with RF propagation phenomena – reflection, diffraction 

and fading – the RF beacons transmit at different transmission powers (-22, -9, and 0 dBm). The position 

of each node is assigned based on the emergency responder’s current position, which is estimated based 

on the PDR system. A particle filter is used to fuse the information collected from the PDR, the RF 

transceiver (RSSI) and the ultrasound sensor. A backtracking particle filter was also implemented to refine 

the state estimates based on the particle trajectory historic and on removing the invalid particle 

trajectories. 

The reported accuracy when the position of the waypoints is assigned by the PDR system is 3.88 and 

8.66 meters in normal walking mode and extended search mode, respectively. If the exact coordinates 

of the nodes are known (nodes acting as landmarks), the accuracy of the IPS is 2 meters. Both situations 

are inadequate for emergency responders, as the position error is too high. No information is provided 

how the position is displayed to the incident commander and the emergency responders. The coverage 

of the system is limited by the number of nodes carried by the emergency responders. In the curr ent 

version, the nodes are implemented on different hardware platforms, which increases the size, weight, 

and deployment effort of the proposed solution. Moreover, the foot-mounted IMU is connected to a laptop 

through a cable, which does not fulfil the IPS requirements in terms of modularity, physical robustness, 

and ease of assembling. No considerations about the power source and autonomy of the system are 

made. 
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The Geospatial Location Accountability and Navigation System for Emergency Responders  

(GLANSER) is an indoor and outdoor localization system to support emergency responders, firefighters in 

particular, during all mission types [25], [103]. This IPS comprises three parts: the Geospatial Locator 

Unit (GLU), the Anchor Panel Unit (APU) and the Commander Display Unit (CDU). 

The GLU is responsible for the communication with the incident commander, navigation, and localization 

of the firefighters. The APUs are mounted on the emergency vehicles and provide support functions to 

the GLUs (e.g. charging, geostationary referencing, and UWB ranging measurements). The CDU is 

responsible for the graphical interface with the incident commander and by the graphical construction of 

the building. Each firefighter has a GLU attached to the breathing gear that combines a military IMU, a 

GPS receiver, Doppler radars to correct velocity, a pressure sensor to measure changes in altitude, and 

a radio transceiver – with UWB technology – to measure the range to APUs and other nearby GLUs [104]. 

The synthetic aperture technique is applied to increase the accuracy of the UWB ranging measurements 

[105]. An EKF is used to fuse all the data acquired from the sensors embedded on the GLU. The data 

fusion algorithm for the localization is implemented in an FPGA to improve the system’s performance. 

The central module of the GLU is called GLANSER Embedded Processor (GEP). 

In the current version, the reported position accuracy is 3 meters. The UWB ranging measurements were 

not used in the tests, only the information acquired from the IMU and other sensors. The firefighters’ 

position is displayed, in real-time, to the incident commander at the CDU, but not to the firefighters. For 

the communication, each APU implements a hybrid mesh network, connecting up to eleven GLUs with 

the CDU. More firefighters – up to 500 – can be supported if more APUs are deployed. The weight of the 

current version complies with the defined requirements (0.45 kg), but the GLU, mainly due to battery, is 

too bulky and heavy, interfering with the firefighters’ activities. To overcome this limitation, a thin and 

flexible battery that could slip into the lining of a firefighter’s jacket [25] is being developed. This IPS has 

an autonomy up to four hours. The main drawback of the system is the high cost.  

The Wearable Advanced Sensor Platform (WASP) is a system developed to support firefighters 

during fire operations [106]. The system comprises a flame-resistant T-shirt for the acquisition of 

physiological parameters (e.g. heart rate, heart rate variability, respiration rate, activity levels and posture), 
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a waist belt device from TRX NEON Systems for the indoor localization [107], a smartwatch to provide 

feedback to the firefighter and a command station to process and display location and other parameters. 

The NEON Personnel Location System is the unit responsible for calculating the firefighter’s position. This 

device fuses the data from inertial sensors, pressure sensor and ranging sensor, to roughly estimate the 

firefighter’s position and, refines that estimate based on waypoints realignments, historical track and, 

inferred and known map data. The waypoints are based on the Near Field Communication (NFC) 

technology. 

No details about the data fusion algorithm are provided. In fact, little information is available about the 

performance and specifications of the system, e.g. the manufacturer does not mention the localization 

accuracy. A GUI and an Android Smartphone are used to display the firefighters’ position and other 

parameters to the incident commander and the firefighters, respectively. For the corrections of the 

position estimate, this IPS relies on building layouts, so it depends on prior data collection. The coverage 

can be expanded by deploying portable multi-sensor anchor nodes as firefighters enter a building. No 

information about the size, weight, physical robustness, power type and autonomy of the wearable units 

are given. The wearable sensors are embedded on an adjustable strap that can be unbuckled for easier 

donning and doffing. 

Simon et al. proposed an IPS to support emergency responders, in particular firefighters, during rescue 

operations in catastrophic scenarios [108]. This IPS comprises a wireless foot-mounted IMU, a handheld 

device and preinstalled low-power wake-up landmarks integrated into smoke detectors throughout the 

building. 

The firefighter’s position is calculated by two independent subsystems: the PDR and the landmark 

subsystems. The PDR subsystem is based on a micro-IMU especially developed for applications where 

the size, weight, and power consumption are key requirements [109]. So, these design goals are achieved 

by sending the raw data wirelessly and post-processing in a handheld device. By combining the ZUPT 

algorithm with a Kalman filter, the raw data from the IMU is fused to track the firefi ghter. The standstill 

phase is detected when the norm value of the gyroscopes outputs is smaller than a predefined threshold.  
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The landmark subsystem is based on the RSSI measured from the message exchanges with the 

landmarks. In this subsystem, the handheld device broadcasts a wake-up message and measures the 

RSSI of each reply message received from landmarks that woke-up. Based on the RSSI, the handheld 

device runs optimized localization algorithms – the Gradient Descent Method and the Gauss-Newton 

algorithm – to determine the current position of the handheld device. To calculate the firefighter’s position 

the device has to stand still for a while and the landmarks’ position must be known. The same method 

can also be used to compute the landmarks position. In this case, the position of the firefighter has to be 

known. For both subsystems, the localization algorithms run in the handheld device.  

In the current version, the IMU data and the RSSI distance data are not fused. The mean error reported 

is 99 cm, but, the user has to stand still during the exchange of messages with the landmarks, which is 

unreliable during an emergency response mission. The firefighter’s position is displayed at the handheld 

device. How this information is sent and displayed to the incident commander is not reported. This IPS 

does not fulfill the requirements of infrastructure and prior data collection independence. The micro -IMUs 

are easily assembled on the boots and the wake-up landmarks can also be easily integrated into a 

commercially available smoke detectors, but the maximum operating temperature is 70ºC, which can 

compromise the physical robustness of the IPS during urban fires. The handheld device is still a prototype 

and does not fulfil the requirements. The landmarks are battery powered, making the system fully 

operational even in catastrophic scenarios, and have an autonomy up to 8 years. No considerations about 

the power source and autonomy of the other components of the IPS are made. 

Summary of Hybrid Systems 

The hybrid IPSs combine RF technologies with inertial sensors to overcome the limitations of each 

technological principle when used alone. Namely, they combine the continuous position estimate of the 

IMU-based systems with the capability of the RF signals to travel across walls for position corrections, 

bidirectional communication with the incident commander and immunity to the type of movement.  

These IPSs outperform the others in terms of accuracy and are capable of working in all environments 

and with all movement types. The position estimation from the RF subsystem is not affected by the 

movement type. Nevertheless, a better performance of the IPS will be achieved from a correct 

identification and adaptation to the movement type. 
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Despite all the benefits of these IPSs, the integration of several technologies increases the complexity of 

the data fusion algorithms. Thus, albeit the researchers intended to fuse the data from the several 

subsystems, some did not implement it and others implemented a simplified version of the  system. 

Together with the increase of complexity, the development time also increases, as well as, the cost of the 

IPS. Furthermore, the hybrid IPSs, unlike the IMU-based ones, have a radiation signature that makes the 

system detectable to third parties. In some applications, like in the military, this can be critical for the 

security of the personnel. 

2.3.4. Other Systems 

The majority of the IPSs developed for emergency responders are based on radio technologies, inertial 

sensors or a combination of these two. However, due to limitations that those IPSs still have, several 

researchers proposed IPSs based on alternative technologies, such as artificial magnetic fields, 

ultrasound and security rope with communication capabilities. In this section, the IPSs for emergency 

responders that rely on alternative technologies are presented and discussed. 

The Pathfinder is a commercial system developed by Summit Safety Inc. to support Rapid Intervention 

Teams (RIT) in localizing firefighters that become disabled, lost, or disoriented during urban firefighting 

missions [110]. 

This IPS comprises the following components: a front- and a back-mounted beacon transmitter – 

firefighter beacon – attached to the breathing gear; a tracker device carried by the RIT; auxiliary beacons 

deployed as the RIT enter the building, guiding them back to the exit, and exit beacons placed at the 

building entrances, creating shortcuts to the path generated by the auxiliary beacons. The different 

beacons (auxiliary, exit, and firefighter) have different frequencies and are based on the ultrasound 

technology. Although the ultrasonic waves are blocked by the walls, they may find an alternative path 

around the corners or beneath the doors. Additionally, the ultrasonic waves are immune to smoke, heat, 

humidity and audible sound, making them an attractive solution in urban fires.  

When a firefighter is motionless or activates the panic button, the respective beacon will start transmitting 

an ultrasonic signal. The RIT enters the building, tracks the position of the firefighter with the tracker 
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device and deploys the auxiliary beacons to track their way back. By switching the tracker to the exit 

mode, the system will guide the RIT to the nearest exit. Only the direction of the firefighter in distress is 

provided therefore, his/her position is not calculated. The direction of the firefighter is determined by the 

amplitude of the signal and is represented by a bar chart in the tracker device. This information is only 

accessible to the RIT. When compared with traditional systems, the search time is reduced in 50 to 80%.  

The system is independent of the building infrastructure and prior data collection. Its coverage is l imited 

by the maximum range of the beacons (30 meters in LOS), which may increase the search time in 

complex buildings. The weight of both the firefighter’s beacon and the tracker device are compatible with 

the requirements specified in Section 1.2.4. The size of the tracker device does not fulfil the requirements, 

but as it is carried only by the rescuer RIT it does not interfere with the firefighters activities. The 

firefighter’s beacons are easily assembled on the breathing gear. Both components are battery powered 

and have an autonomy up to 100 and 25 hours, respectively. With the firefighter’s beacons in the 

transmitting mode, the autonomy of the system is one hour. 

The Magnetic Indoor Local Positioning System (MILPS) is an IPS that was not developed specifically 

for emergency responders but was designed to operate in harsh environments, like the ones faced by the 

emergency responders during their missions [111]–[114]. 

The system comprises a Mobile Station (MS) and three Reference Stations (RSs) deployed around the 

building. The MS is a smartphone equipped with a magnetic sensor and the RSs are coils powered by 

direct current to generate artificial magnetic fields. The distance between the MS and RS is calculated 

based on the intensity of the magnetic field received by the MS. The position of the MS is calculated 

based on the trilateration method and the distances are calculated from the several RSs whose position 

is known beforehand. To distinguish the different magnetic fields, these are sequentially generated using 

a real time clock. Differential readings and an adaptive filter are used to reduce the noise generated by 

other magnetic fields. 

This IPS has an accuracy of 0.5 meters without calibration and 0.1 meters with calibration. The MS 

calculates and displays its position to the user. This information is not sent to other entities. The sampling 

rate of the IPS is 6.5 milliseconds. Although independent of building infrastructure, the system relies on 

prior data collection, namely, the position of the RSs. Additionally, the limited range of artificial magnetic 
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fields created by the RSs (15 meters) restricts the coverage of  the IPS in complex buildings. No 

considerations are made about the modularity, physical robustness, size, weight and ease of assembling, 

as well as, the power source and autonomy of the system. 

The Smart LifeLine was developed under the ProFiTex project to support firefighters during urban 

firefighting missions [115], [116]. This IPS integrates a jacket with embedded sensors and electronics 

(e.g. infrared camera, IMU, and HMD) and a braided data and security rope – called “Smart LifeLine” – 

as a medium of data and energy transmission. 

The Smart LifeLine is an improved version of the traditional security ropes used by the emergency 

responders during urban firefighting. By adding data transmission capabilities it provides an innovative 

method for data transmission between the firefighters and the incident commander. Several beacons are 

embedded within the rope, enabling navigation and localization of firefighters in smoky environments and 

data exchange between the firefighters and the incident commander. Additionally, the system allows 

monitoring the firefighter’s condition (e.g. movement pattern, posture, heart rate, and environmental 

temperature) and triggering alarms if problems are detected. The system is mentioned to have localization 

capability, but the localization accuracy is not reported. An HMD is used to display the distance to the 

nearest beacon and to the exit, as well as, the other monitored parameters. The data obtained from the 

infrared camera is combined with a SLAM algorithm for a 3D building reconstruction and thermal mapping 

as the firefighter enters a building. In the current implementation, the SLAM algorithm runs offline.  

This IPS is independent of the building infrastructure and prior data collection. The coverage is limited by 

the length of the rope and may be reduced if it gets stuck in the furniture, doors or other building 

structures. No considerations are made about the modularity, physical robustness, size, weight and ease 

of assembling, as well as, the power source and autonomy of the system. 

Summary of Other Systems 

In this subsection, some alternative approaches addressing the indoor localization problem of emergency 

responders were introduced and discussed. The main limitation of the ultrasound-based IPSs is due to 

the inability of ultrasonic waves to travel through walls. Therefore, in a complex building, the number of 

beacon nodes has to be high to cover the entire building, which is unfeasible during emergency 
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responders’ missions. A promising approach is based on the generation of artificial  magnetic fields. The 

magnetic fields are immune to the multipath and fading phenomena and can easily penetrate obstacles, 

achieving a high performance, even in NLOS conditions. Nevertheless, they may be distorted by the 

building materials and their range is short. The use of security ropes with communication capabilities 

present the same problems of traditional security ropes, i.e. they may get stuck on furniture, door, or 

other building structures, reducing the coverage of the system. 

2.3.5. Comparison of IPS Schemes for Emergency Responders 

In Table 2.1, Table 2.2 and Table 2.3, the IPSs surveyed in the previous subsections are evaluated and 

compared from the viewpoints introduced in Section 2.2. In the three tables, the IPSs are grouped by the 

technological principle adopted and are referenced by system/author name, year and a reference to the 

respective paper. 

In Table 2.1, the IPSs are compared with respect to the main design choices, namely, technological 

principle, deployment, localization principle, algorithm and environment. Additionally, the column 

Technologies lists the technology types used by each system and, the column Techniques shows the 

different techniques used in each IPS for the localization process.  

Table 2.2 compares the IPSs regarding the requirements of an IPS for emergency responders, namely, 

accuracy, information accessibility, adaptability, architecture, autonomy and cost. Concerning the 

requirements of information accessibility, adaptability and architecture, the symbols “✓” and “X” are 

used to represent that the IPS complies or does not comply with the requirement, respectively. The symbol 

“-” is used when no information about a requirement is provided. The column Cost represents the 

deployment expenses of each system and is classified as low (L), medium (M) or high (H). This 

categorization is based on the price of the used sensors and the number of components needed since, 

in most cases, the cost of the IPS is not provided. 
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Table 2.1. Comparison of the surveyed IPSs based on design choices 

System/Author Name - 
Year 

Technologies Techniques Deployment 
Localization 
Principle 

Algorithm Environment 

Radio Signal-Based Systems 

SmokeNet – 2007 [59] ZigBee; RF Signal RSSI; Fingerprinting Preinstalled WSN Decentralized Indoor 

Europcom – 2008 [17], 
[60], [61] 

UWB; Wi-Fi RToF; Iterative Least Squares Strategic Ad-Hoc Decentralized Indoor 

ProeTEX – 2009 [62] GPS Trilateration No Infrastructure-Based Decentralized Outdoor 

LifeNet – 2009 [64] Ultrasound; RF TDoA; RSSI Strategic Ad-Hoc Decentralized Indoor 
FIREGUIDE – 2010 

[65] 
RFID; Bluetooth; Wi-Fi Response Rate; Proximity Preinstalled 

Infrastructure-Based 

and Proximity 
Decentralized Indoor 

Ruppel el al. – 2010 [66] RFID; Bluetooth; Wi-Fi 

Multi-Method-Approach 

(MMA); Fingerprinting; BIM; 
Trilateration; Proximity 

Preinstalled 
Infrastructure-Based 
and Proximity 

Centralized Indoor 

Li and Gerber – 2012 

[20] 
Wi-Fi 

RSSI; Triangulation; 

Propagation Model 
No Ad-Hoc Decentralized Indoor 

Moon et al. – 2013 [68], 

[69] 
RF; GPS SLAM; EKF; ToF Strategic Ad-Hoc Centralized 

Indoor and 

Outdoor 
Ghosh et al. – 2013 [70] ZigBee RSSI Strategic Ad-Hoc Centralized Indoor 

Zhang et al. – 2013 [38] UWB 

TDoA; AoA; EKF; Multi-

Dimensional Markov Jump 
System 

Strategic and 

Preinstalled 
Ad-Hoc Centralized Indoor 

Li et al. – 2014 [71] Wi-Fi 
BIM; SBL; RSSI; Centroid; 
MLE 

Strategic and 
Preinstalled 

Infrastructure-Based 
and Ad-Hoc 

Centralized Indoor 

Femminella and Reali – 
2015 [18] 

Wi-Fi; GPS Trilateration; RSSI Strategic Ad-Hoc Decentralized 
Indoor and 
Outdoor 

IMU-Based Systems 

Beauregard – 2006 [74] IMU; GPS 
PDR; Feedforward Neural 

Network; Trilateration 
No Dead Reckoning Decentralized 

Indoor and 

Outdoor 

Beauregard – 2007 [75] IMU 
Dead Reckoning; Strap-Down 

Equations; ZUTP 
No Dead Reckoning Decentralized 

Indoor and 

Outdoor 

IndoorNav – 2007 [76] IMU; RFID 
PDR; Map Matching; EKF; 

Proximity 
Strategic 

Dead Reckoning and 

Proximity 
Centralized Indoor 

Ojeda and Borenstein – 
2007 [77] 

IMU PDR; ZUPT No Dead Reckoning Decentralized Indoor 

Widyawan et al. – 2008 
[78] 

IMU 
PDR; Particle Filter; Map 
Matching 

No Dead Reckoning Centralized Indoor 

HeadSLAM – 2008 [80] IMU; Laser Scanner PDR; Particle Filter; SLAM  No Dead Reckoning Decentralized Indoor 

CADMS – 2010 [83] IMU 
PDR; EKF; ZUPT; Map 
Matching 

No Dead Reckoning Centralized Indoor 

Rantakokko et al. – 2011 
[84] 

IMU; UWB; GPS 
PDR; ZUPT; KF; Cooperative 
Localization; Trilateration 

No Dead Reckoning Centralized 
Indoor and 
Outdoor 

Zhang et al. – 2012 [86] IMU PDR; ZUPT; KF No Dead Reckoning Decentralized Indoor 

Hari el al. – 2013 [88] 2 IMUs; UWB; Camera 
PDR; ZUPT; KF; Centralized 

Cooperative Localization 
Preinstalled 

Dead Reckoning and 

Infrastructure-Based 
Centralized Indoor 

REFIRE – 2013 [13] IMU; RFID 
PDR; EKF; Online learning 
algorithm 

Preinstalled 
Dead Reckoning and 
Infrastructure-Based 

Decentralized Indoor 

Rantakokko et al. – 2014 
[19] 

2 IMUs PDR; ZUPT; constrained EKF No Dead Reckoning Decentralized Indoor 

TOR – 2014 [94] 2 IMUs; UWB 
PDR; ZUPT; KF; Centralized 
Cooperative Localization; 
Synthetic Ranging 

Preinstalled 
Dead Reckoning and 

Infrastructure-Based 
Centralized Indoor 

Hybrid Systems 

Relate Trails – 2008 
[21], [95], [96] 

IMU; Ultrasound PDR; ZUPT; Proximity  Strategic 
Dead Reckoning and 
Proximity 

Decentralized Indoor 

PPL – 2011 [97]–[101] Radio Signals; IMU KF; Trilateration Strategic 
Dead Reckoning and 
Ad Hoc 

Centralized Indoor 

Virtual Lifeline – 2011 
[102] 

IMU; Ultrasound; RF 
(ZigBee) 

PDR; ZUPT; Proximity; RSSI: 
KF; PF; Backtracking PF 

Strategic and 
Preinstalled 

Dead Reckoning, Ad 
Hoc, and Proximity 

Decentralized Indoor 

GLANSER – 2012 [103] 

6DoF IMU; Doppler; 

Barometer, Motion 
Model; UWB; GPS 

EKF; Synthetic Aperture; 

Trilateration 
Strategic 

Dead Reckoning and 

Ad Hoc 
Decentralized 

Indoor and 

Outdoor 

WASP – 2013 [106] 
IMU; Pressure Sensor; 
Ranging Sensors; NFC; 

GPS 

ToF; Map Matching; 
Triangulation; Patented sensor 

fusion algorithms 

Strategic and 

Preinstalled 

Dead Reckoning, 
Infrastructure-Based, 

and Ad Hoc 

Decentralized 
Indoor and 

Outdoor 

Simon el al. 2015 [108] RF; IMU 
RSSI; Gradient Descent method; 
Gauss-Newton Algorithm; PDR; 

ZUPT; KF 

Preinstalled 
Dead Reckoning and 
Infrastructure-Based 

Decentralized Indoor 

Other Systems 

PathFinder [110] Ultrasound RSSI Strategic Ad Hoc Decentralized Indoor 

MILPS [111]–[114] 
Artificial Magnetic 
Fields 

Trilateration; Differential 
Measurement; Adaptive Filter 

Strategic Ad Hoc Decentralized Indoor 

Smart Lifeline – 2013 
[115], [116] 

IMU; Infrared Camera; 
Depth Sensor 

SLAM Strategic Infrastructure-Based Centralized Indoor 
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Table 2.2. Comparison of the surveyed IPSs based on additional Features 

System/Author Name - 
Year 

Accuracy 
Information Accessibility Adaptability of the IPS Architecture of the IPS 

Autonomy Cost 
A1 A2 A3 A4 A5 B1 B2 B3 B4 B5 C1 C2 C3 C4 C5 

Radio Signal-Based Systems 

SmokeNet – 2007 [59] 
Room 
Level ✓ ✓ ✓ X - X X X X ✓ - X - - - 95 hours H 

Europcom – 2008 [17], 
[60], [61] 

1 m X ✓ - X - ✓ ✓ ✓ ✓ - - ✓ - - X - H 

ProeTEX – 2009 [62] - X ✓ ✓ X - ✓ ✓ ✓ ✓ - ✓ X ✓ ✓ ✓ 7 hours L 

LifeNet – 2009 [64] 
Relative 

Position 
✓ ✓ - X - ✓ ✓ ✓ ✓ ✓ X ✓ X X X - M 

FIREGUIDE – 2010 

[65] 

Room 

Level ✓ X - X - X X X X ✓ X X - ✓ ✓ 

Powered 

by the 
grid 

L 

Ruppel el al. – 2010 
[66] 

- ✓ ✓ - X - X X X X ✓ X ✓ - X X 
Powered 
by the 

grid 

H 

Li and Gerber – 2012 
[20] 

2,24m 

(only in a 
room) 

X X ✓ X - ✓ X ✓ X ✓ X - - ✓ ✓ - L 

Moon et al. – 2013 
[68], [69] 

<1m X X - ✓ - ✓ ✓ ✓ ✓ - - X - - - - M 

Ghosh et al. – 2013 
[70] 

- X X ✓ X - ✓ ✓ X ✓ - - ✓ - - - 2 months L 

Zhang et al. – 2013 

[38] 

0,03m (in 

LOS) 
X ✓ X X ✓ ✓ ✓ X ✓ X - X X - - - H 

Li et al. – 2014 [71] 
< 2.29m in 
95% 

X ✓ ✓ X - ✓ X ✓ ✓ ✓ X ✓ ✓ - ✓ - L 

Femminella and Reali 

– 2015 [18] 
<10m X ✓ ✓ X - ✓ ✓ X X - X ✓ - - - - M 

IMU-Based Systems 

Beauregard – 2006 

[74] 
- X X X X ✓ ✓ ✓ ✓ ✓ ✓ X - X ✓ X - L 

Beauregard – 2007 

[75] 
- X X X X ✓ ✓ ✓ ✓ ✓ ✓ ✓ - X X X - L 

IndoorNav – 2007 [76] 
<5m in 

90% 
X X - X ✓ ✓ X X X ✓ ✓ - X X X - M 

Ojeda and Borenstein – 
2007 [77] 

<2,1% of 

distance 
traveled 

X X X X ✓ ✓ ✓ ✓ ✓ ✓ ✓ - X X X - L 

Widyawan et al. – 2008 
[78] 

1.89 – 
1.55m 

X X X X ✓ ✓ ✓ X ✓ ✓ X - X X X - L 

HeadSLAM – 2008 [80] 12m X X X ✓ - ✓ ✓ ✓ ✓ ✓ X - - X X - L 

CADMS – 2010 [83] 
<1,7m in 

95% ✓ ✓ - X - ✓ X X - ✓ X - X X X - L 

Rantakokko et al. – 

2011 [84] 
<3.5m X X - X - ✓ ✓ - ✓ ✓ ✓ - X X X - M 

Zhang et al. – 2012 

[86] 

<1,11m for 

walking; 
<7,73m (in 

Z 
direction) 

for running 

X X - X ✓ ✓ ✓ ✓ ✓ ✓ X ✓ X X X - L 

Hari el al. – 2013 [88] - X X - X X X ✓ X X ✓ ✓ ✓ ✓ ✓ ✓ 1.5 hours M 

REFIRE – 2013 [13] 
Room 
Level ✓ - X X - X X X X ✓ ✓ ✓ X - - - M 

Rantakokko et al. – 
2014 [19] 

<2m X X X X ✓ ✓ ✓ ✓ ✓ ✓ X - X X X - L 

TOR – 2014 [94] <3m X X ✓ X - X ✓ X X ✓ X ✓ X X ✓ 1.5 hours M 

Hybrid Systems 

Relate Trails – 2008 

[21], [95], [96] 

Room 

Level ✓ ✓ - ✓ - ✓ ✓ ✓ ✓ ✓ X ✓ X X X - M 

PPL – 2011 [97]–[101] 0.14m X ✓ ✓ X ✓ ✓ ✓ ✓ X X - ✓ - ✓ ✓ 24 hours M 

Virtual Lifeline – 2011 

[102] 
<8,66m X X - X - ✓ ✓ ✓ ✓ - X ✓ X X X - M 

GLANSER – 2012 

[103] 

3m (only 

sensors) 
X ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - X ✓ - ✓ X - H 

WASP – 2013 [106] 
Room 
Level ✓ ✓ ✓ ✓ ✓ ✓ X ✓ ✓ - ✓ ✓ - ✓ - - H 

Simon el al. 2015 [108] 
0,99m 
(with 

landmarks) 

X - X X - X X X ✓ X ✓ - X ✓ ✓ 8 years M 

Other Systems 

PathFinder [110] - X ✓ ✓ X ✓ ✓ ✓ ✓ ✓ - X ✓ - ✓ X 25 hours L 

MILPS [111]–[114] <0,5m X - ✓ X ✓ ✓ ✓ ✓ X - X - - - - - L 

Smart Lifeline – 2013 

[115], [116] 

Relative 

Position 
✓ ✓ X ✓ ✓ ✓ ✓ X X X - X - - - - H 

A1 – Accessibility of the Position Information; A2 – Intuitive Presentation of the Positioning Data; A3 – Position Update 
Rate; A4 – SLAM; A5 – Information Security. 
B1 – Independence of Building Infrastructure; B2 – Independence of Prior Data Collection; B3 – Adaptability to Dynamic 

Environment Changes; B4 – Coverage; B5 – Deployment Effort; 
C1 – Modular System; C2 – Scalability; C3 – Physical Robustness; C4 – Ease of Assembling; C5 – Size and Weight. 
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Table 2.3. Comparison of the surveyed IPSs based on additional features 

System/Author Name - 
Year 

Layout Limitations Other Features 

Radio Signal-Based Systems 
SmokeNet – 2007 [59] Yes Sensitive to changes in the environment; Requires calibration Monitoring environmental parameters; Outside communication. 

Europcom – 2008 [17], 
[60], [61] 

Optional The accuracy is not always guaranteed Outside communication 

ProeTEX – 2009 [62] No Low performance in indoor Monitoring physiological and environmental parameters 

LifeNet – 2009 [64] No 
The beacons can be moved or destroyed; The position’s information 

is relative. Short range communication (2,5m) 

Outside communication. Monitoring physiological and 

environmental parameters. Assisted navigation 
FIREGUIDE – 2010 

[65] 
Yes Sensitive to changes in the environment; Depends on building power Indication of the nearest exit; Outside communication 

Ruppel el al. – 2010 
[66] 

Yes 
Limited tests; The low availability of BIM models; Expensive site 
survey; Relies on building power 

Records the firefighters' operation 

Li and Gerber – 2012 

[20] 
No 

Room-scale tested with LOS conditions; Requires absolute position; 
The propagation model parameters are site specific; The App needs 

to be installed on the smartphone’s occupants 

Localization of both first responders and occupants 

Moon et al. – 2013 

[68], [69] 
Yes Very limited tests; The building structured can be outdated Outside communication; Initialization mechanism 

Ghosh et al. – 2013 

[70] 
No System under development; Not evaluated 

Monitoring of physiological and environmental parameters; 

Prediction of the fire expansion 

Zhang et al. – 2013 
[38] 

Optional 

Requires cables and a calibration process; Not tested in realistic 

scenarios; Poor system's coverage; Tested only with UAV 
helicopters 

Voice/Data communications; Insertion of important information 

(casualty; valuable equipment; or dangerous material); 
Integration with external alert systems; Monitoring 

environmental parameters; Records the environment 

Li et al. – 2014 [71] Yes 

Limited tests; The low availability of BIM; Reliability of the 
smartphone communications with the web server; T ime needed to 

process the information of BIM models; The framework cannot be 
used with inertial navigation systems. 

The framework can be used with other RF technologies; The 

BIM tool provide a GUI 

Femminella and Reali 

– 2015 [18] 
Optional Low accuracy 

Outside communication; COTS components; Positioning 
information embedded on the SSID; Track ≈ 800 devices 

simultaneously; Position update of 10 s; Low computational 
complexity 

IMU-Based Systems 

Beauregard – 2006 
[74] 

No 
Specific calibration process; IMU must be mounted in a fixed 
position; Heading errors; The system cannot differentiate the gaze 

orientation from the direction of travel 

Helmet-mounted IMU 

Beauregard – 2007 

[75] 
No PDR drift; Limited tests Identifies the typical firefighters’ movements 

IndoorNav – 2007 [76] Yes 
PDR drift; Error associated to the tag attached to the door; Door’s 

omission; Tags can be destroyed by the fire 
Posture's monitoring 

Ojeda and Borenstein 
– 2007 [77] 

No 
Heading errors grows over time; The IMU is too large to fit in the 
sole of a boot; Sometimes it  detects false footfalls 

Independent of any infrastructure; Zero-radiation signature 

Widyawan et al. – 
2008 [78] 

Yes PDR drift  - 

HeadSLAM – 2008 
[80] 

No PDR drift; The laser scanner fails in low visibility environments 
Monitoring environmental parameters; Communication; 
Construction of the environment 

CADMS – 2010 [83] Yes The low availability of BIM; Effort to keep BIM up-to-date GUI; Communication; Independent of any infrastructure 
Rantakokko et al. – 

2011 [84] 
No Limited tests; Needs inter-agent ranging - 

Zhang et al. – 2012 

[86] 
No 

PDR drift; Does not have a support for the communication with 

incident commander 

Tracking the body movement; Dynamic threshold selection for 

the ZUPT method according to the type of movement; Works 
with both walking and running motions 

Hari el al. – 2013 [88] Optional 
Requires a local infrastructure Wi-Fi network to send the processed 

data to the incident commander; Needs inter-agent ranging 

Monitoring firefighter's intervention through a helmet-mounted 

camera 

REFIRE – 2013 [13] No 

Requires the pre-installation and location mapping of the RFID tags; 

Relies on user's specific parameters; The step detection based on 
time windows techniques are prone to fail in face of irregular 

movements. Tags can be destroyed by the fire 

The RFID tags can store critical up-to-date building information 

Rantakokko et al. – 

2014 [19] 
No Tested only in straight line movement 

Studied different types of firefighter's movements during a 

typical intervention; Professional firefighters were used to 
evaluate the system's performance 

TOR – 2014 [94] No 
Requires a local infrastructure Wi-Fi network to send the processed 
data to the incident commander; Needs inter-agent ranging; Needs a 
calibration process 

Evaluated under different movements typically of firefighters; 
Professional firefighters were used to evaluate the system 

Hybrid Systems 
Relate Trails – 2008 

[21], [95], [96] 
No Limited tests; The beacons can be moved or destroyed; PDR drift  Monitoring environmental parameters; Outside Communication 

PPL – 2011 [97]–[101] No System tested on a wheeled platform; Does not detect footsteps The localization algorithm is implemented in FPGA 
Virtual Lifeline – 2011 

[102] 
Optional The beacons can be moved or destroyed; PDR drift  Identifies the typical firefighter's movements 

GLANSER – 2012 
[103] 

Optional System under development 

Outside communication; Identifies the typical firefighters’ 

movements; Data processing implemented in FPGA. 
Monitoring physiological parameters 

WASP – 2013 [106] Yes - 
Construction of the environment; Patented sensor fusion & map 
building technology for robust, accurate GPS-denied location 

Simon el al. 2015 [108] No 

The handheld device is required to stand still during the position 
calculation; The handheld device interferes with firefighters' 

mission; The landmarks are vulnerable to high temperatures; 
Requires landmarks preinstalled on the building 

The landmarks have a long operating time (≈8 years); The 

system is fully operational even in catastrophic scenarios 

Other Systems 

PathFinder [110] No The sound can be corrupted; The direction is difficult to determine - 
MILPS [111]–[114] No Low range - 
Smart Lifeline – 2013 

[115], [116] 
No 

Only work for slow movements; The Smart Lifeline can be trapped 

on the building 

Monitoring of physiological and environmental parameters; 

Outside communication 
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In Table 2.3, the IPSs are compared in relation to some additional features of each IPS. The column 

Layout indicates the dependence of the IPS from the building plan. The major limitations of each IPS are 

described in the column Limitations. The column Other Features lists the functionalities that each IPS 

has besides localization. 

The information provided in these comparative tables can be used as a tool for the design of future IPSs 

for emergency responders, as they enable finding the best design choices that fulfil the IPS requirements. 

2.4. Issues, Challenges, and Future Research Directions 

Several IPSs have been developed to address the problem of indoor localization in scenarios faced by 

emergency responders. In fact, harsh conditions and unstructured environments raise a lot of challenges 

in the design of an IPS for emergency responders. In the following subsections, issues, challenges and 

future research directions in the design of an IPS for emergency responders will be highlighted.  

2.4.1. Issues and Challenges in IPSs for Emergency Responders 

Many studies have been carried out on indoor localization, but none of the developed systems is capable 

of meeting all the requirements of emergency responders for an IPS yet. In part, as depicted by Harris, 

the main reason for the failure is the lack of cooperation between the IPS development teams and the 

emergency responders [25]. This lack of cooperation implies that the majority of the developed systems 

are unable to adapt to the dynamic scenarios faced by emergency responders during their on-duty 

missions, resulting in a poor performance of the system in terms of accuracy and precision. In this 

subsection, the major issues and challenges in the design and performance assessment of IPSs for 

emergency responders are discussed. 

High System Cost 

In outdoor localization scenarios, the combination of GPS with cheap IMUs is enough to provide a 

navigation system that meets the user requirements – availability, cost, scalability, accuracy and 

precision. However, for the indoor localization scenarios, the use of mature technologies has shown to be 
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insufficient to solve the localization of emergency responders during their missions. This conclusion is 

supported on the systematic and in-depth study conducted on this study on IPSs for emergency 

responders. Since the best performing IPSs developed for emergency responders are based on 

proprietary technologies, specially designed for the system, the cost of the IPS is high, there fore, 

unaffordable to the majority of emergency responders. As analysed in Section 1.2.6, the cost of an IPS is 

a major issue for its acceptance and an important factor that researchers/designers of IPS for emergency 

responders have to consider when selecting the technology or combination of technologies to be used.  

Test Scenarios 

The majority of the IPSs are evaluated under controlled or semi-controlled environments with predefined 

routes or movements. Therefore, the performance of an IPS is tailored for a single testbed environment 

and for specific evaluation criteria [15], [117]  

In real scenarios, a huge number of unpredictable situations may occur which can lead to a failure on 

the IPS. These unpredictable situations include the destruction of waypoints or landmarks by the flames, 

unrecognizable movement pattern, building geometry, coverage area, among others. So, for a correct 

assessment of the IPS performance, it has to be evaluated under real scenarios and according to 

evaluation criteria previously defined by emergency responders. Only in this way the required performance 

of the IPS is achievable and the limitations of the existing IPSs for emergency responders can be 

overcome. Additionally, the comparison of several IPSs performances under the same conditions will be 

extremely helpful to study the effects that environmental conditions (temperature and humidity) and 

building structures have in the technology selected for each IPS [117]. 

Recognition of Typical Movement Patterns of Emergency Responders 

As stated by Harris, there is a gap between what researchers are developing and what emergency 

responders expect from an IPS [25]. That happens due to the lack of cooperation between the IPS 

developers and the emergency responders, resulting in IPSs that achieve good results in controlled 

environments but, in real scenarios, are incapable of producing good position estimations.  
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In addition to the unique challenges created by an environment where the missions of emergency 

responders take place (e.g. unstructured, poor visibility, high temperature and humidity), another 

differentiating characteristic between normal IPSs and IPSs for emergency responders is the unique 

movement patterns of the emergency responders during their missions. However, most of the developed 

IPSs are incapable of recognizing these characteristic movement patterns – e.g. walk (upright or 

hunched), “knee-dragging motion”, or crawling [19]– consequently, of producing good position 

estimations with this type of movements. As pointed out by Harris, this is the main cause of the IPSs 

failure when tested under typical emergency responders’ missions [25]. Usually, the majority of the 

developed IPSs for emergency responders were tested on wheeled platforms or for simple movements 

(e.g. walking, running and climbing stairs). 

Poor Availability of Signals from Wireless Technologies 

In indoor scenarios, radio signals are subjected to countless physical phenomena – e.g. multipath, 

obstruction, reflection, scattering and diffraction – which drastically attenuate the signal, reducing its 

coverage range. So, to have a good availability of radio signal throughout the intervention scenario, several 

anchor nodes have to be distributed over the place. The anchor nodes density will be as higher as lower 

the wireless technology range is. Multiple anchor nodes are needed because most of the localization 

methods based on geometric properties or fingerprinting require at least three different signals for the 

localization process. However, fulfilling this requirement in an unstructured environment is almost 

impossible, as the anchor nodes, if used, must be deployed at the moment of intervention and their 

deployment should not interfere with on-duty tasks of emergency responders [17]–[20], [22], [28]. 

An alternative to the use of wireless signals are the inertial sensors. However, pure IMU-based systems 

only provide an accurate position estimate for short periods. For long periods of operation, which is a 

requirement of emergency responders (Section 1.2.5), the error in the position estimation will grow 

exponentially, making this information useless. In IMU-based systems, the error in position estimation is 

associated with the sensors’ drift. For long-term operations, the position estimation obtained from IMU 

data must be periodically corrected with the information gathered from wireless technologies, waypoints, 

landmarks, or maps. 
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2.4.2. Future Research Directions 

A detailed survey of typical techniques, methods and approaches used in IPSs for emergency responders 

has been presented in this study. However, many design aspects require investigation to increase the 

performance and usability of IPSs for emergency responders. In this section, some key future research 

directions in IPSs for emergency responders are discussed. 

Distribution Criteria of Waypoints 

The use of waypoints is a good solution to overcome the poor availability of signals from wireless 

technologies and the drift of inertial sensors. Therefore, waypoints are a cost -effective solution to increase 

the performance of all three IPS variants discussed in the taxonomy proposed in this work (radio signal-

based, IMU-based and hybrid systems). Additionally, waypoints can also be used to increase the coverage 

of an IPS. 

Nevertheless, waypoints have to be deployed as an emergency responder enters a building and its position 

must be computed on-the-fly. The overall performance of the IPS will be intrinsically dependent on the 

computed position accuracy of the waypoint. Knowing when a waypoint should be deployed is a crucial 

factor in the performance of the IPS. On the one hand, if the waypoints are deployed sparsely, the position 

error may be too high to meet the requirements in terms of localization accuracy (Section 1.2.1). On the 

other hand, if the waypoints are deployed too often, the deployment process will interfere with the on-duty 

tasks of emergency responders, which is undesirable (Section 1.2.3). So, further research on algorithms 

for positioning and assisted deployment of waypoints is needed. Alongside with the development of these 

algorithms, the researchers should also focus on the selection of the waypoint wireless technology. This 

technology should be selected to satisfy a trade-off between reducing the number of waypoints to be 

deployed and maintaining the localization error below the specified requirement. The assisted deployment 

algorithms can be developed monitoring the position error – i.e. a waypoint is deployed every time the 

position error exceeds a specified threshold – or when the RSS from another waypoint drops below a 

specified threshold. 
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Development of a Localization Algorithm 

Albeit several IPSs have been proposed to support emergency responders during their daily missions, 

none of them is capable of providing a satisfactory performance in all environments [14]–[16]. This 

happens mainly due to the limitations of the existing technologies – both, the wireless technologies and 

the inertial sensors –, the challenging environmental conditions and the diversity and complexity of 

building structures. As discussed in the Section 1.2.6, the development of new technologies to tackle the 

indoor localization problem is not a suitable approach as it will increase the cost of the system, making 

the IPS too expensive for the emergency responders. 

So, a cost-effective solution is the combination of different technologies, techniques and methods with 

data fusion algorithms [33], [74]. These technologies, techniques and methods should be chosen in order 

to complement the drawbacks of each. For instance, inertial sensors can be used to overcome the poor 

availability of wireless signals in indoor scenarios, therefore, providing a continuous position estimation; 

waypoints can be used to control the drift of inertial sensors; or the CSI can be used to replace the 

traditional RSS, as the CSI-based techniques outperform the RSSI-based techniques without having to 

change the localization method of the IPS [53]–[55]. The combination of different technologies (e.g. GPS 

with inertial sensors and Wi-Fi) allows the localization of emergency responders in both indoor and outdoor 

scenarios. Additionally, different sensors can also be used to decrease the complexity of the localization 

process, e.g. barometers or atmospheric pressure sensors can be used to provide the vertical position. 

However, data fusion algorithms require an error model that combines all the error sources that might 

affect the IPS performance. By itself, modelling the system error based on the data provided by the several 

sensors that comprise the IPS is an attractive research topic that needs further research [38]. Therefore, 

the data fusion algorithm should adequately combine the information provided by the different sensors 

with the probabilistic integration of these data over the time. 

Creation of Benchmarks and Test Scenarios 

As discussed in the Section 2.4.1, one of the biggest challenges in the performance comparison of 

different IPSs is the lack of benchmarks. Besides providing a correct assessment of the IPSs’ 

performances, benchmarks are also regarded as an essential tool for the identification of the real 
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limitations of technologies, techniques and methods when applied in indoor environments [15], [16], 

[25], [94], [117], [118]. 

Although some researchers proposed platforms to benchmark the IPSs [117], [118] and international 

competitions for performance assessment of IPSs were created [15], [16], benchmarks are still in an 

initial phase and do not address the challenging scenarios faced by IPSs designed for emergency 

responders. Alongside with the need of benchmarks for the comparison on different IPSs, it is also 

required to create standard test scenarios to portray the conditions that the emergency responders face 

during their missions [25]. 

Integration of an IPS in a Cyber-Physical System 

The integration of several different technologies in one system led to a new type of systems, the CPSs. A 

CPS consists of a distributed intelligent system, composed of embedded systems – sensors and actuators 

designed to sense and interact with the physical world, including human users – in order to collect data 

globally, process the information centrally, and distribute the results locally [119], [120]. A CPS aims to 

enhance the situational awareness and the safety of the user. 

The development of an IPS integrated on a CPS, which gathers information from many other 

environmental and physiological sensors, has many advantages, namely: 1) refinement of the emergency 

responder’s position based on the positions of the other emergency responders; 2) creation of new escape 

routes for each emergency responder, based on the received environmental information and position 

estimation; 3) reduction of the computational capacities through the distribution of the computational 

workload; 4) a system capable of interpreting and adjusting in real-time to the dynamic changes of the 

environment, and 5) increasing the situational awareness of emergency responders and the incident 

commander, providing not only the position information but also the physiological and environmental 

conditions. 

Despite the advantages of the integration of an IPS in a CPS, until now only the Smart Firefighting Project 

proposed an integrated system with the localization feature [119]. However, so far, the findings were not 

published. 
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Integration of Existing Data 

A recent trend in the indoor localization field is the use of crowdsourcing strategies to const ruct user 

trajectories based on the data gathered from mobile devices equipped with sensors [121]–[123]. Based 

on the user trajectories, an indoor map can be created. 

As pointed out several times throughout this work, an IPS for emergency responders cannot be based on 

preinstalled systems, detailed building maps, or even pre-collected information [17]–[19]. Nevertheless, 

the information on the user trajectories inside a building can be extremely helpful to increase the 

performance of an IPS. Based on the user trajectories some useful information can be extracted: 1) 

identification of building structures (e.g. corridors, canteen, elevators and stairs), which are useful for 

planning the intervention and for the generation of escape routes; 2) identification of the places with the 

highest likelihood of having occupants. Setting these places with the highest priority will reduce the time 

needed to search occupants; and 3) creation of digital building maps which may provide an initial 

estimation of the building dimensions and navigation functionalities. These maps may be refined as the 

emergency responders enter the building. 

To achieve the goal, more research is needed addressing the fol lowing issues: 1) how to extract user 

trajectories and building structures from the crowdsourcing data; 2) how to deal with the errors generated 

from the low-cost sensors that equip most of the mobile devices like smartphones; 3) which information 

is useful and can be later used in digital building maps for emergency responders during their missions; 

and 4) how to combine the created digital maps and the user trajectories with the IPS.  
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Chapter 3  

PROTACTICAL Cyber-Physical System2 

As discussed in the previous chapter, the integration of an IPS into a CPS brings several advantages for 

emergency responders’ missions. Despite the attractiveness of the CPS, they are in an early stage of its 

development and, therefore, still an unexplored area. In this chapter, the architecture of the PROTACTICAL 

CPS, as well as its main components, are introduced. Besides the localization and tracking capabilities, 

the PROTACTICAL CPS is also capable of monitoring physiological and environmental parameters, 

bidirectional communication between emergency responders and the incident commander, and 

detecting, in real-time, life-threatening scenarios. 

This chapter starts with a brief analysis of the technologies used in the existing PPEs, followed by an 

overview of the proposed solution. Then, the architecture of the PROTACTICAL CPS is presented and, its 

                                                 
 

2 This chapter is the outcome of a collaborative work between the author and Duarte Fernandes. The author acknowledges 
that both authors have contributed equally to the development of the PROTACTICAL CPS. 
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different elements are discussed. Based on the target application, the different sensing and actuators 

elements that compose the WBSN-PROTACTICAL are described. Then, the two networks (WBSN-

PROTACTICAL and Ad Hoc-PROTACTICAL) that compose the PROTACTICAL CPS are presented. Finally, 

some computing and control technologies that aim to improve the system efficiency and performance are 

proposed. 

3.1. Introduction 

During the last decade, wearable systems have been a major topic of research and development. Firstly 

oriented towards the medical and well-being fields, such as, patient’s health monitoring, elderly people 

surveillance, athletes’ performance assessment or sleep quality evaluation [124], [125], wearable 

systems current focus has shifted to monitoring workers during their daily activities.  

Monitoring firefighters and emergency response teams is regarded as one of the most difficult and 

challenging scenarios, as the surrounding environment is harsh, highly dynamic, covers wide operative 

areas and represents immediate life-threatening to the individuals (e.g. exposure to toxic gases, high 

temperatures, skin burns and danger of collapse) [126]–[128]. 

Emergent technology integration approaches to merge small form factor sensors, wireless technologies 

and computing technologies with firefighter equipment and PPE, have the potential to revolutionize the 

firefighting domain and have been deployed in several other domains leading to a new type of systems, 

called CPS. 

3.1.1. Related Work 

Several technology approaches to smart PPEs have been proposed [59], [70], [97], [103], [106], [115], 

[119], [127]–[133] to enhance firefighter occupational health and safety. Major differences are related to 

sensing capabilities, integration of sensor/actuator technologies in the garment, as well as, data gathering 

and communication technologies at on-body, off-body and indoor location levels. 
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PPE sensing capabilities can target physiological parameters monitoring, like in WASP [106], iVital [132], 

WearIT@Work [127] and PHASER [129] solutions, environmental parameters (temperature, moisture, 

toxic gases concentration/presence) like in FIRE project [59] or both parameters, as in ProeTEX [128] 

and i-PROTECT [133] proposals. To increase comfort and, consequently, user acceptance, several 

techniques were proposed to integrate sensing systems into the garment. The ProeTEX and iVital solutions 

rely on textile-based electrodes, piezoelectric or piezo-resistive sensors for heart rate, motion or breathing 

rate acquisition and on textile-based antennas for data reception/transmission. The i-PROTECT project 

proposes the use of optical fibres integrated into textiles for the acquisition of breathing and heart rates 

and body temperature. The Soukup et al. [131] solution acquires moisture and nitrogen dioxide (NO2) 

signals through screen printed sensors, the same technique that  is applied for the development of 

antennas. 

In what concerns on-body communication, wired [128] or wireless [70], [106], [115], [129], [131]–[133] 

technologies can be used. Different wireless communications technologies – Bluetooth [106], [115], 

[129], [132], ZigBee [70], MOTORBO [133], or other proprietary RF-based [131]– were used for the on-

body communication, or the communication within the WBSN. Projects like WASP and ProFiTex, although 

relying on wireless communications within the WBSN, are based on all -in-one modules for the acquisition 

of the target parameters, which makes the PPE more vulnerable to failure and the solution more intrusive 

to the user. 

The bidirectional real-time off-body communication is of utmost importance in a PPE system, since 

receiving the monitored parameters in real-time and transmitting alerts to the firefighter at any moment 

are essential for decision-making support and firefighter’s safety, respectively. Several design approaches 

have been proposed and each one of them has their own advantages and drawbacks. The iVital project 

relies on the building Wi-Fi network to send the data to the incident commander. This approach in an 

urban fire scenario is unreliable due the low likelihood of the building network to be operational (due the 

failure of the building power). A similar approach was adopted by the FIRE project. In this project a 

wireless sensor network (WSN) was preinstalled on the building, called SmokeNet, and is used for the 

communication between the firefighters and the incident commander [59]. Projects like WASP, PHASER 

and CoenoFire rely on the mobile 3G network to send/receive data, which cannot be available in large 

buildings (like malls, underground parking, university campuses and hospitals). Additionally, the WASP 

and the i-PROTECT projects, use the MOTORBO mobile radio communication system, from Motorola, to 
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send/receive the data to/from the incident commander. Projects like WearIT@Work, [131] and [70] are 

based on the strategic deployment of ad-hoc networks. The WearIT@Work project proposes the LifeNet 

network, which has a system for the automatic distribution of the beacons as the firefighter is entering 

the building [64]. A similar approach was adopted in [131], but in this system the beacon placement is 

on demand and the firefighter has to place the beacon. The ProeTEX project proposes the strategic 

deployment of a long-range communication system at the intervention site, based on Wi-Fi technology, 

for bidirectional communication [62]. A totally different approach was proposed by the ProFiTex project. 

A Smart Lifeline was developed, which is a braided data and security rope carried by firefighters and is 

equipped with data transmission and energy supply capabilities. The communication between the 

firefighters and the lifeline is wireless and based on ZigBee technology.  

The location and tracking of the firefighters during a mission is an essential tool for planning and 

coordination of emergency responder teams [12], [22], [28]. Besides the importance of indoor localization 

subsystem in a PPE, projects like i-PROTECT, PHASER, CoenoFire and [131] do not provide the 

firefighter’s location during a mission. The NIST project proposes the combination of research in smart 

building technology, smart firefighter equipment and robotics to address this problem and defines 

guidelines for the development of a PPE based on CPS approach. Projects like ProeTEX and iVital provide 

the firefighter position obtained from a GPS receiver, which is inaccurate in indoor scenarios and, 

therefore, does not meet the requirements demanded by firefighters. Projects like WearIT@Work and [70] 

propose a relative indoor localization mechanism based on data exchange with the nearest beacons, or 

waypoints. Instead of providing the location information, projects like WearIT@Work, FIRE and ProFiTex 

aim to deliver navigation functionalities to guide the firefighter safely to the nearest exit. The best results 

in terms of accuracy and precision are achieved when the firefighter’s location is computed based on 

data fusion techniques. These techniques aim to combine data obtained from inertial, pressure and 

ranging sensors and complemented with motion models and location, tracking and mapping algorithms 

to compute the firefighter location. Examples of projects that apply data fusion techniques are the PPL 

[97], GLANSER [103] and WASP, the latter based on the TRX NEON System for indoor localization module 

[107]. To increase the firefighter’s awareness of the surrounding environment, projects like ProFiTex 

[116], WASP and HeadSLAM [80] rely on the SLAM technique to build a map of the intervention scenario. 

Other studies have proposed different schemes for the indoor localization of emergency teams [12], [22], 

[126]. However, these studies only addressed the indoor localization problem. 
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3.1.2. Proposed Solution 

A fully integrated CPS approach to a smart PPE was designed and developed to improve the emergency 

team’s performance, resilience and safety. 

The proposed PROTACTICAL CPS is composed of a shirt, a coat, pants and boots. Data is gathered 

through electroactive substrates (e-textiles) with sensors and circuits embedded into the textile structure 

for physiological signals monitoring, together with off -the-shelf sensors unobtrusively integrated onto the 

textile substrates. The monitored parameters, consistent with urban fire requirements, are: heart rate, 

breathing rate, sweat detection, inner and environmental temperatures, heat flux across the coat, carbon 

monoxide (CO) and dioxide (CO2) concentrations, firefighter’s activity and posture, absolute and relative 

position. 

The array of real-time sensors data also ensures situational awareness during emergency events. 

However, as firefighting involves several actors, the PROTACTICAL CPS explores wireless communication 

technologies to ensure a multi-dimensional system at individual firefighter (or PPE), emergency team and 

incident commander levels. Regarding to computation and control components, the real -time data 

transmitted is perceived as actionable information for computational technologies in order to provide 

powerful decision-making tools. 

The integration of each subsystem into a unique system ensures a close interplay between the “cyber” 

and “physical” worlds, i.e. a change in a world must be reflected in the other world. This allows, not only 

the real-time monitoring of various external (environmental) and internal (microclimate of the equipment 

and the user) parameters, which provides situation awareness, but also control and actuation at three 

distinct levels (PPE, emergency team and incident commander). 

3.2. PROTACTICAL CPS Architecture 

The architecture of PROTACTICAL CPS is depicted in Figure 3.1. The components of the system are 

defined across spatial levels, while the interactions between components and their tasks are defined 

across temporal and spatial levels. The tasks performed for every component are described by an “Event -
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Action” relation. The target application defines the changes required in the physical world - which can be 

a change in an attribute, temporal or spatial status of a physical phenomenon or object or a combination 

of these different types of information -, designated as events, which have a predefined action after the 

respective event is generated. These events can be generated from several devices and the same event 

has a different level of abstraction in each PROTACTICAL CPS component, according to the spatial level. 

For instance, considering the following event “Inner tempera ture of firefighter garment is 40 ºC”, the 

devices Node-PROTACTICAL and network coordinator (Gateway-PROTACTICAL) illustrated in Figure 3.1, 

have different levels of abstraction. In the former device, the event is interpreted as the level of 

temperature in inner coat, while in the latter device it can be interpreted as skin burns. 

The spatial-temporal event model presented in [134] is adopted to capture close interactions between 

cyber and physical worlds. This model integrates different events over space and time while  the 

information of the original physical event remains intact. Concepts such as Events Condition (combination 

of attributes, temporal, and spatial information, which are used to trigger changes in physical world), 

Events Instance (events required) and Actions (predefined actions triggered after the detection of an Event 

Instance), as well as, Observers components (devices with capacity to collect data, assess it based on 

the event condition, and generate an Event Instance when conditions are respected) are introduced in 

architecture proposed. 

 

Figure 3.1. Architecture of the PROTACTICAL CPS. 
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The components of the PROTACTICAL CPS are categorized according to the spatial level (Cyber-, Physical-

World or CPS Network), as depicted in Figure 3.1. 

The Elements operating at the Physical-World are: 

 Sensors – interface between the physical and cyber worlds, resulting in physical events. The 

physical phenomenon measured is converted to information, containing attributes, time and/or 

space information; 

 Actuators – capable of changing attributes of a physical object; 

 Node-PROTACTICAL – composed by a microcontroller, called computing component; a 

transceiver, communication component; a power source (small battery); sensors and/or 

actuators. The physical observations of sensors are exploited by Nodes-PROTACTICAL to generate 

a Node Event Instance based on Event Conditions of the Node-PROTACTICAL and respective 

sensor. This component represents the first level of Observers in CPS event model (Observer 

entity), being responsible for transforming real-time sensor data into actionable information; 

 Gateway-PROTACTICAL – element responsible for gathering the real-time sensor data received 

from Nodes-PROTACTICAL and for managing the WBSN-PROTACTICAL. It also serves as second 

level of Observers in the CPS event model. In this context, this component is called event-driven 

control unit, since it can also collect the node Event Instance from the Nodes-PROTACTICAL, as 

input observations and generate cyber-physical Event Instance, or in other words, additional 

actionable information; 

 WBSN-PROTACTICAL – a distributed network comprising several Nodes-PROTACTICAL and the 

coordinator of the network, the Gateway-PROTACTICAL. The wireless communication technology 

adopted in this network is the ZigBee. A detailed description of this network can be found in 

Section 3.4.1. 

The elements of the cyber world of the proposed CPS system, illustrated in Figure 3.1, are: 

 Incident commander – in the context of PROTACTICAL CPS is called Base Station-PROTACTICAL 

or CPS CU, serving as the highest level of Observers in the CPS event model. This Observer entity 

is connected to the Ad Hoc-PROTACTICAL, receives cyber-physical Instance Events from Gateway-

PROTACTICAL, processes them according to certain rules and generates Cyber-Events. Moreover, 
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at this level, Cyber actions are associated with determined Cyber-Events; these actions can be 

performed in CU or can be a command for WBSN-PROTACTICAL; 

 Database Server – distributed data logging service. Events Instance that circulate inside the CPS 

network are automatically transferred to the database server after a defined time for later retrieval. 

The CPS network, called Ad Hoc-PROTACTICAL, consists on an ad-hoc network with the responsibility of 

connecting the WBSNs-PROTACTICAL with the Base Station-PROTACTICAL and Database Server. A 

continuous, reliable and efficient connection is ensured by the Ad Hoc Network, using Forward-

PROTACTICAL devices. The cyber-physical events emitted by any Gateway-PROTACTICAL are transported 

by the Forwards-PROTACTICAL to the CU. The CU, after processing the cyber-physical events, emits an 

associated cyber action to the respective Gateway-PROTACTICAL through the Ad Hoc-PROTACTICAL 

network created by the devices Forward-PROTACTICAL. The wireless communication technology selected 

for this network was Wi-Fi.  

3.3. Sensing, Actuators and Instrumentation 

Recent advances in wearable, wireless communications, computer and electronic technologies have 

considerably reduced the size, cost, and power requirements of embedded/wearable systems. Low -power 

and low-cost devices are now equipped with sufficient storage and data processing capabilities, making 

wireless sensing a reality in a wide range of applications, including monitoring urban firefighters during 

their activities. 

The monitored parameters (physical events) of the PROTACTICAL CPS are acquired through wearable 

multipurpose devices, Nodes-PROTACTICAL, with wireless (ZigBee), data processing and sensing 

capabilities, that send the processed data to the Gateway-PROTACTICAL (sensor event) at a predefined 

sampling rate. This sampling rate can be automatically updated if the Gateway-PROTACTICAL 

detects/identifies a critical situation (cyber event), i.e. the processing logic is distributed at Node-

PROTACTICAL level. 

In Table 3.1 the Nodes-PROTACTICAL of the current version of the smart PPE are listed. The architecture 

proposed for each Node and selection of components took into account the flexibility and unobtrusiveness 

of the solution, energy efficiency and autonomy, and reliability of the measurements under harsh 
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conditions. Nodes-PROTACTICAL are self-powered, through small batteries, with the capacity to 

continuously monitor the node-specific parameters during the firefighter’s intervent ion. This modular 

architecture allows reducing the amount of data to be sent, thus the energy consumption due to wireless 

communications, and enables customizing the PPE according to the user’s needs (i.e. adding or removing 

Nodes-PROTACTICAL according to the intervention scenario). In addition, the proposed architecture 

allows adding new Nodes-PROTACTICAL to the PPE, to monitor other parameters, without modifying the 

other Nodes-PROTACTICAL. 

Figure 3.2 and Figure 3.3 illustrate the diagram blocks of the different components that compose each 

node-PROTACTICAL and a photo of the respective developed node.   

Table 3.1. Nodes and monitored parameters in the WBSN PROTACTICAL 

Sensor Module 
Garme

nt 

Sensors and 

Actuators 
Monitored Parameters 

Gateway-
PROTACTIC
AL Interface 

Node-
PROTACTICAL 1 

Shirt 
Textile Electrodes 
Sensor 

Heart Rate and Battery Level ZigBee 

Node-
PROTACTICAL 2 

Shirt 
Textile Moisture 
and Temperature 

Sensors 

Sweat Detection, Inner 
Temperature and Battery Level 

ZigBee 

Node-
PROTACTICAL 3 

Shirt 
Piezo-Resistive 
Sensor 

Breathing Rate and Battery Level ZigBee 

Node-
PROTACTICAL 4 

Coat 
Heat Flux, 
Temperature and 
Inertial Sensors 

Heat Flux across the coat, Inner 
Temperature, 
Inactivity/Posture/Fall and 

Battery Level 

ZigBee 

Node-
PROTACTICAL 5 

Coat 
CO and CO2 
Sensors 

CO and CO2 Concentrations, 
Environmental Temperature, 
Relative Humidity and Battery 
Level 

ZigBee 

Node-

PROTACTICAL 6 
Boot Inertial Sensors 

Inactivity/Position and Battery 

Level 
ZigBee 

Node-
PROTACTICAL 7 

Coat 

Inertial Sensors, 
Panic Buttons, 
RGB LED and 
Vibration Motor 

Inactivity/Posture, Panic Event, 
User Feedback and Battery Level 

ZigBee 

Node-

PROTACTICAL 8 
Pants Inertial Sensors 

Inactivity/Posture and Battery 

Level 
ZigBee 

Gateway-

PROTACTICAL 
Coat 

GPS Module, 
UWB Transceiver, 
Barometer, and 
Temperature 
Sensor 

Absolute Position, Indoor 
Location, Altitude, Environmental 
Temperature and Battery Level 

SPI 

Router-
PROTACTICAL 

Coat - Battery Level ZigBee 
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Figure 3.2. Diagram block representation of the nodes-PROTACTICAL 1, 2, 4, and 5 (left) and a photo 

of the final prototype (right). 
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Node-PROTACTICAL 1:

CC2530 
Programmer/

Debugger

Heart Rate Monitoring 
(AD8232 and e-textile)

Battery 
Monitoring

Status LEDs
ADC

LDO 3,3V

GB2530-L

Node-PROTACTICAL 2:

CC2530 
Programmer/

Debugger

Monitoring 
T-shirt Moisture 

(e-textile)

Battery 
Monitoring

Status LEDsADC

Inner 
Temperature 

(ADT7320)

LDO 3,3V

GB2530-L

Node-PROTACTICAL 4:

CC2530 
Programmer/

Debugger

3D 
Accelerometer
& Gyroscope
(LSM330DLC)

Battery 
Monitoring

Inner 
Temperature 

(ADT7320)

Status LEDs

3D 
Magnetometer 

(HMC5883L)

Heat Flux Sensor 
(Captec)

LDO 3,3V

GB2530-L

Node-PROTACTICAL 5:

CC2530 
Programmer/

Debugger

CO Sensor 
(TGS2442)

Battery 
Monitoring

Status LEDs

LDO 5V

CO2 Sensor 
(COZIR)

UART
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Figure 3.3. Diagram block representation of the nodes-PROTACTICAL 6 and 7, the gateway-

PROTACTICAL, and the router-PROTACTICAL (left) and a photo of the final prototype (right). 
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Debugger
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3.3.1. Shirt 

The shirt was designed for the acquisition of physiological parameters that need direct contact or proximity 

with the skin and integrates knitted textile-based sensors, as well as, connections paths, embedded in the 

structure. The parameters monitored by the Nodes-PROTACTICAL placed in the shirt are: heart rate, 

breathing rate, sweat detection and inner temperature. 

For the acquisition of the heart rate, textile electrodes with a voluminous structure to increase contact to 

skin were developed [135] and a two electrode configuration was selected. This configuration allows 

reducing the number and size of the connections paths, making the system more robust and less 

vulnerable to common-mode interference. The heart rate measurement is obtained by the front -end 

AD8232, from Analog Devices and the heart rate value is computed as described in [136]. 

The breathing rate measurement is carried out using a textile extension sensor [137]. The quantification 

of extension is based on the relationship between elongation and impedance. 

Sweat detection is obtained from a textile moisture sensor, made of two conductive bars embedded on 

the shirt lower back, near the lumbar curvature, which is the location where most of the human’s eccrine 

sweat accumulates [136]. The detection of sweat is based on a threshold value, defined by an electrical 

resistance and when the electrical resistance between the two conductive bars drops below the defined 

value, the system identifies the presence of sweat. This threshold value is defined based on the amount 

of sweat needed to cause skin burns, due the presence of humidity and high inner temperature (above 

40 ºC). 

The inner temperature is measured using a COTS digital sensor (ADT7320), placed in the same node-

PROTATICAL of the textile moisture sensor (node-PROTACTICAL 2). 

3.3.2. Coat 

The coat is intended to monitor the environmental parameters and assess the firefighter activity state. 

The monitored parameters of the nodes-PROTACTICAL incorporated in the coat are: heat flux across the 
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coat, inactivity, firefighter’s posture, falls detection, CO and CO 2 concentrations, inner and environmental 

temperature, relative humidity, indoor location and absolute position. It is also included in the coat the 

alarm module, responsible for notifying the firefighter of an emergency situation and the module for data 

transmission – Gateway-PROTACTICAL – which will send the acquired information to the incident 

commander through the ad hoc-PROTACTICAL network. 

The heat flux across the coat is measured based on a heat flux sensor from CAPTEC. This sensor provides 

information on the heat exchanges between the user and the environment. When heat flow passes through 

the surface of the sensor, it supplies a voltage proportional to the heat flux. The output voltage can be 

either positive or negative, depending on the heat flux direction (respectively, outwards and inwards). This 

sensor is integrated in the inner layer of the upper front of the coat (node -PROTACTICAL 4). This node 

also integrates a sensor for the acquisition of the inner temperature of the firefighter’s front, using the 

same sensor of the node-PROTACTICAL 2. 

To assess the firefighter activity state during a fire intervention, two inertial sensor modules are used: one 

integrated in the coat sleeve, near de cuff (in node-PROTACTICAL 7) and the other at the upper front of 

the coat (in node-PROTACTICAL 4). These modules integrate one triaxial accelerometer and triaxial 

gyroscope (LSM330DCL) to detect long periods of immobility, falls, and firefighter posture. 

The monitoring of toxic gases, namely CO and CO2, is carried out by node-PROTACTICAL 5. This node is 

integrated on the collar in the outer layer of the coat, close to the firefighter’s mouth and nose. The 

selected COTS sensors for monitoring the CO and CO2 concentrations are the TGS2442 and the COZIR, 

respectively. The CO2 sensor also acquires the relative humidity and the environmental temperature.  

For the acquisition of the environmental temperature, a type T thermocouple is used. This type of 

thermocouple was selected as it combines a wide temperature range (from -270 to 370 degrees Celsius), 

good accuracy (+/- 1 degree Celsius) and long term stability. The sensor is positioned in the coat outer 

layer – connected to Gateway-PROTACTICAL – close to the waist region. 

The absolute position of the firefighter is determined through a high precision GPS module from U-Blox 

(Neo-6P). This module is based on an active antenna and relies on the Precise Point Positioning (PPP) 

technology to provide an accurate absolute position estimation of the firefighter in outdoor environments. 
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Although the performance of the sensor deteriorates in the presence of high obstacles and in indoor 

environments, this information is still extremely useful for the incident commander for firefighting 

operation coordination. The GPS module is connected to the Gateway-PROTACTICAL, which is integrated 

in a front pocket of the coat. 

For the indoor localization, a UWB transceiver from Decawave (DWM1000) is used to obtain ranging 

measurements. Based on the ranging measurements acquired, a trilateration algorithm is used to 

compute the position of the firefighter. The estimated position is then refined based on the firefighter’s 

posture and the relative position estimated from the readings of the Node -PROTACTICAL 6. Indoor 

localization is detailed in Section 3.5.1. The UWB transceiver is connected to the Gateway-PROTACTICAL. 

The alarm module (Node-PROTACTICAL 7) was designed to notify the firefighter of emergency scenarios 

or to send an alarm to the incident commander if a panic scenario occurs. A RGB LED and a vibration 

motor are used to notify the user that an alarm was received/detected. The RGB LED is able to encode 

up to seven different alarms (e.g. the combination of high inner temperature and moisture on the shirt, 

evacuation order, quality of the air or connection loss with the ad hoc-PROTACTICAL network). The 

vibration motor (307-100 from Precision Microdrives), which is positioned in the inner layer of the cuff, 

has a normalized vibration amplitude of 6 g’s and the vibration amplitude is driven by a microcontroller 

through a pulse width modulation (PWM) signal. To notify the incident commander that a panic scenario 

occurred, a two button configuration was selected. The buttons are placed on diametrically opposite sides 

in the node-PROTACTICAL 7 to avoid the generation of false alarms due to involuntary contact and must 

be pressed simultaneously. In the future version of the alarm module, a HMD is foreseen to replace the 

RGB LED to provide more information to the user (e.g. escape routes, location of an in danger firefighter 

and display of the acquired parameters in real time). 

3.3.3. Pants 

The pants incorporate Node-PROTACTICAL 8 in the outer layer of the thigh area. Inertial sensors (triaxial 

accelerometer and triaxial gyroscope) are integrated in this node for the evaluation of the firefighter’s 

posture and inactivity detection. Similar to the node integrated on the coat sleeve – Node-PROTACTICAL 

7 –, it aims to enhance inactivity detection, as it can independently detect legs ’ movement. 
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3.3.4. Boots 

The boot integrates the Node-PROTACTICAL 6, which is dedicated to the estimation of firefighter’s relative 

position during intervention in the emergency site. Inherently, it is also possible to detect long periods of 

inactivity. This node consists of a triaxial accelerometer, a triaxial gyroscope and a triaxial magnetometer. 

The accelerometer and gyroscope are used to estimate the distance and direction of the movement, 

respectively. The magnetometer, besides the information about changes in direction, provides the initial 

orientation of the firefighter. For the continuous relative position estimation, methods such as the ones 

used in pedestrian dead reckoning are implemented. 

3.4. Wireless Communications and Networking 

The value of the sensor data or actionable information depends not only on its features, such as accuracy 

and completeness, but also on its real-time accessibility, i.e. real-time transmission of parameters. 

Wireless technology communications were explored to integrate the PPE subsystems and the Base -Station 

PROTACTICAL. The networking technologies adopted and the distributed networks developed are 

described in the following sections. 

3.4.1. WBSN-PROTACTICAL 

The WBSN-PROTACTICAL consists in a set of wearable devices, described in Section 3.3, integrated 

into/onto the textile platform of the PPE, as depicted in Figure 3.4. Low-power wireless technology ZigBee 

was selected for the transmissions inside the WBSN range. As the WBSN-PROTACTICAL is subjected to 

different movements, path-loss and fading (effect of the presence of reflector objects in surrounding 

environment) [138], [139] may occur and, due to the coexistence of devices from other PPEs or other 

systems, RF interferences are likely to happen. Therefore, to ensure the requirements of user’s monitoring 

in critical applications and to comply with the requirements of standard IEEE 802.15.6 for networks 

operating close to the human body [140], a third element, called Router-PROTACTICAL, was included in 

the WBSN-PROTATICAL. An extensive experimental characterization of the behaviour of several links in 

different environments (indoor and outdoor) and scenarios (several postures, movements at several power 

transmissions) were performed in [141]. As result, it was verified that Nodes-PROTATICAL located in 
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dynamic parts of the body, such as Node-PROTACTICAL 6 and 7 located, respectively, at the ankle and 

wrist, suffer from dynamic channel quality. This is especially evident when NLOS exists between devices. 

In this situation the signal level drops to values bellow the Rx sensitive, having as consequence the loss 

of packets transmitted. Increase in latency of the packets delivery, as well as, in waste of energy due the 

retransmission attempt and degradation of system reliability are expected to occur. Multi-hop 

communication was exploited to ensure alternative paths when there is no direct communication between 

Nodes-PROTACTICAL and Gateway-PROTCTICAL. This aims to guarantee connectivity, improve link 

reliability, extend area coverage and improve energy-efficiency of the WBSN. 

3.4.2. Ad Hoc-PROTACTICAL 

The CPS network connecting the Gateways-PROTACTICAL to the Base Station-PROTACTICAL, consists of 

an ad-hoc network, called Ad Hoc-PROTACTICAL, implemented through devices, called Forward-

PROTACTICAL, distributed in the incident scenario. These devices are responsible for guaranteeing a path 

to transmission of data between Gateways and Base Station-PROTACTICAL, increasing the range of the 

 

Figure 3.4. Final PPE prototype with the different nodes integrated 
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network when required. The Forward-PROTACTICAL devices are composed by an Intel Galileo Gen 1 and 

a Wi-Fi card Intel Centrino Wireless-N135. 

3.5. Computing Technologies 

3.5.1. 3D Indoor Localization 

Unlike the outdoor scenarios, where a good GPS receiver can provide an accurate estimation of the 

firefighter’s position, in urban fire scenarios, such a solution is not available yet. For the PROTACTICAL 

CPS, an indoor localization system based on the indirect remote positioning topology [142] is proposed. 

In this topology, the Gateway-PROTACTICAL is responsible for computing continuously and in real-time 

the firefighter’s position inside the building and send the computed position to the Base Station-

PROTACTICAL through the Ad Hoc-PROTACTICAL network. The Base Station-PROTACTICAL is responsible 

for storing and processing all the received data and for showing the firefighter’s location to the incident 

commander through a GUI. 

To deal with the limitations of currently available technologies for indoor location, the PROTACTICAL CPS 

proposes a hybrid localization system, as the firefighter’s position is computed based on the ranging 

information provided by the UWB wireless technology and the distance estimation provided by the inertial 

sensors (e.g. triaxial accelerometers, triaxial gyroscopes, triaxial magnetometers) integrated in the WBSN -

PROTACTICAL. The combination of different technologies aims to increase the accuracy and availability 

of a position estimation during the firefighter’s intervention in the emergency scenario. For the 

combination of both position estimations, the one obtained by trilateration of the distances measured 

through the UWB technology and the one from the movement measured by the inertial sensors (using 

dead reckoning methods), a data fusion technique based on kalman filters is proposed. The use of kalman 

filters for data fusion has several advantages: assures a good accuracy and robustness, even in noisy 

environments, capability of tracking several devices in real time and low computational and 

communication overhead [21]. Moreover, with the inertial sensors distributed in the WBSN-PROTACTICAL 

it is possible to assess the posture and the type of movement of the firefighter (e.g. walking, running, 

crawling) which results in a more accurate position estimation. 
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To simplify the complexity of the system, namely the trilateration algorithm, barometers or atmospheric 

pressure sensors can be used [130]. These sensors provide the altitude information which will reduce 

the number of anchor nodes and the computational resources needed. 

3.5.2. Link Quality Estimator Tool 

Data transmission reliability in network communications is of utmost importance and can be defined in 

terms of its main quality of service (QoS) parameters, such as delay profile, delay jitter and packet loss 

rate [143]. Although system autonomy is application-specific, the IEEE 802.15.6 standard states that 

power saving mechanisms must be incorporated to allow WBSNs to operate in a power constrained 

environment [140], [144], [145]. As reliability, latency and energy consumption on WBSN 

communications depend on the link channel quality and network topology adopted, a tool designated as 

Link Quality Estimator- (LQE) PROTACTICAL is proposed. 

The LQE-PROTACTICAL aims to predict channel quality based on model parameters (obtained through 

empirical data acquired in channel characterization phase) and on movement and posture parameters 

obtained from sensors in the WBSN-PROTACTICAL, namely the low overhead accelerometer, gyroscope 

and magnetometer. Thus, the input parameters of the prediction model are: the current Output Power 

(OP), operation environment (indoor or outdoor), transmitter and receiver locations, type of scenario 

(static or dynamic), position (angle and orientation relative to receiver), and movement (velocity and 

direction). The output of the model is the predicted RSSI. This model explores the capabilities of artificial 

neural networks and fuzzy logic [146]. To reach a meaningful model, only uncorrelated variables were 

considered as input parameters. 

3.5.3. Dynamic Channel Assignment Mechanism 

The World-Wide ZigBee operation band and the 2.45 GHz Industrial Science and Medical band (ISM) are 

shared with several wireless radio technologies, such as Bluetooth, Bluetooth Low Energy (BLE) and high 

coverage area Wi-Fi technology [147], which can lead to the degradation of communication performance 

[148]. 
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As previously stated, WBSNs-PROTACTICAL are susceptive to RF interference. When a high number of 

co-located WBSNs-PROTACTICAL coexist with high mobility, transmission conflict (active periods can 

overlap) is likely to increase. Therefore, RF interference is a critical issue in the PROTACTICAL CPS design. 

According to Yang et al., the main cause of RF interference is due to the no-coordination (global 

coordinator to control coexistent WBSNs) among multiple WBSNs [149], which is considered by 

Movassaghi et al. as impracticable [148]. The PROTACTICAL project proposed a solution based on this 

principle. The allocation of a global coordinator (Base Station-PROTACTICAL) is possible by taking 

advantage of some CPS features, namely the CPS capability in determining PPEs location and its “global 

view” over all WBSNs of the PROTACTICAL CPS. Through the real-time update of PPE location, the 

proposed mechanism (running in Base Station-PROTACTICAL) determines the proximity of WBSNs-

PROTACICAL. If some cyber Events Condition are met – WBSNs-PROTATICAL operating in the same 

channel and close enough (<3 meters) to interfere with the signal RSSI–  an action Event is triggered to 

the corresponding Gateways-PROTACTICAL with information on the channel that must be dynamically 

set. The mechanism considers (during the determination of the most appropriate channel) the channel 

of the WBSNs-PROTACTICAL that are in conflict, together with the channels of the remaining neighbours, 

to guarantee the selection of a channel with lower probability of suffering from RF interference. Due the 

adoption of Wi-Fi radio technology to perform off-body communication (overlaps four ZigBee channels), 

the number of potential ZigBee channels to on-body communication is reduced to nine. 

3.6. Control Technologies 

3.6.1. Data Driven Decision-Making 

Supporting decisions in real-time is nuclear to improve the firefighter’s safety, making data-driven 

decision-making an important tool. In this regard, the challenges encountered in PROTACTICAL project 

are: heterogeneity of data sets and uncertainty in modelling real-world phenomena. Regarding 

heterogeneity of data sets, the data coming from different observation points have different meanings 

with different levels of spatial and temporal abstractions, as analysed before. Moreover, PROTACTICAL 

CPS will deal, for the same physical event, with different events triggered over time and space (Sensor 

Event, Cyber-Physical Event and Cyber Event) and, consequently, different predefined actions are initiated. 

Therefore, the system must support random and periodic spatial-temporal events. This is ensured through 

the CPS event model adopted, which allows capturing heterogeneous characteristics of CPS for formal 
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temporal and spatial analysis addressing random and periodic events, as well as, the temporal 

relationship between them. In addition, as parameters measured from sensors close to human body have 

complex interrelationships, logical operators are used in event model to combine different types of events 

to capture composite events. Thus, the hierarchical architecture of PROTACTICAL CPS (Figure 3.1) 

associated with the inclusion of logical operators, allows detecting complex and critical events to 

firefighters’ safety. 

In the proposed architecture for PROTACTICAL CPS, different levels of data-driven decision-making were 

implemented. The Gateway-PROTACTICAL was designed to be an event-driven control unit, meaning that, 

when the CPS network cannot guarantee a successful transmission of informat ion between WBSN-

PROTACTICAL and Base Station-PROTACTICAL, the Gateway-PROTACTICAL is able to detect critical 

situations, support decisions and subsequent command actions, to reduce the time needed for detection, 

warning and response, thus ensuring user’s safety. The wearer’s PPE is notified of an occurrence of a 

critical event through Node-PROTACTICAL 7. 

The real-world phenomenon is modelled through the LQE-PROTACTICAL previously described. Despite 

the accuracy of LQE-PROTACTICAL, uncertainty still exists due to the diversity of human body postures 

and movements and the surrounding environments of on-body communications. 

3.6.2. QoS Requirements Control 

Reliable communication is a requirement transversal to any application, while latency or energy efficiency 

requirements can be traded to improve system performance, depending on the target application or on 

the run-time system needs. 

Taking advantage of the LQE-PROTACTICAL tool, a Transmission Power Control (TPC) mechanism is 

applied to reduce the amount of energy spent in communications on the transmission process. The TPC 

mechanism, running in Nodes-PROTACTICAL, selects Optimal Output Power (OOP), i.e. the minimum 

transmission output to deliver packets successfully and to extend the battery life time of the sensor nodes. 

PROTATICAL CPS combines channel quality prediction and TPC mechanism to control the trade-off 

between latency and energy efficiency, according to the system needs. To a meaningful explanation, three 

potential levels of quality channel are described: point A, a good quality channel with a RSSI higher than 
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receiver sensitivity (-88 dBm); point B, acceptable channel quality with a RSSI near of RX sensitivity; and 

point C, poor channel quality with a RSSI lower than Rx sensitivity. 

In point A, a Node-PROTACTICAL opts always for a transmission output lower than the maximum 

transmission output allowed in WBSNs (0 dBm [140], [150]), saving energy and ensuring requirements 

of latency and reliability. However, for points B and C, the Node-PROTACTICAL can opt to trade a 

requirement to improve another. E.g., in point B, Node-PROTACTICAL can transmit with a high 

transmission output, ensuring reliability and latency requirements but consuming more energy or, can 

trade latency to improve energy efficiency. This means that the Node-PROTACTICAL will wait until the 

channel reaches a better quality level. Regarding point C, the packet transmitted by the Node-

PROTACTICAL will not be delivered with success and devices start a process of packet retransmit until 

successful delivery, which increases significantly the latency and energy consumption, without ensuring 

reliability. At this point, the system can wait for a better channel quality, increasing latency but reducing 

energy consumption or can commute the network topology, increasing energy consumption (two hops) 

but ensuring a low latency and the desired reliability. The trade-off control of these requirements is 

determined according to the system needs. In regular communications, the latency is not critical and 

energy can be saved to increase life-time of the system. On the other hand, in emergency scenarios, after 

the event detection, the system has to immediately actuate, i.e., the target metrics are high reliability and 

low latency, and the power requirement is sacrificed. The type of control can be a data-driven decision or 

setting by action commands emitted from Base Station-PROTACTICAL. 

3.7. Conclusion 

In this chapter, a solution developed to enhance firefighters’ occupational health and safety, based on a 

CPS approach, is presented. Design issues and technology approaches considered in the fields of 

sensing, wireless communication, control and computing, which are merged with the PPE, are 

comprehensively addressed and characterized. 

The proposed PROTACTICAL CPS has the potential to significantly contribute to the progress of Smart 

firefighting and, simultaneously, provide user’s comfort and safety. The CPS can improve the decision-

making at several firefighting operation stages (firefighter, team and commander levels), including the 

challenges addressed in this work: detecting, in real-time, life-threatening scenarios; 3D indoor 
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localization; link quality estimation; dynamic channel assignment; and QoS requirements control. All this 

combined makes the PROTACTICAL CPS a unique solution among the state -of-the-art smart PPEs. 

Taking advantage of the proposed CPS approach, other tools can be developed for a better awareness of 

the firefighting challenges, as well as, to improve firefighter’s health and safety. Examples of such tools 

are: generation of escape routes detection, detection of flashover events, and generation and analysis of 

biometric parameters. 

As discussed in Section 1.3, the main goal of this thesis is the development of an IPS for emergency 

responders. Although the energy saving mechanisms3 are a key part of an IPS for emergency responders 

(Section 1.2.5), these are not addressed in this thesis. So, in the following chapters, the different 

components of the hybrid IPS proposed for the PROTACTICAL CPS are introduced and evaluated.  

 

                                                 
 

3 The energy saving mechanisms proposed in this chapter are addressed in the Ph.D. thesis of Duarte Fernandes. 
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Chapter 4  

UWB Positioning Based on ToA Ranging 

Measurements 

In the previous chapter, we introduced the PROTACTICAL CPS, a PPE designed to combine sensing, 

communications networking, computing and control techniques. The combination of different techniques 

allows collecting data globally, process the information centrally, and distribute the results locally to 

support firefighting operation at personal (firefighter), team and commander levels. A key feature of this 

system is the computation of the indoor localization through the UWB ranging measurements. Due to the 

computational requirements of the localization algorithms, the DW1000 UWB transceiver is connected to 

the Gateway-PROTACTICAL, which is the node with highest computational capabilities of the PPE. The 

DW1000 transceiver is responsible for starting the communication with the surrounding anchor nodes, 

calculating the corresponding distance and sending this information to the Gateway -PROTACTICAL. After 

receiving at least three successful ranging measurements, the local ization algorithm is run in the Gateway-

PROTACTICAL. 
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A problem that arises from the fact that the DW1000 transceiver is connected to the Gateway -

PROTACTICAL is its location. Since the Gateway-PROTACTICAL is the node with higher computational 

capabilities and, therefore, the node with higher energy consumption, its battery is bigger than the 

batteries that power the other nodes. Additionally, the harness to hold the oxygen bottle restricts the space 

available. So, the Gateway-PROTACTICAL is mounted next the right side of the waist of the emergency 

responder. The node location increases the likelihood of acquiring UWB ranging measurements under 

NLOS condition, due to the influence of the human body. This NLOS condition results in a positive ranging 

bias that will affect both the accuracy and precision of the IPS. 

In this chapter, we first describe the UWB transceiver used to acquire the ranging measurements. Then, 

we assess the transceiver performance under some typical propagation conditions encountered in indoor 

scenarios. Based on the results obtained we study techniques for the identification NLOS condition and 

corresponding ranging measurement mitigation. Both algorithms were designed to meet the low 

complexity and real-time requirements required for an IPS for emergency responders. Finally, we compare 

the performance of four localization algorithms to determine which provides the best performance under 

the considered scenario. These algorithms were selected based on the requirements of an IPS for 

emergency responders, e.g. low complexity, real-time localization, accuracy, independence of prior data 

collection and building infrastructure, scalability and robustness to environment changes.   

4.1. Hardware: the DW1000 UWB Transceiver 

The DW1000 chip is a UWB transceiver compliant with the IEEE 802.15.4-2011 standard developed by 

DecaWave that allows very accurate ranging measurements [151]. The main advantage of this UWB 

transceiver when compared with its competitor (e.g. Ubisense and Time-Domain) is the low cost of each 

transceiver (approx. €19 per unit). These transceivers can transmit pulses that are few nanoseconds long 

with a bandwidth of 500 MHz and a frequency center that spans from 3.5 to 6.5 GHz. The high temporal 

resolution required to perform UWB communication allows an accuracy of the ranging measurements 

down to a few centimeters in LOS conditions. Due to its high bandwidth and spectrum usage, the transmit 

power density of the UWB transceivers is limited to -41.3 dBm/MHz to avoid inter-system interference. 

This restriction limits the operational range of the UWB transceivers, up to 300 m in LOS and 40 m in 

NLOS [151]. 
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The ranging measurements in these transceivers is performed based on the two way ranging (TWR) that 

relies on ToF technique. The tag node is responsible for starting the ranging procedure and the anchor 

for computing the respective distance. Figure 4.1 illustrates the basic protocol to perform TWR ranging 

measurements. In this work, the DW1000 UWB transceivers are configured to operate on channel 4 (500-

MHz bandwidth with a center frequency of 3993.6 MHz), preamble length of 1024 and a data rate of 

110 kb/s. 

Since this TWR protocol considers the round trip travel time, the ToA is given as following:  

 𝑇𝑜𝐴 =
2𝑇𝑟𝑜𝑢𝑛𝑑 − 𝑇𝑅𝑆𝑃

𝐴𝑛𝑐ℎ𝑜𝑟 − 𝑇𝑅𝑆𝑃
𝑇𝑎𝑔

4
 (4.1) 

where 𝑇𝑟𝑜𝑢𝑛𝑑  is the elapsed time between the moment the tag transmits the poll message until it receives 

the anchor response. This process is repeated on the anchor side to improve the ToA accuracy. 𝑇𝑅𝑆𝑃
𝐴𝑛𝑐ℎ𝑜𝑟  

and 𝑇𝑅𝑆𝑃
𝑇𝑎𝑔 are the time required by the anchor and tag to process and transmit a TWR message, 

respectively. The distance between the tag and anchor nodes is computed as: 

 𝑑 = 𝑐 𝑇𝑜𝐴 (4.2) 

 

Figure 4.1. TWR Protocol 
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where 𝑐 is a constant and represents the speed of signal propagation.  

4.2. NLOS Identification and Mitigation 

As highlighted in Chapter 2, an IPS for emergency responders cannot rely on preinstalled infrastructure 

for the localization process. Therefore, the UWB transceivers have to be deployed as the emergency 

responder enters a building, creating an ad-hoc network. 

However, this design strategy has a high impact on the UWB signals availability throughout the building. 

I.e., the placement of anchor nodes should not interfere with on-duty activities of emergency responders 

thus, the placement of nodes should be kept to a minimum which leads to the low availabilit y of UWB 

signals. Since any IPS based on radio signals requires at least three ranging measurements for the 

localization process, it is of paramount importance the use of all available signals. Nevertheless, in indoor 

scenarios, the UWB signals are subjected to countless obstructions that may cause NLOS scenarios. 

These NLOS scenarios will result in a positive and random bias error caused by the multipath propagation, 

which will be more or less severe accordingly to the obstruction that caused the NLOS. This additional 

error affects the IPS performance in terms of both accuracy and precision. So, the development of 

techniques that are able to identify and mitigate the ranging measurements that were performed in NLOS 

is extremely important in the context of an IPS for emergency responders. 

In the remainder of this subsection, the measurement campaign performed to evaluate the impact that 

NLOS scenarios have on the DW1000 UWB transceiver performance is introduced. Then, the channel 

propagation parameters available on the DW1000 module are presented. Based on the available 

parameters, a study is conducted in order to find the best parameters for the NLOS identification and 

mitigation. Finally, the results obtained from the selected parameters are presented and di scussed. 

4.2.1. Background 

From the various available localization technologies, the UWB has emerged as a very promising 

technology for localization applications in harsh environments. The UWB technology is capable of 

providing robust signalling, through-wall propagation and has a large bandwidth that allows high-resolution 
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ranging [152]–[157]. The ranging estimate is computed based on the time-of-arrival (ToA) technique. 

However, the ranging estimation is affected by NLOS propagation, which is very likely in indoor scenarios. 

The NLOS propagation leads to positive biases in distance estimation, which deteriorates the localization 

performance [152], [158]. Additionally, the emergency responders’ missions can take place in residential 

buildings, public facilities (e.g. hospital, airport, mall, and universit ies), industrial environments and 

mines, which have different propagation conditions and may affect the IPS performance [153]. But, the 

main problem is the fact that the environment is unstructured and, therefore, it is very difficult to predict 

which obstruction caused the NLOS condition. In an IPS for emergency responders, the only assumption 

that can be made regarding the obstruction that created the NLOS propagation is that it can be created 

by the human body since the UWB transceiver is mounted near the human body [157], [159]–[161]. 

Despite the strong influence of the human body on IPS performance, there is little research to minimize 

the impact of the body influence [157], [159]–[161]. Della Rosa et al. studied the impact of the human 

body, more specifically the hand, on the distance measurements computed from the RSS [161]. The RSS 

readings are acquired from handheld devices using 2.4 GHz WLAN. They demonstrate that the human 

body significantly deteriorates the localization accuracy and if this effect is correctl y accounted the 

localization performance can improve significantly. Although they propose the use of a compass to 

determine the orientation of the user, they did not implement a NLOS identification strategy. Kilic et al. 

studied the effect of the human body on the ranging performance of a UWB transceiver in an anechoic 

chamber and a laboratory environment [157]. In both scenarios, the transmitter and receiver were placed 

in fixed positions and the human body was positioned between them. Although they have tes ted the 

human body’s influence for different distance and orientations, they do not consider the case when the 

UWB transceiver is mounted on the body. To minimize the impact of the human body they propose the 

tuning of the detection threshold. A similar work was conducted by Savic et al. [154] but, unlike the 

previous work, a NLOS identification and mitigation mechanism was proposed based on the rise-time and 

the maximum excess delay, respectively. Geng et al. studied the effect of the human body in the ToA 

error for body mounted sensors in static UWB experiments [160]. They modelled the NLOS error due to 

the body as a function of the angle between human facing direction and the direction of transmitter-

receiver, signal to noise ratio and bandwidth of the system. However, they do not study how the error 

change with the distance increase and they do not propose a NLOS identification technique. Schmitt et 

al. analysed the impact of the human body in the ranging and localization accuracy for both static and 

dynamic scenarios and with the mobile node mounted on different parts of the body (left and right hip 
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and back) [159]. Although authors point out that the influence of the human body cannot be neglected, 

no NLOS identification and error mitigation technique is proposed. 

As highlighted before, the human body has a significant impact on the ranging and localization 

performance, especially for body-mounted nodes. However, very few authors have proposed an effective 

strategy to deal with the error caused by the NLOS propagation due to the human body. Usually, the 

strategies to deal with the NLOS propagation are divided into NLOS identification and NLOS error 

mitigation [162]. The first attempts to determine whether the channel is in LOS or NLOS condition, while 

the latter attempts to attenuate the bias caused by an NLOS condition. 

Typically, the NLOS identification methods can be classified based on the following three categories: range 

estimates; channel statistics; and position estimate [162]. The methods based on the position estimate 

rely on building maps, which is an unreliable prerequisite in an IPS for emergency responders [19]. So, 

these methods are not considered. A similar scenario occurs with the NLOS identification based on range 

estimates. These methods analyse the variance of the range estimates for a period of time and compare 

the computed variance with a predefined threshold. Although these methods have low complexity, they 

require a large number of measurements, which increases the latency of the IPS significantly [154], 

[162]. So, this latency increase may compromise the real-time requirement of an IPS for emergency 

responders [37]. Finally, the NLOS identification can be performed based on the amplitude (e.g., RSS, 

maximum amplitude of the received signal, power difference and power ratio) and temporal (e.g., ToA, 

root-mean-square (RMS) delay-spread, peak-to-lead delay (PLD), rise time, mean excess delay and 

maximum excess delay) statistics acquired from the CIR. Other parameters related to the distribution of 

the CIR data (kurtosis and skewness) are also commonly used [152]–[154]. However, for real 

deployments, the extraction of kurtosis, skewness and the temporal statistics from the CIR data may add 

a delay of 4-5 s [153], which can compromise the real-time requirements of the IPS. After selecting the 

parameters that match the application requirements, three techniques can be used for NLOS 

identification: comparison with a hard threshold, hypothesis testing, and machine learning. Both the hard 

threshold and the hypothesis testing algorithms require the probability distribution function (PDF) of each 

parameter in both LOS and NLOS conditions [153], [154], [163]. On the other hand, the machine learning 

technique is a nonparametric technique that does not require the PDF of the parameters [152], [154]. 

But, these techniques require an expensive training and high computational resources, which are not 

available on the microcontrollers typically used in these applications [163]. 
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After a NLOS link is identified, the corresponding ranging measurement has to be processed accordingly 

to improve the localization accuracy. Due to the scarcity of radio signals during the emergency 

responders’ missions, all the available ranging measurements have to be used for the localization 

process. So, discarding NLOS measurements is not a solution. The ranging error of the NLOS links can 

be mitigated based on direct path detection or statistical methods [162]. The first approach focus on 

detecting the direct path from the received signal instead of the strongest path. The extraction of the 

direct path requires the analysis of the CIR data, which add a delay to the IPS. In the second approach, 

the NLOS error can be estimated based on the statistics of the CIR. Polynomial models [154], 

nonparametric regression [152] and Kalman filters [158] are examples of statistical methods used to 

estimate the NLOS error. Like for the NLOS identification, the selection of parameters and methods should 

comply with the IPS requirements (execution time and computational resources).  

4.2.2. Experimental Setup and Measurement Procedure 

To evaluate the impact that different indoor propagation conditions have on the ToA ranging performance, 

a measurement campaign was performed at the Textile Engineering Department building located in the 

Azurém Campus of University of Minho. 

Two DW1000 802.15.4a UWB transceivers and a laptop were used in the ranging measurements. These 

transceivers have a built-in feature that allows the extraction of CIR features for each received message. 

Since the DW1000 transceivers are COTS, they are an appropriate benchmark for developing NLOS 

identification and error mitigation algorithms using the currently available technology. The distance 

between the two nodes is computed based on the ToA technique and sent to the laptop using the USB 

connectivity provided by the EVB1000. The schematic of the measurement setup is shown in Figure 4.2. 

For each measurement, the distance estimated, the CIR features and the actual distance are recorded 

on the laptop for later analysis. The actual distance is obtained by a digital laser rangefinder DLE 50 

PROFESSIONAL from Bosch [164] with an accuracy of approximately 1.5mm, which is higher than the 

accuracy reported by the DW1000 transceivers (< 10 cm) [165]. 

Test Scenarios 
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To assess the effect that different propagation conditions have on the ranging performance, the DW1000 

ranging performance was evaluated under four typical scenarios – one LOS and three NLOS caused by 

different obstructions. The NLOS scenarios are produced by a fire door, a wall and the human body 

(denoted by NLOS-D, NLOS-W and NLOS-B, respectively). For each of these scenarios, both nodes were 

placed in an imaginary straight line along the corridor and the distance between the nodes varies from 1 

meter up to 44 meters. For the LOS, NLOS-D and NLOS-W tests, the UWB transceivers were placed on a 

tripod with the antenna at 1.33 m above the ground. In the NLOS-B test, one UWB transceiver was 

mounted at the right side of the abdomen of an adult male (with approximately 68 kg weight and 1.68 m  

height) with the antenna at 1.08 m above the ground.  

Another set of tests was performed to evaluate the UWB antennas’ omnidirectionality and if it is affected 

by the obstruction of different objects. This test is especially important when the NLOS scenario is caused 

by the human body. As the firefighter walks through the building, different angles may be formed between 

the communication of anchor and mobile nodes. These angles represent different NLOS/LOS conditions 

caused by different body attenuations. So, for each distance evaluated in the four scenarios described 

above, four antenna’s orientation angles (0º, 90º, 180º and 270º) were assessed, denoted as FF, FR, FB 

and FL, respectively. During each measurement the nodes remain stationary and movement of people 

and objects in the nearby surroundings was prevented. The human involved in the NLOS-B scenario 

remained in a standing posture during each measurement. 

Database 

 

 

Figure 4.2. Experimental setup with the deployment of the anchor (star) and tag (circles) nodes in the 

corridor of the building. This represents the setup used for the LOS and NLOS-B scenarios. A similar 

setup was used for the NLOS-D scenario but, the nodes were centred on the closed fire door (red 

dashed line in the middle). The NLOS-W scenario was based on the external wall of the room 

represented at the bottom left of the schematic. 
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With the information collected during the measurement campaign, a database was created and used to 

develop and assess the proposed identification and mitigation techniques. To guarantee the validity of the 

measurement results, each position index – represented by a reference distance and an antenna 

orientation – contains 200 ranging and CIR values. Taking the LOS scenario as an example, 18400 

ranging and CIR readings were collected (200 per position index, 4 antenna orientations and 23 distances 

were evaluated). In total, 55200 ranging and CIR readings were collected (the maximum distance 

evaluated in NLOS-W and NLOS-B scenarios was 12 and 30 m, respectively). All these data was processed 

offline.  

4.2.3. Channel Propagation Parameters 

As already mentioned in the previous subsection, one of the key features of the DW1000 UWB transceiver 

is the built-in diagnostic capabilities. Due to the impact that time-dependent features have in the real-time 

requirement of the IPS, only the channel propagation parameters provided by the DW1000 UWB 

transceiver were evaluated for the NLOS identification. This means that the proposed NLOS identification 

solution can be directly implemented in COTS devices without significantly compromising the IPS 

performance. This is the major difference of this work when compared with the other state -of-the-art 

solutions [152]–[154], [158], [160]. The following channel propagation parameters were used to 

characterize the CIR data and to classify if the measurements are LOS or NLOS: 

 Estimated Distance [m]: 

 �̂� = 𝑐 × 𝑇𝑜𝐴 = {
𝑑 + 𝑒𝐿𝑂𝑆 ,           if LOS  
𝑑 + 𝑒𝑁𝐿𝑂𝑆 , if NLOS

= {
𝑑 + 𝑒𝐿𝑂𝑆 , if LOS 
𝑑 + 𝑒𝐿𝑂𝑆 + 𝑏,   if NLOS

 (4.3) 

where 𝑐 = 3 × 108 is the speed of light (m/s), ToA is the reported Time of Arrival (s), 𝑑 is the 

true distance between the transmitter and the receiver (m), 𝑒𝐿𝑂𝑆 is the ranging error in the LOS 

scenario (m), which includes all typical sources of error of a UWB ranging system (i.e., finite 

bandwidth, clock drift, PCB losses, thermal noise, etc.), and 𝑒𝑁𝐿𝑂𝑆 is the result of 𝑒𝐿𝑂𝑆 ranging 

error with the positive and random bias 𝑏 caused by multipath propagation in the NLOS scenario. 

 Estimated RSS [dBm]: 

 𝑃𝑇 = 10 × log10 (
𝐶 × 217

𝑁2 )− 𝐴 (4.4) 
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where 𝐶 is the channel impulse response power (dBm), N is the preamble accumulation count 

and A is a system predefined constant of 115.72 dBm for a Pulse Repetition Frequency (PRF) of 

16 MHz or 121.74 dBm for a PRF of 64MHz. 

 RSS in the First Path [dBm]: 

 𝑃𝐹𝑃 = 10 × log10(
𝐹1

2 + 𝐹2
2 + 𝐹3

2

𝑁2
) − 𝐴 (4.5) 

where 𝐹1, 𝐹2, and 𝐹3 are the first path amplitude points (dBm). 

 Standard Deviation of CIR Noise [dB]: this value is reported in the STD_NOISE field and is related 

with the quality of the received timestamp. A high noise may mean that the real first path is 

irretrievably buried in the noise. 

 Ratio of Power in the First Path and the Power of Maximum Noise [dB]: 

 𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒/𝐹𝑃 =
𝑃𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒

𝐹2
 (4.6) 

values closer to 1 means that the quality of the received timestamp is very poor and, therefore, 

the channel is likely to be in NLOS. 

 Power Difference [dB]: 

 𝑃𝐷 =  𝑃𝑇 −𝑃𝐹𝑃 (4.7) 

 Power ratio [dB]: 

 𝑃𝑅 =
𝑃𝐹𝑃
𝑃𝑇

 (4.8) 

All the above channel propagation parameters were obtained based on the default threshold defined on 

the DW1000 transceiver. This threshold is set dynamically by the Leading Edge Detection (LDE) algorithm. 

The LDE is responsible for analysing the accumulator data to find the first path and, consequently, 

calculate the Rx timestamp. 

4.2.4. Measurement Analysis 

The results of the measurement campaign for each scenario and antenna orientation are shown in Figure 

4.3. As it can be observed, the ranging estimates, even in the NLOS scenarios, fo llow the same error 

pattern in the four orientations (FF, FR, FB and FL), which validates the omnidirectionality of the antennas. 
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As expected, the only exception occurs, when the signal is blocked by the human body (FB red dotted 

line in Figure 4.3(c). In this case, the error is positive and can reach up to 40 m, Figure 4.4(b). Figure 

4.4(a) and Figure 4.5 illustrate the cumulative distribution function (CDF) and the histogram of the ranging 

error in the four scenarios (LOS, NLOS-D, NLOS-B, and NLOS-W), respectively. Note that the CDF of the 

NLOS-B scenario only considers the measurements collected in the FB orientation, as this is the case 

that reflects the NLOS propagation condition. Table 4.1 summarizes the results obtained, for all scenarios 

and antenna orientation, in terms of mean (µ), median (M̃), overall standard deviation (σG), and median 

of standard deviation (σM) for each measurement point. 

As depicted in the plots of Figure 4.3(a) and (b), in some measurement points of the scenario (10, 12 

and 22 m for Figure 4.3(a) and 18 m for Figure 4.3(b)), the accuracy of the ranging measurements 

degrades. This performance degradation can be partly explained by the measurement scenario setting. 

In large indoor open spaces, the most common form of multipath is caused by RF reflections from the 

ground. The multipath due to ground-bounce originates the fading phenomenon. The effect of the fading 

depends on the height of the two nodes above the ground, as well as, the distance between the nodes. 

The fading can interfere constructively or destructively, which will result in ranging performance  

degradation. The worst scenario is caused by the destructive fading as it will add a positive bias to the 

 

Figure 4.3. Evaluation of the DW1000 ranging performance in the four scenarios: (a) LOS, (b) NLOS-D, 

(c) NLOS-B, and (d) NLOS-W. 
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ranging measurement. The destructive fading will attenuate the first path leading to its misdetection. 

However, when compared to the NLOS-B case, the impact of this phenomenon on the ranging 

performance is not significant (Figure 4.4(a)). 

By analysing the noise PDF of each scenario, illustrated in Figure 4.5, the following conclusions can be 

drawn: 

 For LOS, NLOS-D and NLOS-W, the noise PDF can be approximated to a Gaussian distribution. 

Small differences on the ranging error are not considered as these can be explained by the 

placement errors during the measurement campaign. Although an accurate device is used to 

measure the true distance between nodes, the device itself has an internal error. In addit ion, 

when one antenna is rotated, the laser measurement is not repeated. Therefore, an error up 

to 3 cm can be expected between each orientation test. 

 

Figure 4.4. CDF of the ranging error for the four scenarios (LOS, NLOS-D, NLOS-B, and NLOS-W) 

evaluated (a), and the CDF of the ranging error for different antenna’s orientation in the NLOS -B case 

(b). The ranging error is clearly higher when the signal is blocked by the human body.  
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 The positive bias associated with the destructive fading due to the ground-bounce is clearly 

identified in the histograms of the LOS and NLOS-D scenarios (Figure 4.5(a)-(b)). This error 

has a magnitude between 0.3 and 0.5 m in LOS and around 0.5 m in NLOS-D. As this error 

only happens at specific circumstances, when compared to the NLOS-B case (Figure 4.5(c)) 

its impact can be neglected. In emergency responders’ regular interventions, such as 

deployment of new anchor nodes and walking throughout the building, the majority of anchor 

nodes are likely to be behind them and, therefore, being blocked by the human body (NLOS-B 

case). 

Table 4.1. Mean, median and standard deviation for each scenario and antennas’ orientation 

Scenario 

FF FR FB FL 

µ 

(m) 

𝑀 

(m) 

σG 

(m) 

σM 

(m) 

µ 

(m) 

𝑀 

(m) 

σG 

(m) 

σM 

(m) 

µ 

(m) 

𝑀 

(m) 

σG 

(m) 

σM 

(m) 

µ 

(m) 

𝑀 

(m) 

σG 

(m) 

σM 

(m) 

LOS 0.03 0.02 0.11 0.02 0.06 0.04 0.13 0.02 0.02 0.01 0.14 0.02 0.03 0.02 0.14 0.02 

NLOS-D 0.01 
-

0.01 
0.1 0.02 0.04 0.04 0.1 0.02 0 

-

0.01 
0.11 0.02 0.03 0.01 0.12 0.02 

NLOS-B 0.05 0.04 0.11 0.02 0.06 0.03 0.18 0.03 2.83 1.62 3.72 0.56 0.05 0.05 0.12 0.03 

NLOS-W 0.13 0.17 0.09 0.02 0.17 0.19 0.09 0.02 0.15 0.16 0.08 0.02 0.18 0.15 0.09 0.02 

 

 

Figure 4.5. Error histograms in all evaluated scenarios: (a) LOS, (b) NLOS-D, (c) NLOS-B, and (d) NLOS-

W. 
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 The worst scenario happens when the UWB signal is blocked by the human body (NLOS-B). In 

this scenario, the noise PDF can be approximated to a mixed Gaussian distribution (Figure 

4.5(c)). In such scenario, the model defined in (4.3) is not good enough for the distance 

estimation based on a ToA measurement. Unlike the NLOS-W case, where setting a hard 

threshold would be enough to improve the ranging accuracy, for the NLOS-B case a more 

sophisticated and robust error mitigation technique is required. As it can be observed in Figure 

4.5(c), the ranging error in NLOS-B case spans from 0 up to 40 m, making the setting of a 

hard threshold unreliable. 

Based on the preliminary results obtained from the measurement campaign, the worst scenario occurs 

when the direct path of the UWB signal is blocked by the human body. This corresponds to the most likely 

scenario during emergency responders’ missions since the tag node has to be mounted on the user’s 

abdomen. Thus, to improve the ranging accuracy, the system has first to identify the channel state (LOS 

or NLOS) and then to correct the measurement estimate accordingly. To do that, a NLOS identification 

and error mitigation technique has to be designed. To comply with the real -time requirements of an IPS 

for emergency responders [126], the algorithm has to be designed based on the channel propagation 

parameters previously described. Moreover, since it has to run on an embedded platform, with limited 

computational resources, the complexity of the method should be kept reasonable. Some parameters are 

well discussed in the literature for the NLOS identification and error mitigation but, most of them are 

based on temporal proprieties [152]–[154], [158], [160], rely on vector network analyser (VNA) [154], 

[160], and do not take into account the impact of the human body [152]–[154]. In this work, the metrics 

proposed in [7] and [8] were applied to determine which channel propagation parameters are appropriate 

for NLOS identification and error mitigation in real-time localization. The metrics are: overlap (𝜉𝑖), 

correlation coefficient between a parameter 𝑖 and the true distance (𝜌𝑖 ,𝑑), correlation coefficient between 

a parameter 𝑖 and the NLOS error (𝜌𝑖,𝑒𝑁𝐿𝑂𝑆 ), and correlation coefficient between two parameters (𝜌𝑖1,𝑖2). 

The overlap metric is used to distinguish between the LOS and NLOS conditions. Low values of 𝜉𝛼  mean 

that these two conditions have few intersections and, therefore, are easily identified. The overlap can 

range from 0 to ∞. The 𝜌𝑖,𝑑 metric is used to determine which of the parameters is suitable for NLOS 

identification. Since in a real IPS the true distance is unknown, a low value of |𝜌𝛼,𝑑| means that this 

metric is poorly correlated with the true distance and, therefore, it is preferred for the NLOS identification. 

The 𝜌𝑖,𝑒𝑁𝐿𝑂𝑆  metric is used to define which parameter can estimate the ranging error due to the NLOS 
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scenario. A high value of |𝜌𝛼,𝑒𝑁𝐿𝑂𝑆| is preferable. Finally, the 𝜌𝑖1 ,𝑖2 metric is used to discard parameters 

that provide the same information. I.e., if two parameters have a high correlation coefficient (|𝜌𝑖1,𝑖2 | > 

0.7), only one can be used for NLOS identification or error mitigation. All the correlation coefficient-based 

metrics can range from -1 to 1. 

The overlap is calculated as follows: 

 𝜉𝛼 =
√𝜎𝛼𝐿 × 𝜎𝛼𝑁
|𝜇𝛼𝑁 − 𝜇𝛼𝐿|

 (4.9) 

where 𝑖 can be any of the channel propagation parameters defined in the previous subsection. 𝜇𝑖𝐿, 𝜎𝑖𝐿, 

and 𝜇𝑖𝑁, 𝜎𝑖𝑁 represent the mean and the standard deviation of the selected metric (𝑖) in the LOS and 

NLOS scenarios, respectively. These values are obtained from the sample set of the target scenario. 

The metrics based on the correlation coefficient are computed as follows: 

 𝜌𝛼,𝑑 =
Cov(𝛼, 𝑑)

𝜎𝛼 × 𝜎𝑑
 (4.10) 

where Cov(𝑖, 𝑗), 𝜎𝑖, and 𝜎𝑗 are, respectively, the covariance between the two variables, and their 

standard deviation. 𝑗 can be the true distance, the NLOS error or other channel propagation parameter. 

The main difference in the calculation of the 𝜌𝑖,𝑑, 𝜌𝑖,𝑒𝑁𝐿𝑂𝑆 , and 𝜌𝑖1,𝑖2 metrics is the sample set used. 

𝜌𝑖,𝑑 and 𝜌𝑖1,𝑖2 are calculated using all available samples (LOS+NLOS) whereas 𝜌𝑖,𝑒𝑁𝐿𝑂𝑆  uses only the 

NLOS sample set. 

Table 4.2 shows the results obtained for each metric detailed above. These results were obtained from 

the NLOS-B dataset. This dataset was selected for the following reasons: 1) this was the NLOS scenario 

with the higher error and 2) the noise PDF of the ranging is a mixed Gaussian distribution and varies with 

the distance. So, a more robust technique has to be developed for NLOS mitigation. Based on the results  

obtained, some observations regarding the NLOS identification and error mitigation can be made. 



Chapter 4 

108 

 

NLOS Identification 

The selection of the channel propagation parameter for the NLOS identification is based on two metrics: 

the overlap between the LOS and NLOS condition and the correlation between a parameter and the true 

distance. A low overlap (𝜉𝛼  < 1), provides a better identification of the NLOS condition. According to the 

results of the overlap metric reported in Table 4.2, the best parameters for NLOS identification are: 𝑃𝐹𝑃, 

𝑃𝐹2, 𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒,𝐹2, 𝑃𝐷 , and 𝑃𝑅 . 

The complexity of the NLOS identification algorithm is another important issue. To keep the complexity of 

the identification algorithm reasonable, these parameters should also be uncorrelated (|𝜌𝛼,𝑑 | < 0.3) to 

the true distance. I.e., if the parameter is uncorrelated to the true distance and has a low overlap, setting 

a hard threshold may be enough to identify the NLOS condition with high precision. Therefore, according 

to the metric correlation coefficient between a parameter and the true distance, the best parameters for 

NLOS identification are the 𝑃𝐷  and the 𝑃𝑅 . These parameters have a correlation coefficient to the true 

distance of 0.07 and -0.04, respectively (meaning they are not correlated to the true distance). Moreover, 

since these parameters are highly correlated (Table 4.2), just one is enough for the NLOS identification. 

The evolution of the several channel propagation parameters studied as a function of true distance is 

illustrated in Figure 4.6. Figure 4.7 illustrates the histograms of each channel propagation parameter in 

both LOS and NLOS cases. 

Table 4.2. Estimated 𝜉𝑖, 𝜌𝑖,𝑑, 𝜌𝑖 ,𝑟𝑁𝐿𝑂𝑆  and 𝜌𝑖1 ,𝑖2 for all considered parameters. The red colour 

represents high correlation (>0.7) and overlap (>2); the blue colour represents low correlation (<0.3) 

and overlap (<1) 

 𝝃𝒊 𝝆𝒊,𝒅 𝝆𝒊,𝒆𝑁𝐿𝑂𝑆
 

𝝆𝒊𝟏,𝒊𝟐
 

�̂� 
𝑷𝑻 𝑷𝑭𝑷 𝝈𝑵𝑶𝑰𝑺𝑬  𝑷𝑴𝒂𝒙𝑵𝒐𝒊𝒔𝒆  𝑷𝑭𝟐 𝑹𝑴𝒂𝒙𝑵𝒐𝒊𝒔𝒆,𝑭𝟐 𝑷𝑫  𝑷𝑹 

�̂� 3.60 0.98 0.81 1 -0.60 -0.45 0.13 -0.30 -0.36 0.30 0.16 -0.13 

𝑃𝑇  1.23 -0.59 -0.40 - 1 0.76 -0.51 0.14 0.65 -0.39 -0.27 0.24 

𝑃𝐹𝑃  0.32 -0.39 -0.26 - - 1 -0.47 0.15 0.93 -0.79 -0.83 0.81 

𝜎𝑁𝑂𝐼𝑆𝐸  1.35 0.11 -0.12 - - - 1 0.64 -0.34 0.28 0.26 -0.24 

𝑃𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒  11.79 -0.31 -0.12 - - - - 1 0.16 -0.01 -0.11 0.11 

𝑃𝐹2  0.33 -0.30 -0.13 - - - - - 1 -0.74 -0.82 0.81 

𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒 ,𝐹2 0.36 0.20 0.26 - - - - - - 1 0.84 -0.81 

𝑃𝐷  0.28 0.07 -0.08 - - - - - - - 1 -0.997 

𝑃𝑅  0.30 -0.04 0.12 - - - - - - - - 1 
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An interesting behaviour can be noticed in Figure 4.6(b). The estimated RSS (PT ) does not follow a 

logarithmic decay as reported in other works [154], [163]. This can be explained by the fact that the 

DW1000 UWB transceiver does not measure the actual RSS value, but computes this value using (4.4). 

As reported by the manufacturer, this equation provides accurate results for low levels of RSS (< -85 

dBm) but for higher levels, the estimated result is always lower than the true RSS [165]. This phenomenon 

is also reflected on the correlation coefficient 𝜌𝛼,𝑑  for the estimated RSS (PT ) – Table 4.2. In the 

experiments performed, a lower correlation coefficient (-0.59) was obtained when compared with the high 

values reported in some works in the literature [154], [163]. 

NLOS Error Mitigation 

The selection of the best parameter for NLOS error mitigation is based on the 𝜌𝛼,𝑒𝑁𝐿𝑂𝑆  metric. Therefore, 

a parameter with a high correlation (|𝜌𝛼,𝑒𝑁𝐿𝑂𝑆| > 0.7) to the NLOS error is a good candidate for NLOS 

error mitigation. Based on this criterion and according to Table 4.2, the best parameter for NLOS error 

mitigation is d̂. Contrary to some works [154], [163], [166], the estimated RSS (PT ) has a weak 

correlation to the NLOS error. As previously stated, this is due to the fact that the PT  calculated from the 

DW1000 diagnostic data is not the real RSS, but an estimated value. Inherently, this characteristic of the 

 

Figure 4.6. Channel propagation parameters: (a) �̂�, (b) 𝑃𝑇, (c) 𝑃𝐹𝑃, (d) σNOISE, (e) PMaxNoise, (f) PF2 , 

(g) 𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒/𝐹𝑃, (h) PD , and (i) PR as a function of true distance. 
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DW1000 UWB transceiver affects all the selected channel propagation parameters as they are directly or 

indirectly obtained from the diagnostic data. In Figure 4.8 the NLOS error is illustrated as a function of 

the channel propagation parameters. As it can be seen, the majority of the parameters are not correlated 

to the NLOS error. So, the estimated distance (d̂) is the only channel propagation parameter that can be 

used to mitigate the NLOS error.  

4.2.5. Performance Evaluation and Discussion 

In this subsection, the algorithms for NLOS identification and error mitigation are introduced and 

evaluated. 

NLOS Identification 

According to the results obtained in the previous subsection, the best channel propagation parameters 

for NLOS identification are 𝑃𝐷  and 𝑃𝑅 . The difference between them in terms of overlap and correlation 

coefficient metrics is negligible. Since both parameters have a strong correlation between them, only one 

 

Figure 4.7. LOS and NLOS histograms corresponding to the channel propagation parameters studied: 

(a) �̂�, (b) 𝑃𝑇, (c) 𝑃𝐹𝑃, (d) σNOISE, (e) PMaxNoise, (f) PF2 , (g) 𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒/𝐹𝑃, (h) PD , and (i) PR. 
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parameter is enough for NLOS identification. As the calculation of a subtraction is computationally less 

expensive than a division, the parameter 𝑃𝐷  was selected for NLOS identification. 

The main advantage of selecting a channel propagation parameter uncorrelated to the true distance and 

with a low overlap between LOS and NLOS conditions is the ability to identify the channel state with an 

algorithm of low complexity. Therefore, to determine if a measurement is either LOS or  NLOS, two different 

algorithms are proposed, a simple hard threshold-based algorithm and a binary hypothesis test based on 

PDF for both hypotheses. The principle of the first algorithm is straightforward. For a given measurement 

of 𝑃𝐷 , if this value is higher than a predefined threshold (𝑃𝐷  > 𝑃𝐷𝑡ℎ𝑟𝑒𝑠𝑜𝑙𝑑) the channel is defined as 

NLOS, otherwise, the channel is LOS (𝑃𝐷  < 𝑃𝐷𝑡ℎ𝑟𝑒𝑠𝑜𝑙𝑑). The challenge in this algorithm is to find the 

threshold value that optimizes the correct classification of the channel state. On the other hand, the binary 

hypothesis test relies on the 𝑃𝐷  statistics, from both LOS and NLOS states, to identify the channel 

condition. If 𝐻0 and 𝐻1 represent, respectively, the LOS and NLOS hypotheses, the binary hypothesis 

test can be formulated as the likelihood ratio test: 

 𝐿 =
𝑝𝑃𝐷 (𝑃𝐷 |𝐻0)

𝑝𝑃𝐷 (𝑃𝐷 |𝐻1)

𝐻1

 ≶ 
𝐻0

𝜆 (4.11) 

 

Figure 4.8. NLOS error as a function of: (a) �̂�, (b) 𝑃𝑇, (c) 𝑃𝐹𝑃, (d) σNOISE, (e) PMaxNoise, (f) PF2 , (g) 

𝑅𝑀𝑎𝑥𝑁𝑜𝑖𝑠𝑒/𝐹𝑃, (h) PD , and (i) PR. 
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where 𝑃𝐷  is the calculated power difference, 𝑝𝑃𝐷 is the conditional PDF for the parameter 𝑃𝐷 , 𝜆 is a 

decision threshold, and 𝐿 is the computed likelihood ratio. 𝐻0 is selected if 𝐿 > 1 and 𝐻1 is selected if 𝐿 

< 1. The major drawback of this approach relies on the fact that the probability distribution of the selected 

parameter for both LOS and NLOS conditions has to be known. According to Figure 4.7(h), the distribution 

of 𝑃𝐷  measurements in LOS condition can be modelled by a coloured Gaussian distribution. Conversely, 

in NLOS condition, the 𝑃𝐷  distribution is multimodal and, therefore, better modeled by a mixed Gaussian 

distribution. These results are in line with the findings in [153]. However, to keep the algorithm complexity 

reasonable, the 𝑃𝐷  distribution in both LOS and NLOS conditions were modeled as colored Gaussian. 

The parameters of the model are shown in Table 4.3, where µ and σ represent the mean and standard 

deviation, respectively. 

The performance of each NLOS identification algorithm is measured in terms of misclassification rate, 

using the following equation: 

 𝑃𝐸 = 
(𝑃𝐹 −𝑃𝑀)

2
 (4.12) 

where 𝑃𝐸  is the total misclassification rate, 𝑃𝐹 is the false alarm probability – i.e., deciding NLOS when 

the signal is LOS –, and 𝑃𝑀  is the missed detection probability – i.e., deciding LOS when the signal is 

NLOS. 

To compare the performance of both NLOS identification algorithms, first it is necessary to find the optimal 

threshold value that minimizes the misclassification rate: 

 𝑃𝐷𝑡ℎ𝑟𝑒𝑠𝑜𝑙𝑑 = arg 𝑚𝑖 𝑃𝐸  [ 𝑃𝐸(𝑃𝐷𝑡ℎ𝑟𝑒𝑠𝑜𝑙𝑑)] (4.13) 

Table 4.3. Mean and Standard Deviation of P_D Parameter in both LOS and NLOS Scenarios 

Scenario µ (dB) σ (dB) 

LOS 4.87 3.08 

NLOS  19.78 5.81 
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Figure 4.9 represents the PF, PM, and PE as a function of a threshold value (𝑃𝐷𝑡ℎ𝑟𝑒𝑠𝑜𝑙𝑑) for NLOS 

identification. The threshold value of 𝑃𝐷  that minimizes the misclassification rate is 11.04 dB. As it can 

be seen, the misclassification is unavoidable, but the probability of misclassification is too low, only 0.062. 

Table 4.4 summarizes the results of PF, PM, and PE for both NLOS identification algorithms proposed. 

Both algorithms have a very similar performance in terms of misclassification rate. In spite of the lower 

complexity and computational requirements of the hard threshold-based algorithm, its performance is 

better than the binary hypothesis test algorithm, with a misclassification of 6.2% and 6.4%, respectively. 

For both algorithms, the misclassification is unavoidable. However,  the performance of the binary 

hypothesis algorithm can be improved if a multimodal Gaussian distribution is used instead of the 

coloured Gaussian distribution. Nevertheless, the algorithm complexity and computation requirements 

will also significantly increase. Since both NLOS and LOS scenarios are identified with an accuracy higher 

than 93%, this increase in algorithm complexity and computation requirements is not justifiable. As both 

algorithms have identical performances, the hard threshold-based algorithm will be used for NLOS 

identification since it has lower complexity and computation requirements. 

 

Figure 4.9. PF, PM, and PE as a function of a threshold value for the NLOS identification. The lowest 

misclassification rate is achieved for a P_D threshold of 11.04 dB, corresponding to a probability of 

misclassification of 0.062. 
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When compared with the results obtained in [153] for the same channel propagation parameter (𝑃𝐷 ), the 

present results are better (93% accuracy in NLOS identification in contrast with the 57% reported in their 

work), even though the hardware used is the same. This can be explained by the strong impact that the 

human body has on UWB signal. For the other NLOS scenarios studied in this work (door and wall), the 

difference between the 𝑃𝐷  magnitude in LOS and NLOS conditions was smaller, which increased the 

overlap. This increase in overlap resulted in a performance deterioration of the NLOS identification 

algorithm. 

NLOS Error Mitigation 

The ranging error has different magnitudes depending on the channel condition (LOS/NLOS), as can be 

seen in Table 4.1 and Figure 4.4(b). So, the following model is proposed to describe the ranging 

measurements in both conditions: 

 �̂� = {
𝑑 + 𝜇𝐿𝑂𝑆 + 𝑣′𝐿𝑂𝑆 , 𝑖𝑓 𝐻 = 𝐿𝑂𝑆

𝑑 + 𝑓(�̂�) + 𝑣′𝑁𝐿𝑂𝑆 , 𝑖𝑓 𝐻 = 𝑁𝐿𝑂𝑆
 (4.14) 

where 𝑣′𝐿𝑂𝑆 and 𝑣′𝑁𝐿𝑂𝑆 are the noise components, 𝜇𝐿𝑂𝑆 is a known LOS bias caused by finite 

bandwidth, clock drift, and fading due to ground-bounce, and 𝑓(�̂�) is the function that estimates the 

NLOS error based on the estimated distance. 

The function 𝑓(�̂�) is determined by fitting the samples with several curves. Each sample is obtained by 

computing the median of the estimated distance and the NLOS error. The best fits are obtained with a 

second-order polynomial curve and an exponential curve. Figure 4.10 illustrates the fitted curves, as well 

as, the median of samples. 

Table 4.4. Comparison between the proposed NLOS identification algorithms 

NLOS Identification 

Algorithm 
Threshold (dB) 𝑷𝑭 (%) 𝑷𝑴 (%) 𝑷𝑬  (%) 

Hard Threshold 11.04 5.56 6.91 6.2 

Binary Hypothesis 

Test  
- 6.63 6.25 6.4 
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Each fitted curve is computed by optimizing the parameters of the generic curve model to samples. For 

exponential and second-order polynomial curves, the generic models are as follow: 

 Exponential Model: 

 𝑓(�̂�) = a × 𝑒(𝑏×�̂�) (4.15) 

where �̂� is the estimated distance, a and 𝑏 are the curve specific parameters. 

 Polynomial second order model: 

 𝑓(�̂�) = 𝑝1 × �̂�2 + 𝑝2 × �̂� + 𝑝3 (4.16) 

where �̂� is the estimated distance, 𝑝1, 𝑝2 , and 𝑝3  are the curve specific parameters. 

The model parameters, as well as, the goodness of fit of each curve are summarized in Table 4.5. The 

goodness of fit is evaluated in terms of the following metrics: sum of squares due to error (SSE), R -square, 

adjusted R-square, and RMSE. For the metrics SSE and RMSE, values closer to zero indicate a better 

fitting while for R-square and adjusted R-square, values close to one represent a better fitting. As it can 

be seen in Table 4.5, both curves have similar goodness of fit values for all parameters. Therefore, the 

second-order polynomial curve was chosen since the multiplications are computationally less expensive 

than the exponential operations. 

 

Figure 4.10. Best fitting curves of the NLOS error as a function of estimated distance. 
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Figure 4.11 illustrates the result in the NLOS error before and after applying the second-order polynomial 

curve to the estimated distance in NLOS scenario. As it can be observed, the NLOS error after mi tigation 

is considerably reduced and, its PDF is closer to a Gaussian distribution. The mean NLOS error after 

mitigation is approximately zero and the standard deviation is reduced from 3.72 m to 1.47 m, which 

represents a reduction of 60%. Despite the fact that the magnitude of NLOS error after mitigation is still 

high, this error can now be modelled as a Gaussian distribution, which is extremely important since the 

majority of the localization algorithms only consider Gaussian errors. Based on these results, the 𝑣′𝐿𝑂𝑆 

and 𝑣′𝑁𝐿𝑂𝑆 noises can be modeled as zero-mean Gaussian distributions, i.e., 𝑣′𝐿𝑂𝑆~𝒩(0,𝜎𝐿𝑂𝑆
2 ) and 

Table 4.5. Estimated parameters for NLOS ranging error and goodness of fit for the best fitting models 

 Polynomial Fitted Curve Exponential Fitted Curve 

Model Parameters 

[a b] - [0.4028 0.08305] 

[p1 p2 p3] [0.007433 -0.06216 0.4843] - 

Goodness of Fit 

SSE 16.5 17.08 

R-square 0.8818 0.8777 

Adjusted R-Square 0.8636 0.8689 

RMSE 1.127 1.105 

 

 

Figure 4.11. Histogram of NLOS-B ranging error (a) before, and (b) after mitigation with the proposed 

model. The PDF of ranging error after mitigation can be approximated to a Gaussian distribution. The 

error mean is shifted to zero and the standard deviation is reduced from 3.72 m to 1.47 m.  
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𝑣′𝑁𝐿𝑂𝑆~𝒩(0, 𝜎𝑁𝐿𝑂𝑆
2 ). A detailed comparison of the NLOS error before and after mitigation is presented 

in Table 4.6. 

4.3. 2D Positioning based on ToA Ranging Measurements 

As stated before, during emergency responders’ missions the availability of radio signals is generally low. 

This happens due to the following reasons: no reliable infrastructure exist in a building capable of 

computing the emergency responders’ position; the deployment cannot interfere with the emergency 

responder’s activities; the low penetration capability of UWB signals in indoor environments (up to 40 m 

in NLOS scenarios); and the risk of some anchor nodes being destroyed by the fire or falling debris. So, 

unlike WSNs, where tens of ranging measurements can be available, an IPS for emergency responders 

has to be designed ensuring that its performance is optimal when only three ranging measurements are 

available. I.e., the horizontal accuracy reported by the IPS has to be below 1 m [17], [28]. 

In this section, four typical positioning algorithms that rely on ranging measurements are implemented 

and tested under different scenarios (atrium and lab) and with different propagation conditions (LOS and 

NLOS due to a human body). The main goal of this section is to study positioning techniques that are 

compatible with the requirements of an IPS for emergency responders. In other words, we want to 

evaluate which positioning algorithm has higher immunity to noisy measurements and, therefore, is more 

likely to provide a robust position estimation under the different propagation conditions of indoor 

environments. All the measurements were taken from a real-deployment of the nodes but the processing 

is done offline in Matlab. 

4.3.1. ToA-based Localization Algorithms 

In this subsection, four typical ToA-based localization algorithms are introduced. All the analysed 

algorithms rely on ranging measurements, provided by the DW1000 UWB transceiver, to compute the 

Table 4.6. Comparison of NLOS-b ranging error before and after mitigation with the proposed model 

 µ (m) �̃� (m) σG (m) Minerror (m) Maxerror (m) 

NLOS-B before Mitigation 2.83 1.62 3.72 0.07 39.83 

NLOS-B after Mitigation -0.02 -0.05 1.47 -4.46 11.06 
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2D localization of the tag node. To keep the complexity of the localization algorithm low, the tag’s height 

is not computed by the localization algorithm. As an alternative, it can be obtained from additional sensors 

like barometers or pressure sensors. However, the extension to 3D is straightforward for all proposed 

algorithms. For simplicity, the position of the anchor nodes is known and does not change during 

experiments. 

The four ToA-based localization algorithms studied are: the analytical method, the least-squares method, 

the nonlinear least-squares method based on a first-order Taylor expansion (Taylor series), and the EKF. 

Each algorithm has different complexity and is designed to address different issues on localization. The 

first two algorithms are the simplest to implement and their differences lie in scalability and flexibility. For 

the analytical method, the number of possible ranging measurement combinations has to be known 

beforehand since one equation has to be defined for each tag-anchor pair. On the other hand, the least-

squares method allows adding more tag-anchor pairs without having to rewrite the algorithm. Both 

algorithms do not handle with the covariance of the ranging measurements error. To deal with the 

nonlinearity issue aroused by the localization problem and the covariance of the ranging measurements, 

both the nonlinear least-squares method based on a first-order Taylor expansion and the EKF are 

proposed. Although the complexity of these algorithms is higher, it is expected to observe an improvement 

in performance when compared with the first two algorithms. While the Taylor series is an extension to 

the trilateration-based localization algorithms, the EKF is a predictive algorithm that aims to predict the 

next state based on a system model and the ranging measurements. 

For the trilateration-based localization algorithms, the position of the tag is determined as the intersection 

of all circles. The centre and radius of each imaginary circle are given by the coordinates of the 

corresponding anchor node and the ranging measurement between that anchor and the tag, respectively. 

Therefore, the circles can be described as: 

 (𝑥 − 𝑥𝑖)
2 + (𝑦 − 𝑦𝑖)

2 = 𝑑𝑖
2, (𝑖 = 1,2, … ,  ) (4.17) 

where (𝑥, 𝑦) is the position of the tag, (𝑥𝑖 , 𝑦𝑖) is the known position of anchor 𝑖,   is the number of 

anchor nodes, and 𝑑𝑖 is the true distance between anchor 𝑖 and the tag. The value of 𝑑𝑖 is obtained by 

applying the following equation: 
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 �̂� = 𝑐 × 𝑇𝑜𝐴 = {
𝑑 + 𝑒𝐿𝑂𝑆 , if LOS 

𝑑 + 𝑒𝑁𝐿𝑂𝑆 , if NLOS
= {

𝑑 + 𝑒𝐿𝑂𝑆 , if LOS 
𝑑 + 𝑒𝐿𝑂𝑆 + 𝑏, if NLOS

 (4.18) 

where 𝑐 = 3 × 108 is the speed of light, ToA is the reported Time of Arrival, 𝑑 is the true distance 

between the transmitter and the receiver, 𝑒𝐿𝑂𝑆 is the ranging error in the LOS scenario, which includes 

all typical sources of error of a UWB ranging system (i.e., finite bandwidth, clock drift, PCB losses, thermal 

noise, etc.), and 𝑒𝑁𝐿𝑂𝑆 is the result of 𝑒𝐿𝑂𝑆 ranging error with the positive and random bias 𝑏 caused by 

multipath propagation in the NLOS scenario. 

As demonstrated in the previous subsection, the accuracy of range estimation 𝑑𝑖 is affected by several 

phenomena (e.g., noise, multipath, fading to ground-bounce, and NLOS). If the ranging error is additive, 

this results that the circles will not intersect at one single point. On the other hand, if the ranging error is 

subtractive, the circles may not intersect. So, the goal of the localization algorithm is to estimate the tag 

position as close as the true tag position, even in the presence of noisy measurements.  

Analytical Method 

The analytical method is the simplest localization algorithm. This method determines the tag position by 

solving the nonlinear equations directly [167]–[170]. 

So, for the scenario when only three anchor nodes are available, which is the minimum number of 

different ranging measurements required, the localization problem is a set of three equations with two 

unknowns: 

 {

(𝑥 − 𝑥1)
2 + (𝑦 − 𝑦1)

2 = 𝑑1
2

(𝑥 − 𝑥2)
2 + (𝑦 − 𝑦2)

2 = 𝑑2
2

(𝑥 − 𝑥3)
2 + (𝑦 − 𝑦3)

2 = 𝑑3
2

 (4.19) 

Different techniques were proposed to solve the nonlinear equations above. In this work, the linear 

algorithm proposed in [170] is used as the analytical method. This method computes the position of the 

tag by the intersection of two virtual lines created from the two points where the imaginary circles 

intersect. So, for an IPS with only three anchor nodes, the line that passes through the intersection of the 
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two circles (e.g., the circles centred at anchors 1 and 2) can be found by differencing the corresponding 

ranges in (4.19). The resulting equation is: 

 (𝑥2 − 𝑥1)𝑥 + (𝑦2 − 𝑦1)𝑦 =
1

2
(‖𝐴2‖

2 − ‖𝐴1‖
2 + 𝑑1

2 − 𝑑2
2) (4.20) 

where ‖𝐴𝑖‖ is the norm of the position of anchor 𝑖. 

If the same procedure is repeated for anchors 2 and 3, the following line equation is obtained:  

 (𝑥3 − 𝑥2)𝑥 + (𝑦3 − 𝑦2)𝑦 =
1

2
(‖𝐴3‖

2 − ‖𝐴2‖
2+ 𝑑2

2 − 𝑑3
2) (4.21) 

A new line can be created for anchors 1 and 3. However, this line is not independent of the above lines, 

i.e., does not add useful information about the tag position since the three lines will always intersect in 

the same point [170]. So, for 2D localization only two lines are needed. 

The position of the tag is obtained by solving (4.20) and (4.21) in terms of 𝑦, equating the obtained 

results, and solving in terms of 𝑥. The resulting equation is: 

 𝑥 =
(𝑦2 − 𝑦1)𝐶3 − (𝑦3 − 𝑦2)𝐶1

[(𝑥3 − 𝑥2)(𝑦2 − 𝑦1) − (𝑥2 − 𝑥1)(𝑦3 − 𝑦2)]
 (4.22) 

where: 

 𝐶1 =
1

2
(‖𝐴2‖

2 − ‖𝐴1‖
2+ 𝑑1

2− 𝑑2
2) (4.23) 

 𝐶3 =
1

2
(‖𝐴3‖

2 − ‖𝐴2‖
2 + 𝑑2

2 − 𝑑3
2) (4.24) 

By substituting (4.22) into either (4.20) or (4.21) and solving in terms of 𝑦, gives: 
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 𝑦 =
(𝑥2 − 𝑥1)𝐶3 − (𝑥3 − 𝑥2)𝐶1

[(𝑦3 − 𝑦2)(𝑥2− 𝑥1) − (𝑦2 − 𝑦1)(𝑥3− 𝑥2)]
 (4.25) 

An important consideration about this method is that the two lines may not intersect due to ranging errors 

or due to the geometric distribution of the anchors. In such scenario, the position of the tag cannot be 

computed. 

Least-Squares Method 

The nonlinear equations in (4.19) can be expressed in a matrix form after some mathematical 

manipulation. So, they can be written as [168]: 

 𝐀𝐭 =
1

2
𝐛 (4.26) 

where: 

 𝐀 = [

𝑥1 𝑦1 −0.5

𝑥2 𝑦2 −0.5
…

𝑥𝑛 𝑦𝑛 −0.5

] (4.27) 

 𝐭 = [𝑥 𝑦 𝑠]T (4.28) 

 𝐛 = [

𝑘1 − 𝑑1
2

𝑘2 − 𝑑2
2

…
𝑘𝑛 − 𝑑𝑛

2

] (4.29) 

and: 

 𝑘𝑖 = 𝑥𝑖
2 + 𝑦𝑖

2 , (𝑖 = 1,2,… ,  )  (4.30) 
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 𝑠 = 𝑥2 + 𝑦2 (4.31) 

To avoid the quadratic parameter 𝑠, Caffery proposed an alternative method for cancelling out the 

nonlinear terms and producing a linear model [170]. This method works by selecting on an equation in 

(4.19) (e.g., 𝑖 = 1) and subtracting it from the other equations. However, the accuracy of this method is 

highly dependent on the distance from the selected anchor node and the tag, deteriorating as the distance 

between these nodes increase [168]. So, to keep the complexity of the localization algorithm low, it was 

selected the traditional least-squares method. 

Nonlinear Least-Squares Method based on a First-Order Taylor Expansion (Taylor Series) 

A common strategy to linearize the nonlinear function 𝑑𝑖(𝑋) in (4.19) around a reference point 𝑋0 is to 

use the Taylor series expansion. If an initial estimation of the position is available (𝑥0,𝑦0) and the higher 

terms are neglected, the function 𝑑𝑖(𝑋) can be expressed as [168], [171], [172]: 

 𝑑(𝑋) ≈ 𝑑(𝑋0) + 𝐇𝟎(𝑋 − 𝑋0) (4.32) 

where 𝑋0 is the vector of the initial estimation, 𝑋 is the vector of the anchor nodes’ coordinates, and 𝐇𝟎 

represents the Jacobian matrix of 𝑑(𝑋) around 𝑋0, which can be represented as: 

 𝐇𝟎 =

[
 
 
 
 
 
 
𝜕𝑑1
𝜕𝑥

𝜕𝑑1
𝜕𝑦

𝜕𝑑2
𝜕𝑥

𝜕𝑑2
𝜕𝑦

…
𝜕𝑑𝑛
𝜕𝑥

𝜕𝑑𝑛
𝜕𝑦 ]

 
 
 
 
 
 

𝑋=𝑋0

=

[
 
 
 
 
 
 
𝑥0 − 𝑥1

𝑟1

𝑦0 − 𝑦1
𝑟1

𝑥0 − 𝑥2
𝑟2

𝑦0 − 𝑦2
𝑟2…

𝑥0 − 𝑥𝑛
𝑟𝑛

𝑦0 − 𝑦𝑛
𝑟𝑛 ]

 
 
 
 
 
 

 (4.33) 

This assumption is only valid if the initial estimation is sufficiently close to the true location of the tag 

node. The initial position estimation is computed based on the analytical method proposed above. The 

value of 𝑟𝑖 is obtained as following: 
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 𝑟𝑖 = √(𝑥0 − 𝑥𝑖)
2 + (𝑦0 − 𝑦𝑖)

2 (4.34) 

Equation (4.32) can be written in matrix form as: 

 𝐇𝟎𝛅 = 𝐌 − 𝐞 (4.35) 

where: 

 𝐌 =

[
 
 
 �̂�1− 𝑑1
�̂�2 − 𝑑2

…
�̂�𝑛 − 𝑑𝑛]

 
 
 

 (4.36) 

 𝛅 = [
𝛿𝑥
𝛿𝑦
] (4.37) 

 𝐞 = [

휀1
휀2
…
휀𝑛

] (4.38) 

and 휀𝑖 represents the range estimation error. The mean and variance of range estimation error are defined 

according the channel state (LOS or NLOS). 

Since the ranging measurements are independent and its error follow a Gaussian distribution, the 

weighted least squares solution of (4.35), with respect to 𝛅, can be determined based on the maximum 

likelihood (ML) estimation and is given as [173], [174]: 

 𝛅 = (𝐇𝟎
T𝐑−1𝐇𝟎)

−1
𝐇𝟎

T𝐑−1𝐌 (4.39) 

where 𝐑 is the covariance matrix of the estimation error 𝑒, whose terms are independent and zero-mean 

Gaussian random variables, and can be represented as: 
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 𝐑 = 𝐄{휀휀T} = 𝑑𝑖𝑎 [𝜎2 … 𝜎2] (4.40) 

The value of 𝜎2 was experimentally determined during the measurement campaign described in Section 

4.2.2. This value has been calculated based on the mean of the variances calculated for each 

measurement point. A 𝜎2 = 0.022 is used for the experimental evaluation. 

Based on the initial position estimation (𝑥0, 𝑦0) and the computed 𝛿, the position estimation can be 

updated as follows: 

 {
𝑥 = 𝑥0 + 𝛿𝑥
𝑦 = 𝑦0 + 𝛿𝑦

 (4.41) 

By iterating the above process, the position estimation can be repeatedly refined. The process is repeated 

until the convergence is achieved, i.e., 𝛿𝑥  and 𝛿𝑦 turn out to be satisfactorily small according to some 

criterion, or the maximum iterations are achieved [168], [171], [172]. The final position estimation is 

defined based on the position whose convergence criterion was minimum. In this work the convergence 

criterion is: 

 𝚽 = 𝐌T𝐑−1𝐌 (4.42) 

This convergence criterion represents the sum of the square error between the Euclidean distance 

estimates of the previous and current position. Each distance is weighted according to the covariance 

matrix 𝐑. So, if a measurement is taken in NLOS, the uncertainty (covariance) of that measurement is 

higher and, therefore, it will have a higher impact on the value of 𝚽. 

Extended Kalman Filter Method 

Unlike the previous localization algorithms, the EKF is tailored for tracking mobile nodes. Its main 

advantage is that the EKF can process single measurements at a time and provide position estimates in 

real-time. The EKF performance highly depends on the correct definition of the system dynamics [175]. 

Based on the information acquired from the motion (e.g., velocity, acceleration, angular velocity), different 
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EKF formalizations can be made to model the movement of a person. A commonly used model for 

pedestrians is to model the movement of the mobile device as random. This simple model has proven to 

be more robust than other complex models because of the fact that human’s movement is unpredictable 

and, therefore, better modelled as Gaussian noise. Other alternative are models that include the velocity, 

velocity and acceleration, and orientation. 

In this work, the random model was selected to describe the pedestrian movement. Wi th this model, the 

changes in position are given by Gaussian noise. Therefore, the state transition model of the system can 

be defined as: 

 𝐗𝑘+1 = 𝐀𝐗𝑘 + 𝐰𝑘  (4.43) 

where 𝐗𝑘+1 and 𝐗𝑘 = [𝑥𝑡𝑎𝑔 𝑦𝑡𝑎𝑔]T represent, respectively, the current and the previous position 

state vectors. 𝐰𝑘  is the process noise that allows changes in position and orientation with covariance 

matrix 𝐐𝑘 = [𝜖𝑥 𝜖𝑦]T. The values of the covariance matrix 𝐐𝑘  were determined empirically. The 

matrix 𝐀 represents the state transition matrix and is modeled as an identity matrix: 

 𝐀 = 𝐈2 = [
1 0
0 1

] (4.44) 

The measurement model can be represented by: 

 𝐙𝑘 = 𝐡(𝐗𝑘) + 𝐯𝑥  (4.45) 

where 𝐙𝑘 is the current ranging measurements vector, 𝐡(𝐗𝑘) is the observation matrix, and 𝐯𝑥 is the 

measurement noise whose covariance is 𝐑𝑘. The index 𝑘 indicates that the parameters can change over 

time. The observation matrix 𝐡(𝐗𝑘) and the corresponding Jacobian 𝐇𝑘  are derived from (4.19) and are 

given as follows: 
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 𝐡(𝐗𝑘) = √(𝑥 − 𝑥𝑘)
2 + (𝑦 − 𝑦𝑘)

2 (4.46) 

 𝐇𝑘 = [
𝑥 − 𝑥𝑘

√(𝑥 − 𝑥𝑘)2 + (𝑦 − 𝑦𝑘)2

𝑦 − 𝑦𝑘

√(𝑥 − 𝑥𝑘)2 + (𝑦 − 𝑦𝑘)2
] (4.47) 

Based on the models described above, the EKF estimates the tag position based on two different stages: 

prediction and update: 

Prediction Stage: 

During the prediction stage, the EKF predicts the state vector (𝐗𝑘
−) and error covariance matrix (𝐏𝑘

−), 

which are given as follows: 

 𝐗𝑘
− = 𝐀𝐗𝑘−1 = 𝐗𝑘−1 (4.48) 

 𝐏𝑘
− = 𝐀𝐏𝑘−1𝐀

T +𝐐𝑘  (4.49) 

Update Stage: 

As soon as new ranging measurements are available (𝐙𝑘), the update stage can be applied. This stage 

aims to refine the state vector (𝐗𝑘
−) and the error covariance (𝐏𝑘

−) estimates. The first step of the update 

stage is computing the Kalman gain. The Kalman gain is the ratio between the uncertainty of the 

prediction and the uncertainty of the measurements, and is computed as follows:  

 𝐊𝑘 = 𝐏𝑘
−𝐇𝑘

T𝐒𝑘
−1 (4.50) 

where 𝐇𝑘
T is the transpose matrix of the observation matrix 𝐇𝑘  and 𝐒𝑘

−1 is the inverse of the residual 

covariance matrix 𝐒𝑘 that is computed as follows: 
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 𝐒𝑘 = 𝐇𝑘𝐏𝑘
−𝐇𝑘

T+𝐑𝑘  (4.51) 

Then, the Kalman gain is used to combine the received ranging measurement information with the 

information from the prediction stage in order to compute the update state as follows:  

 𝐗𝑘 = 𝐗𝑘
− + 𝐑𝑘�̃�𝑘  (4.52) 

where: 

 �̃�𝑘 = 𝐙𝑘 − 𝐡(𝐗𝑘
−) (4.53) 

is known as innovation or measurement residual, and 𝐡(𝐗𝑘
−) represents the predicted measurements. 

In terms of EKF performance, lower values of innovation or Kalman gain are desirable, i.e., small values 

of innovation or Kalman gain imply small corrections in the predicted state and, therefore, a smoother 

tracking system. The last step of the EKF is the update of the error covariance as follows:  

 𝐏𝑘 = (𝐈 − 𝐊𝑘𝐇𝑘)𝐏𝑘
− (4.54) 

where 𝐈 in an identity matrix with appropriate dimensions. 

For static devices, however, the predicted state vector (𝐗𝑘
−) and the predicted covariance matrix (𝐏𝑘

−) are 

expected to remain unchanged between measurements. So, for static devices, the covariance matrix 𝐐𝑘  

is removed from Equation (4.49). The update stage is the same as for mobile devices. 

4.3.2. Performance Evaluation Metrics 

Performance metrics provide the basis for comparing localization algorithms [39]. So, the performance 

of the above positioning algorithms under the different scenarios is compared based on the following 

metrics: accuracy, precision, and RMSE. 
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Traditionally, the accuracy is represented by the mean distance error and the precision is defined as the 

success probability of position estimates with respect to the accuracy [32], [39]. However, this strategy 

lacks to provide useful information about an IPS’s precision, since the precision is always associated with 

the accuracy and these metrics are independent. So, both accuracy and precision are presented as a 

CDF and they are expressed as a value for a specific percentage (e.g., an accuracy of 1.6m with 95% 

probability). 

Accuracy 

The accuracy is the most used metric to evaluate the performance of a positioning algorithm or IPS. It 

represents the difference between the true position and the estimated position. This metric is generally 

measured as the Euclidean distance between the estimated position and the true position, as defined by 

the following equation: 

 𝐷𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = √(𝑥𝐸𝑠𝑡 − 𝑥𝐴𝑐𝑡𝑢𝑎𝑙)2 + (𝑦𝐸𝑠𝑡 − 𝑦𝐴𝑐𝑡𝑢𝑎𝑙)2 (4.55) 

where (𝑥𝐸𝑠𝑡, 𝑦𝐸𝑠𝑡) are the Cartesian coordinates estimated by the localization algorithm, and 

(𝑥𝐴𝑐𝑡𝑢𝑎𝑙 , 𝑦𝐴𝑐𝑡𝑢𝑎𝑙) are the true Cartesian coordinates. 

Precision 

The precision measures the reproducibility of successive position estimates. This metric can be used to 

assess the robustness of the positioning algorithm as it reveals the variation of position estimates over 

several trials [39]. To compute the precision, we first compute the median position of the 200 position 

estimations for a single test run. Then, the Euclidean distance to each estimated position is computed 

based on the median position. The precision is computed based on the following equation:  

 𝐷𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = √(𝑥𝐸𝑠𝑡 − 𝑥𝑚𝑒𝑑𝑖𝑎𝑛)2 + (𝑦𝐸𝑠𝑡 − 𝑦𝑚𝑒𝑑𝑖𝑎𝑛)2 (4.56) 
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Root Mean Square Error (RMSE) 

Unlike the accuracy metric, the RMSE metric allows computing the localization error for both X and Y 

coordinates. The RMSE value per each coordinate can be computed by: 

 𝑅𝑀𝑆𝐸𝑖 = √
∑(𝐸𝑠𝑡𝑖 − 𝐴𝑐𝑡 𝑎𝑙𝑖)2

𝑁 𝑚𝑏𝑒𝑟 𝑜𝑓 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑠
 (4.57) 

where 𝑖 represents the coordinate axis. 

The 𝑅𝑀𝑆𝐸𝑋 and 𝑅𝑀𝑆𝐸𝑌 values can be combined to compute the Net RMSE, which is the net error of 

the localization algorithm. The RMSE values are biased towards large errors,  i.e., a large error makes a 

larger contribution in RMSE than in a simple average. The Net RMSE can be computed as following:  

 𝑁𝑒𝑡 𝑅𝑀𝑆𝐸 = √𝑅𝑀𝑆𝐸𝑋
2 + 𝑅𝑀𝑆𝐸𝑌

2 (4.58) 

4.3.3. Experimental Setup 

In this section, we describe the deployment scenarios used to evaluate the performance of the algorithms 

described above. In these experiments, the DW1000 UWB transceivers, already described in Section 4.1, 

are used to collect the ranging measurements needed to run the localization algorithms. Two types of 

nodes are considered, anchor and tag nodes. Both nodes are identical in terms of hardware. The anchor 

nodes are placed on a tripod at an antenna height of 1.33 m and their position is known. The tag is 

responsible for starting the ranging message with an anchor node, computing the corresponding distance 

between the nodes, acquiring the channel propagation parameters necessary for NLOS identification and 

mitigation, and logging this data to a computer through a USB connection. The tag node repeats this 

process continuously for all anchor nodes available, starting from anchor 1 to anchor n. Where n is the 

number of anchor nodes available. This cycle is repeated until all the samples per point are collected, or 

the user completes the predefined path. All the localization algorithms are implemented in MATLAB, run 
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offline, and use the same data set. In this way, we guarantee that all the algorithms are evaluated under 

the same conditions and, therefore, a fair comparison can be performed. 

Figure 4.12 illustrates the two test beds considered to evaluate the localization algorithms. The two 

scenarios are, respectively, an atrium with 9.4 m× 7 m free space area (Figure 4.12(a)), and a lab with 

an area of 10.7 m × 7 m, desks, metallic cabinets, and textile machines (Figure 4.12(b)). 

The grey squares represent the location of anchor nodes, the blue star represents an example of the tag 

location, and the black dots are the calibration points evaluated for the static scenarios. The position of 

the calibration points was acquired based on a digital laser rangefinder. The red line represents the path 

performed during the dynamic test. The main goal of considering these two environments is to assess 

how different propagation characteristics affect the performance of each algorithm. In other words, we 

want to verify which algorithm has higher immunity to environment-related perturbations. For each 

scenario described above, three sets of measurements were conducted: static without body interference 

(Case 1), where the tag is placed on the top of a tripod at an antenna height of 1.33 m, static under body 

 

  

 

(a)  

  

 

(b)  

Figure 4.12. Illustration of the experimental setup in: (a) atrium; (b) lab. 
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influence (Case 2), where the tag was mounted next the right side of the waist of the human body at an 

antenna height of 1.08 m; and dynamic (Case 3), where the tag was mounted next the right side of the 

waist of the human body at an antenna height of 1.08 m and the user walks through a predefined path. 

For Cases 2 and 3 an additional distance correction is performed before run the NLOS identification and 

mitigation algorithm. This distance correction aims to correct the distance error due to the difference in 

heights between anchors and tag when the tag is mounted on the human body. The calibration points of 

the both scenarios were taken in a cross form, centred at the middle of the scenario, and with a spacing 

between points of 0.50 m. We choose this configuration because of machines and desks in the lab 

scenario, which does not allow us to collect a grid of points evenly distributed. Nevertheless, with this 

approach the performance of each algorithm in both x and y directions can be assessed, both scenarios 

can be easily compared, and the measurement campaign took less time. For each evaluated point  in the 

static measurements, 200 samples were collected per anchor node. Whereas, in the dynamic case the 

experiment was run five times. The goal of this experiments is to distinguish between device -related effects 

(e.g., clock drift, antenna placement, and radiation pattern) and body effects, as well as, between static 

and dynamic situations. During the experiments no other people were allowed to stay or walk through the 

scenarios. 

4.3.4. Results 

In this section, we evaluate and compare the proposed localization algorithms. All localization algorithms 

are evaluated with and without body effect, as well as, for both static and mobile nodes.  Table 4.7 details 

the acronyms used to identify the sample set acquired for each scenario. The sample set of atrium  and 

Table 4.7. Acronyms used to refer the sample sets used for localization algorithms evaluation and 

comparison. 

Test ID Description of the Test 

AWBS Static localization without body influence (Case 1) in Atrium scenario 

ABS Static localization with body influence (Case 2) in Atrium scenario 

ABD Dynamic localization with body influence (Case 3) in Atrium scenario 

LWBS Static localization without body influence (Case 1) in Lab scenario 

LBS Static localization with body influence (Case 2) in Lab scenario 

LBD Dynamic localization with body influence (Case 3) in Lab scenario 
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lab scenarios is composed by 29 and 26 independent test runs, respectively. Each test run contains 200 

position estimates. All the sample sets are created from real data. 

The measurement noises for both the Taylor series and EKF methods are defined according to the 

statistics of noise with and without body influence. 

Locating Static Devices without Body Influence 

In the first experiment, the proposed positioning algorithms are evaluated for the atrium and lab scenarios, 

and without human body influence, respectively, the sample sets AWBS and LWBS. This experiment 

represents the best-case scenario since all the nodes are static and in LOS or under soft-NLOS. The soft-

NLOS represents the propagation conditions when the direct path is blocked or partially blocked by 

machines, metallic cabinets or desk partitions. 

Figure 4.13((a),(b)) represent the CDF of the accuracy error obtained for each positioning algorithm under 

the atrium and lab scenarios, respectively. It can be observed that for both the atrium and the lab 

scenarios—Figure 4.13—the EKF provides the lowest accuracy error. However, in the lab scenario a 

performance degradation of the EKF method can be observed between the percentiles 75 and 95. This 

 

Figure 4.13. Comparison of the accuracy achieved by each algorithm for static nodes without human 

body interference. The localization algorithms were run in two different scenarios: (a) atrium and (b) lab.  
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performance degradation of the EKF method can be explained by the fact that the EKF is not a positioning 

algorithm but a tracking algorithm. So, the first position estimate for each independent test run is 

computed by the Analytical method. If the error in the first ranging measurements is high, coming position 

estimates, due to the EKF nature, will tend to be biased even if the ranging error is lower or inexistent. 

However, this strategy was adopted because in a real scenario the true position of the tag node is 

unknown, and the Analytical method is a good low-complexity candidate to provide the first position 

estimate. In Table 4.8, the complete figures of merit of the accuracy for all algorithms in both atrium and 

lab scenarios is presented.  

Figure 4.14 ((a),(b)) represent the CDF of the precision error obtained for each positioning algorithm 

under atrium and lab scenarios, respectively. For both scenarios, the EKF method outperforms the other 

algorithms in terms of precision. As expected, the Taylor series method also shows a better performance 

when compared with the Least Squares and Analytical methods, +33% for the atrium and +46% for the 

lab. In Table 4.8, the complete figures of merit of the precision for all algorithms in both atrium and lab 

scenarios is presented. 

 

Figure 4.14. Comparison of the precision achieved by each algorithm for static nodes without human 

body interference. The localization algorithms were run in two different scenarios: (a) atrium and  

(b) lab. 
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Regarding the RMSE metric, the EKF method also performs better than the other algorithms for  both 

scenarios. An interesting observation that can be made based on the RMSE metric is that the performance 

improvement of the EKF method is significantly higher for the atrium scenario (+20% and +90%) than in 

the lab scenario (+3% and +10%). This can be explained by the fact that the used noise statistics in the 

EKF were acquired in a corridor (free space area). Therefore, the atrium scenario best represents the 

used noise statistics of the signal than the lab scenario (where the signal propagation is under the 

influence of reflections, multipath and soft-NLOS phenomena). For the atrium scenario and for all 

algorithms, the X component of the RMSE is the predominant source of error in the net RMSE. On the 

other hand, for the lab scenario, the magnitude of both X and Y components are similar, but the Y 

component degrades up to 425% (for the EKF) whereas the X component degradation is 88% (also for 

the EKF). This increase in the RMSE of the Y component can be explained by the obstacles that create 

the soft-NLOS scenarios (machines, metallic cabinets or desk partitions), which are predominant in the Y 

axis. The Taylor Series is the method that experiences the lowest performance degradation when 

comparing both scenarios. However, it is also the method with the worst performance in both scenarios. 

The complete results for the RMSE metric can be consulted in Table 4.8. 

Figure 4.15 and Figure 4.16 illustrate the position estimates of each algorithm for atrium and lab 

scenarios, respectively. Through the analysis of both pictures, it is possible to confirm the gain in accuracy 

and more clearly in precision that the EKF has, in both scenario, when compared with the other 

positioning  algorithms.  The  gain  in  precision  is  even  more  evident  in the points where the ranging  

Table 4.8. Performance comparison of the localization algorithms for the metrics accuracy, precision, 

and RMSE. All localization algorithms are compared for both atrium and lab scenarios and without 

human body interference. 

Scenario 
Accuracy (m) Precision (m) RMSE (m) 

0 50 90 95 99 100 0 50 90 95 99 100 RMSEx RMSEy 
Net 

RMSE 

Analytic Method 

AWBS 0 0.09 0.18 0.22 0.36 0.42 0 0.02 0.05 0.06 0.08 0.15 0.11 0.05 0.12 
LWBS 0 0.09 0.45 0.56 1.22 1.81 0 0.03 0.08 0.23 0.72 1.18 0.19 0.22 0.29 

Least Squares Method 

AWBS 0 0.09 0.18 0.22 0.36 0.42 0 0.02 0.05 0.06 0.08 0.15 0.11 0.05 0.12 
LWBS 0 0.09 0.45 0.56 1.22 1.81 0 0.03 0.08 0.23 0.72 1.18 0.19 0.22 0.29 

Taylor Series Method 

AWBS 0.02 0.16 0.27 0.37 0.46 0.54 0 0.02 0.04 0.05 0.06 0.18 0.17 0.09 0.19 
LWBS 0.02 0.14 0.53 0.7 0.96 1.26 0 0.02 0.07 0.21 0.49 1.14 0.23 0.21 0.31 

EKF Method 

AWBS 0 0.08 0.16 0.2 0.26 0.27 0 0 0.01 0.03 0.06 0.21 0.09 0.04 0.1 
LWBS 0.02 0.08 0.52 0.59 0.68 0.68 0 0 0.02 0.03 0.14 0.64 0.17 0.21 0.28 
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Figure 4.15. Graphical illustration of the 200 position estimates per test point in the atrium scenario 

and without human body interference. (a) Analytical method; (b) Least Squares method; (c) Taylor 

Series Method; and (d) EKF Method. 
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Figure 4.16. Graphical illustration of the 200 position estimates for each test point in the lab scenario 

and without human body interference. (a) Analytical method; (b) Least Squares method; (c) Taylor 

Series Method; and (d) EKF Method. 
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measurements are noisier (0 to 3 m in the X axis and 5 to 7 m in the Y axis, Figure 5). These points 

represent the soft-NLOS scenarios. From 0 to 3 m—in the X axis—the link anchor-tag is blocked by a 

metallic cabinet and from 5 to 7 m—in the Y axis—the link anchor-tag is blocked by a desk partition. In 

Figure 4.16 we can also see the positive bias created by the metallic cabinet. 

Locating Static Devices with Body Influence 

In the second experiment, the proposed positioning algorithms are evaluated for the same scenarios, but 

under the human body influence. In this evaluation, the positioning algorithms are run with the samples 

sets ABS and LBS for the Atrium and Lab scenarios, respectively. Additionally, the performance of the 

positioning algorithms is also evaluated when the NLOS identification and mitigation algorithm (proposed 

in Section 4.2) is applied for the ranging measurements, whose tag-anchor link is under the body 

influence. 

The CDFs of the accuracy error under human body influence, in both atrium and lab scenarios, and with 

or without NLOS mitigation are illustrated in Figure 4.17. It can also be seen that the EKF method provides 

the lowest accuracy error for the majority of the scenarios studied. The only exception occurs when the 

EKF is combined with the NLOS mitigation algorithm in the lab scenario. For this scenario, the 

performance of the EKF method degrades after 85th percentile, making its performance worse than 

without NLOS mitigation algorithm and worse than the other three positioning algorithms. Another 

interesting observation is that unlike the other methods, the performance of the EKF in the 99th percentile 

is better in the atrium (0.7 m with NLOS mitigation and) than the lab (1.77 m without NLOS mitigation). 

The NLOS mitigation algorithm proposed in Section 4.2 proved to successfully improve the localization 

accuracy. This improvement in accuracy was more significant for the analytical and least squares 

methods. However, this error reduction is more evident for lower probabilities. The Taylor Series method 

showed the worst performance in both scenarios and with or without NLOS mitigation for the 99th 

percentile. In Table 4.9, the complete figures of merit of the accuracy for all algorithms in both atrium 

and lab scenarios and with or without NLOS mitigation is presented. 

The CDFs of the precision error under human body influence, in both atrium and lab scenarios, and with 
or without NLOS mitigation are illustrated in Figure 4.18. The best performance for both scenarios is 
achieved  by the EKF  method when the  NLOS  mitigation algorithm is  run. For the  atrium scenario no  
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Figure 4.17. Comparison of the accuracy achieved by each algorithm for static nodes with human body 

interference and with or without NLOS mitigation. The first row represents the accuracy achieved by 

each algorithm in atrium with (a) and without (b) NLOS mitigation. Whereas, the second row represents 

the accuracy achieved by each algorithm in lab with (c) and without (d) NLOS mitigation.  
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Figure 4.18. Comparison of the precision achieved by each algorithm for static nodes with human body 

interference and with or without NLOS mitigation. The first row represents the precision achieved by 

each algorithm in atrium with (a) and without (b) NLOS mitigation. Whereas, the second row represents 

the accuracy achieved by each algorithm in lab with (c) and without (d) NLOS mitigation.  

 

0 0.5 1 1.5
0

0.2

0.4

0.6

0.8

1

Error (m)

(a)

C
D

F

Precision Evaluation of the Localization Algorithms - Atrium Body

 

 

Analytical

Least Squares

Taylor Series

EKF

0 0.5 1 1.5
0

0.2

0.4

0.6

0.8

1

Error (m)

(b)

C
D

F

Precision Evaluation of the Localization Algorithms - Atrium Body with NLOS Mitigation

 

 

Analytical

Least Squares

Taylor Series

EKF

0 0.5 1 1.5
0

0.2

0.4

0.6

0.8

1

Error (m)

(c)

C
D

F

Precision Evaluation of the Localization Algorithms - Lab Body

 

 

Analytical

Least Squares

Taylor Series

EKF

0 0.5 1 1.5
0

0.2

0.4

0.6

0.8

1

Error (m)

(d)

C
D

F

Precision Evaluation of the Localization Algorithms - Lab Body with NLOS Mitigation

 

 

Analytical

Least Squares

Taylor Series

EKF



Chapter 4 

138 

 

improvement is observed when the NLOS mitigation algorithm is applied whereas in the lab scenario an 

improvement of 29% is observed. In Table 4.9, the complete figures of merit of the precision for all 

algorithms in both atrium and lab scenarios, and with or without NLOS mitigation is presented. 

Regarding the RMSE metric, the EKF method also outperforms the other methods in both scenarios. The 

net RMSE of all methods decreases when the NLOS mitigation is used. The only exception occurs with 

the Taylor Series method in the atrium, where the net RMSE slightly increased. Like in the previous 

experiment, the performance improvement of the EKF method is significantly higher for the atrium 

scenario. However, in this experiment is the Y component of the RMSE that is the predominant source of 

error in the net RMSE for the atrium. This happens because of the orientation of the human body during 

the measurement campaign, leading an error propagation in the Y axis. For the lab scenario, the 

magnitudes of X and Y components are similar. The complete results for  the RMSE metric can be 

consulted in Table 4.9. 

Figure 4.19 and Figure 4.20 illustrate the position estimates of each algorithm with and without NLOS 

mitigation for atrium and lab scenarios, respectively. Through the analysis of both pictures, it is possible 

Table 4.9. Performance comparison of the localization algorithms for the metrics accuracy, precision, 

and RMSE. All localization algorithms are compared for both atrium and lab scenarios, with human 

body interference, and with or without NLOS mitigation algorithm. 

Scenario 

Accuracy (m) Precision (m) RMSE (m) 

0 50 90 95 99 100 0 50 90 95 99 100 RMSEx RMSEy 
Net 

RMSE 

Analytic Method 

ABS 0.01 0.79 1.78 2.12 3.13 4.7 0 0.09 0.73 0.94 1.5 2.82 0.08 1.14 1.14 

ABS_M 0 0.46 1.3 1.63 2.61 3.9 0 0.08 0.65 0.85 1.31 2.45 0.07 0.81 0.81 

LBS 0.01 0.56 1.37 1.62 2.13 2.95 0 0.1 0.62 0.81 1.46 2.02 0.7 0.42 0.82 

LBS_M 0 0.39 1.01 1.33 2.02 2.98 0 0.1 0.58 0.74 1.28 1.79 0.49 0.41 0.64 

Least Squares Method 

ABS 0.01 0.79 1.78 2.12 3.13 4.7 0 0.09 0.73 0.94 1.5 2.82 0.08 1.14 1.14 

ABS_M 0 0.46 1.3 1.63 2.61 3.9 0 0.08 0.65 0.85 1.31 2.45 0.07 0.81 0.81 

LBS 0.01 0.56 1.37 1.62 2.13 2.95 0 0.1 0.62 0.81 1.46 2.02 0.7 0.42 0.82 

LBS_M 0 0.39 1.01 1.33 2.02 2.98 0 0.1 0.58 0.74 1.28 1.79 0.49 0.41 0.64 

Taylor Series Method 

ABS 0.04 0.69 1.61 1.74 3.38 6.56 0 0.08 0.6 0.91 2.4 5.83 0.61 0.88 1.07 

ABS_M 0 0.67 1.72 2.07 3.17 4.83 0 0.12 0.88 1.18 1.6 4.43 0.71 0.84 1.1 

LBS 0 0.43 1.36 1.99 3.14 3.67 0 0.09 0.59 0.78 1.82 2.9 0.6 0.65 0.88 

LBS_M 0 0.3 1.13 1.59 2.92 3.42 0 0.09 0.53 0.72 1.49 2.97 0.49 0.55 0.73 

EKF Method 

ABS 0.02 0.12 0.31 0.96 1.18 1.19 0 0.01 0.04 0.06 0.19 0.76 0.08 0.31 0.32 

ABS_M 0.01 0.16 0.52 0.61 0.7 1.01 0 0.01 0.04 0.07 0.19 0.56 0.15 0.24 0.28 

LBS 0.01 0.36 0.87 1.16 1.77 1.78 0 0.02 0.13 0.19 0.49 1.79 0.34 0.47 0.58 

LBS_M 0 0.2 1.22 1.56 1.85 1.86 0 0.02 0.07 0.13 0.38 1.71 0.42 0.4 0.58 
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to confirm the gain in accuracy and more clearly in precision that EKF has, in both scenarios, when 

compared with the other positioning algorithms. Another interesting observation is the propagation of the 

ranging error due to the human body influence. From the analysis of both figures, especially for Analytical 

and Least Squares methods, it is possible to observe that the orientation of the human body has a clear 

effect on the error propagation. For the atrium scenario, the human body is perpendicular to the Y axis 

and the position error propagates in that direction. On the other hand, for the lab scenario, the human 

body is perpendicular to the X axis and the position error also propagates in that direction.  

Locating Mobile Devices with Body Influence 

In the third experiment, the proposed positioning algorithms are evaluated for mobile devices and under 

human body influence. In this evaluation, the positioning algorithms are run with the samples sets ABD 

and LBD for the Atrium and Lab scenarios, respectively. As in the previous test, the  performance of the 

positioning algorithms is also compared when the NLOS identification and mitigation algorithm (proposed 

in Section 4.2 is applied to improve the ranging measurements. 

 
Figure 4.19. Results for the atrium scenario, with human body interference, and with (right) or without 

(left) NLOS mitigation. Analytical method —(a,b); Least Squares method—(c,d); Taylor Series method—

(e,f); and EKF Method—(g,h). 
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Figure 4.21, Figure 4.22, Figure 4.23 and Figure 4.24 represent the position estimates and the user’s 

estimated path during the dynamic tests in atrium (Figure 4.21 and Figure 4.22) and lab (Figure 4.23 

and Figure 4.24). On the left side of the figures (subplots a and c) are illustrated the position estimates 

without running the NLOS identification and error mitigation algorithm and, on the right side, the positi on 

estimates after running the NLOS identification and error mitigation algorithm (subplots b and d). For 

both scenarios, the walked path was designed so that the number of anchor nodes under NLOS condition 

varies between one and two. As can be seen from the figures, when two anchor nodes are in NLOS 

condition (green lines) the performance of all positioning algorithms severely deteriorates. When only one 

anchor node is under NLOS condition, the Analytical and the Least Squares methods perform better than 

the Taylor Series and the EKF methods. However, when the number of anchor nodes in NLOS condition 

increase, the performance of the Taylor Series and the EKF methods is higher. This is especially visible 

in the lab path where only the EKF method has a computed path close to the performed path. Another 

observation that can be drawn from the images is that the performance gain by running the NLOS 

identification and error mitigation algorithm is higher for the Taylor Series and EKF methods.  

  

 

Figure 4.20. Results for the lab scenario, with human body interference, and with (right) or without (left) 

NLOS mitigation. Analytical method —(a,b); Least Squares method—(c,d); Taylor Series method—(e,f); 

and EKF Method—(g,h). 
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Figure 4.21. Atrium Dynamic test with Analytical (a,b) and Least Squares (c,d) methods and with and 

without NLOS identification and mitigation. 
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Figure 4.22. Atrium Dynamic test with Taylor Series (a,b) and EKF (c,d) methods and with and without 

NLOS identification and mitigation. 
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Figure 4.23. Lab Dynamic test with Analytical (a,b) and Least Squares (c,d) methods and with and 

without NLOS identification and mitigation. 
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Figure 4.24. Lab Dynamic test with Taylor Series (a,b) and EKF (c,d) methods and with and without 

NLOS identification and mitigation. 
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4.3.5. Discussion 

UWB is an attractive way to perform localization, especially for IPSs that require an accurate position 

information and high measurement rate. The DW1000 UWB transceiver combines the UWB technology 

with ToA measurements, resulting in high accurate ranging estimates even in strong multipath 

environments. Additionally, it provides long range communication (300 m in LOS and 40 m in NLOS) and 

at an affordable price. 

The EKF method persistently showed the best performance for all the evaluated metrics, for both atrium 

and lab scenarios and with or without human body influence. Although the gain in accuracy is evident, is 

the gain in precision that is really remarkable. For a 99th percentile, the precision reported by the EKF 

method in the worst scenario (lab under the body influence) can be three times lower than the second 

best performing algorithm. Whereas, for a 95th percentile, the precision reported is five times lower. 

Unlike the other methods, the EKF takes the previous estimates into account. This has a smoothing effect 

on the position estimation, making them more stable over the time, which can explain the higher 

performance of the EKF method. 

By comparing the results of the different metrics for all algorithms under the two scenarios evaluated,  the 

negative effect that the furniture and machines have on the performance of the positioning algorithms is 

clear. For the Analytical and Least Squares methods the accuracy worsens more than three times (from 

0.36 to 1.22 m), the precision worsens more than nine times (from 0.08 to 0.72 m) and the RMSE more 

than two times (from 0.12 to 0.29 m). On the other hand, the Taylor Series and the EKF methods are 

more resilient to noisy measurements. Nevertheless, the accuracy degrades more than two times, the 

precision more than two times for the EKF and eight times for the Taylor Series method and the RMSE 

more than two times for the EKF and more than 50% for the Taylor Series. It is clear that the methods 

that account for the noise statistics achieve better results however at the cost of an increased complexity 

and computational requirements. 

When body influence is considered, the performance of all algorithms worsens drastically. For the best 

performing algorithm (EKF) and for the best scenario (atrium), the accuracy error grows from 0.26 to 

1.18 m when no mitigation algorithm is applied and to 0.7 m when the mitigation algorithm proposed is 

used. Another interesting observation is that the error reported in the lab is generally lower than the 
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atrium. This can be explained by the positive impact of the multipath components created by objects and 

furniture in the lab scenario. When a human body blocks the direct path, it can completely block the RF 

propagation and the signal reaches the receiver through the phenomena of creeping waves [160]. 

However, these creeping waves have a lower propagation velocity, inducing an additional delay in the ToA 

estimation and therefore a higher error in the distance estimate. In such scenario, a multipath component 

due to a near object can be received first, resulting in a lower error. 

Regarding the NLOS mitigation algorithm proposed, we can see that the overall performance  of all 

algorithms was improved. The only exception occurred for the EKF method in the lab scenario, which can 

be explained by the used noise statistics. The noise statistics were obtained from the tests carried out in 

an open free space, which do not corresponds with the propagation conditions of the lab scenario. If the 

noise statistics of the lab scenario were used, a performance improvement is expected f or the EKF 

method. However, this will make the performance of the IPS highly dependent on the lab scenario and 

this scenario does not represent all the propagation conditions for indoor environments, making the 

system scenario-dependent and, therefore, it does not comply with the emergency responders’ 

requirements. Although the accuracy of all methods is improved by running the NLOs mitigation 

algorithm—especially for the methods that do not use noise statistics—is the precision that is significantly 

improved (up to 50%). 

Regarding the dynamic tests, the performance of all algorithms degrades as the number of anchor nodes 

under NLOS condition increases. As expected, the best trajectory is provided by the EKF method, which 

is especially visible in the lab scenario. However, when there is only one anchor node in NLOS condition, 

the performance of the Analytical and the Least Squares methods outperforms the EKF method. The 

lower performance of the EKF when compared with the other positioning algorithms can be  explained by 

the low position update rate of the UWB systems (between 1 and 2 Hz). 

Contrary to what was initially expected, the performance of the Taylor Series method was very 

unsatisfying. Especially if we account the increased complexity of this method when compared with the 

Analytical and the Least Squares methods. Its poor performance was even more evident when the body 

influence is accounted, in these scenarios the performance of the Taylor Series method was the worst. 

This poor performance can be explained by the initial estimate guess, obtained from the Analytical 

method. In the presence of noisy measurements, this first estimation will be too far from the true point, 
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therefore, the algorithm will not reach the convergence, resulting in a poorer pos ition estimate. A 

performance gain in the accuracy of the Taylor Series method can be obtained if the covariance matrix is 

tuned for each point. However, this will make the proposed IPS highly dependent on the evaluated 

scenario, which is against the requirements defined for emergency responders. 

The performance of both Analytical and the Least Squares methods is the same in all considered 

scenarios. This was already expected as the only difference between methods is the mathematical 

formulation of the localization problem. The Analytical method is designed to locate tags with only three 

ranging measurements whereas the Least Squares method allows using more than three ranging 

measurements. When more than three ranging measurements are available, the performance of Least 

Squares method is expected to overcome the performance of the Analytical method.  

Other important issues when selecting the localization algorithm of an IPS are its complexity and 

computational requirements. These parameters are important due to the necessary trade-off between 

accuracy and energy consumption. However, since the application is for supporting emergency 

responders, it can be assumed that the IPS only needs to be operational for a few hours, so the complexity 

and computational requirements of the localization algorithm are not necessarily problems in our research 

as long as the gateway-PROTACTICAL has enough computational capabilities to run the positioning 

algorithm. Among all the considered algorithms, the EKF method is the one that requires more 

computational capabilities, followed by the Taylor Series, Least Squares and Analytical methods.  

To keep the complexity of the localization algorithms a low as possible, in this study only the 2D position 

is computed. Since the main goal of knowing the 3D position is to identify which floor the emergency 

responder is, this information can be obtained from sensors like barometers and altimeters. Although the 

accuracy achieved by these sensors is lower than the UWB ranging measurements, it is  enough to comply 

with the emergency responders’ requirements. Additionally, this design choice alleviates the deployment 

woes as the emergency responders have not to concern with the non-coplanarity of the anchor nodes—

requirement for the 3D computation of the positioning algorithms. 

Anchor placement is a very important issue in the algorithms’ performance that has not been addressed 

here. Although the performance of all positioning algorithms has been assessed using a minimum number 

of anchor nodes (three), the anchor nodes have been placed ensuring that there are always three non-
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collinear points. However, in a real deployment by emergency responders, the anchor nodes are more 

likely to be deployed in a trail topology. This different topology may affect the performance and, more 

important, the reliability of the positioning algorithms evaluated. Further tests are required to evaluate the 

impact that this topology may have on algorithms’ performance. A commonly used strategy to increase 

the accuracy and precision of the IPS is to add more anchor nodes. However, if the number of anchor 

nodes is increased, the complexity of the positioning algorithms will also increase, as well as, the energy  

consumption and the network latency and overhead. 

4.4. Conclusions 

In this Chapter, we have been studying the merits of UWB technology for the localization of emergency 

responders. In the first part of this Chapter (Section 4.2), we take a look at individual ranging 

measurements and how they are affected by different propagation conditions. Based on the preliminary 

results, it is possible to observe that the human body creates the biggest error on distance estimation. 

Nevertheless, the human body is the only source of NLOS propagation that can be predicted in an 

unstructured environment. To comply with the strict requirements of an IPS for emergency responders, 

only parameters provided by a COTS UWB transceiver are selected for the NLOS identification and error 

mitigation. With the proposed NLOS identification and error mitigation algorithm, we obtained an accuracy 

of 93% in the NLOS identification and reduced in 60% the standard deviation of the NLOS error after 

mitigation. Additionally, the PDF of the mitigated NLOS error is closer to a white Gaussian distribution, 

which is very important as the majority of the localization algorithms only work with white Gaussian errors. 

In the second part of this Chapter (Section 4.3), four ToA-based positioning algorithms were evaluated 

under different conditions (e.g., environments with different propagation conditions, static and dynamic 

target, and with or without NLOS influence due to the human body). Unlike the performance comparisons 

performed by other works, where tens of ranging measurements are used for the positioning process 

[167], [176]–[178], in this work only three ranging measurements were used to assess the performance 

of the algorithms. This is especially important during the emergency responders’ missions, since the 

availability of radio signals is very low and there is a high demand for a high localization accuracy [12], 

[13], [22], [28], [94]. Among all the evaluated algorithms, the EKF has shown the best results for all 

performance metrics in the static scenarios and when two anchor nodes are in NLOS condition for the 

dynamic tests. However, when only one anchor node is in NLOS condition, the Analytical and the Least 
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Squares methods have a better performance in the dynamic scenarios. The weak performance of the 

Extended Kalman Filter for dynamic tests when only one node is in NLOS condition can be explained by 

the low position update rate of the UWB system (between 1 and 2 Hz), which affects the tracking 

capability. The NLOS identification and error mitigation algorithm also proved to be an effective tool to 

minimize the ranging error due to the human body. This was especially visible during the static tests. 
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Chapter 5  

Pedestrian Dead Reckoning for Emergency 

Responders 

As highlighted during the literature review on IPSs for emergency responders (Chapter 2) PDR is a popular 

method among the researchers on the field. Part of its popularity relies on the fact that this method is 

self-contained (does not require additional sensors or infrastructure), provides continuous position 

estimation, does not have a radiation signature, and can be used anywhere, with different users and for 

any types of motion. However, the major drawback of this method is the drift associated with the IMU 

measurements. The drift adds position and orientation errors that will grow unbounded with time since 

each position is computed based on the previous one. So, the performance of PDR systems highly 

depends on the methods used to bound the drift error. 

In this work, the PDR method was developed and implemented based on the node-PROTACTICAL 6. This 

node is integrated into the WBSN-PROTACTICAL (Table 3.1) and benefits from its distributed architecture 

to compute the emergency responder’s position. This node is composed by a CC2530 microcontroller, 
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an independent power supply, and a triad of accelerometer, gyroscopes and magnetometer. Although the 

magnetometer readings are available from the node, in this work they are not used. 

This chapter starts by providing the theoretical principles of the PDR system, with focus on the coordinate 

systems transformation, orientation estimation, position tracking, drift reduction and the EKF. Then, a 

brief description of the experimental setup is provided as well as the performance metrics used. The 

sensor characterization based on the Allan method is also presented. The PDR system is then evaluated 

based on the scenarios and metrics described in the experimental setup. Finally, we conclude this chapter 

by providing a brief discussion about the proposed PDR system. 

5.1. Introduction PDR Method for a Foot-Mounted IMU based on a Kalman 

Filter 

In the literature, there are two main approaches to compute the displacement of the user based on inertial 

sensors’ data. Although in some publications both approaches are referred as PDR, in this thesis we 

distinguish them as pedometer- and PDR-based approaches (as referred in Section 2.3). As described 

before, the pedometer approach focuses on detecting and counting the steps and then estimate the 

distance travelled by multiplying the steps by a predefined step length or by a user’s specific model [13], 

[40], [74], [179]–[182]. This approach is usually applied to systems that rely on inertial sensors mounted 

on the user’s upper body (e.g., waist, chest and head) or for smartphone-based IPSs. For such systems, 

the kinematic equations to convert the measurements from sensor to navigation coordinate systems are 

too complex and require additional hardware mounted on other body segments. Additionally, this strategy 

requires that the model has to be tuned for the wearer or for the movement type, which makes it 

unsuitable for emergency responders. On the other hand, the PDR approach relies on a foot -mounted 

IMU and estimates the distance travelled based on the IMU’s acceleration measurements converted into 

the navigation or global coordinate system (GCS) and the mechanization equations [86], [96], [183]–

[188]. This was the approach selected for this thesis as it is independent of the user.  

During walking, different parts of the foot are subjected to different acceleration and angular velocity 

magnitudes. So, the placement of the IMU affects the performance of the PDR system and the sensors 

selection [19]. Typically, the IMU can be placed on the heel, on the instep near the toes, on the instep 

near the ankle, and on the ankle [189]. Each location has the following pros and cons: 
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 IMU placed on the heel – reduces the misdetection of small movements that may 

occur during the stance phase but the accelerations can be very high (+20g); 

 IMU placed on the instep near the toes – the accelerations are lower but the 

angular velocity is very high (+1000º/s); 

 IMU placed on the instep near the ankle – good compromise between acceleration 

and angular velocity magnitudes. The IMU can be easily attached to the foot. However, 

the performance of the system can be affected by the misalignment of the node axis with 

the direction of the movement; 

 IMU placed on the ankle – best compromise between acceleration and angular 

velocity magnitudes. However, the performance of the system suffer from the 

misalignment of the node axis with the direction of the movement. 

In this thesis, as a proof of concept, the IMU was placed on the instep of the foot, near the ankle, and 

was fastened to the shoe by the shoe’s laces, as illustrated in Figure 5.1 In this subsection, the theoretical 

foundations on how to track a person based on foot-mounted inertial sensors are introduced and 

discussed. 

5.1.1. Coordinate Systems and Transformation 

As can be seen in Figure 5.1, the coordinate system of the IMU does not match with the navigation 

coordinate system. So, to track the user it is necessary to convert the measured accelerations from the 

local coordinate system (LCS) to the GCS. Direction cosine matrix (DCM), Euler angles or quaternions are 

 

Figure 5.1. Global and Local coordinator systems. 
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all equivalent ways of representing the rotation from LCS to GCS [183]. In this thesis, we have selected 

the DCM representation to track the orientation of the IMU. 

The DCM is obtained based on the roll (ϕ), pitch (θ) and yaw (ψ) rotations matrices. The ϕ, θ, and ψ 

angles are a particular type of Euler angles. Each matrix represents a rotation on a GCS axis and the DCM 

is constructed by three sequential rotations. To convert the IMU measurements from the LCS to GCS, it 

is necessary to perform a rotation sequence in Z, Y, and X axis. The resulting DCM is:  

  𝑹𝒛𝒚𝒙 = (
cos𝜃 cos𝜓 sin𝜙 sin𝜃cos𝜓 − cos𝜙 sin𝜓 cos𝜙sin𝜃 cos𝜓+ sin𝜙 sin𝜓
cos𝜃 sin𝜓 sin𝜙 sin𝜃 sin𝜓 + cos𝜙 cos𝜓 cos𝜙sin𝜃 sin𝜓− sin𝜙 cos𝜓
−sin𝜃 sin𝜙cos𝜃 cos𝜙cos 𝜃

) (5.1) 

5.1.2. Orientation Estimation 

The orientation of a moving object can be tracked based on the measurements acquired from the  

gyroscope embedded on the node-PROTACTICAL 6. For each sampling period, the angular velocity vector 

𝝎𝒌 = [𝜔𝑥𝑘 𝜔𝑦𝑘
𝜔𝑧𝑘]𝑇, measured from the gyroscope, is integrated and the orientation is updated 

as [96], [185]: 

  𝑪𝒌 = 𝑪𝒌−𝟏 ∙ (
2𝐈3×3 + 𝛀𝒌 ∙ ∆𝑡

2𝐈3×3 − 𝛀𝒌 ∙ ∆𝑡
) (5.2) 

where 𝑪𝒌 is the rotation matrix that transforms the IMU measurements from the LCS to GCS. This matrix 

is updated with the gyroscopes readings at time 𝑘. 𝑪𝒌−𝟏 is the last rotation matrix available, which is 

initialised as 𝑹𝒛𝒚𝒙  after the system start-up. 𝐈3×3  is a 3 by 3 identity matrix. 𝛀𝒌 is the skew symmetric 

matrix for angular rates. This matrix is used to express the small angular increments in orien tation 

between time 𝑘 and 𝑘 − 1. This approximation is only valid if ∆𝑡 is very small so, the variations in roll, 

pitch, and yaw are also small. 𝛀𝒌 is defined as: 
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 𝛀𝒌 = [

0 −𝜔𝑧𝑘
𝜔𝑦𝑘

𝜔𝑧𝑘
0 −𝜔𝑥𝑘

−𝜔𝑦𝑘
𝜔𝑥𝑘

0
] (5.3) 

As the angular velocities are acquired in the IMU frame, for practical implementations, the term 𝑪𝒌−𝟏 

has to be post-multiplied by the term that represents the small change in orientation.  

5.1.3. Position Tracking 

After updating the DCM with the small changes in orientation at the time 𝑘, the acceleration vector 

𝒂𝒌
𝑳𝑪𝑺 = [𝑎𝑥𝑘

𝐿𝐶𝑆 𝑎𝑦𝑘
𝐿𝐶𝑆 𝑎𝑧𝑘

𝐿𝐶𝑆]
𝑇
 measured in the LCS can be projected into an acceleration vector 

𝒂𝒌
𝑮𝑪𝑺 = [𝑎𝑥𝑘

𝐺𝐶𝑆 𝑎𝑦𝑘
𝐺𝐶𝑆 𝑎𝑧𝑘

𝐺𝐶𝑆 ]
𝑇
 in the GCS as following: 

 𝐚𝐤
𝐆𝐂𝐒 =

(𝑪𝒌 +𝑪𝒌−𝟏)

2
∙ 𝐚𝐤

𝐋𝐂𝐒  (5.4) 

 As a rough estimation, the 𝐚𝐤
𝐆𝐂𝐒  is calculated as an average from the previous and the current orientation. 

This strategy was adopted as 𝐚𝐤
𝐋𝐂𝐒  refers to the sensed accelerations during 𝑘 − 1 and 𝑘 [96]. 

After converting the sensed accelerations into GCS, the next step is to remove the acceleration of gravity 

and estimate the global velocity 𝐯𝒌. 𝐯𝒌 is calculated based on the trapezoidal method of integration: 

 𝐯𝒌 = 𝐯𝒌−𝟏 + (
(𝒂𝒌

𝑮𝑪𝑺 − [0 0  ]𝑇) + (𝒂𝒌−𝟏
𝑮𝑪𝑺 − [0 0  ]𝑇)

2
) ∆𝑡 (5.5) 

where v𝑘−1 is the previous velocity and   represents the acceleration of gravity (9.81 m/s2), which is 

constant throughout the experiments. 

Using the same integration method, the displacement of the pedestrian is obtained as follows:  
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 𝐫𝒌 = 𝐫𝒌−𝟏 + (
𝐯𝒌 + 𝐯𝒌−𝟏

2
)∆𝑡 (5.6) 

where 𝐫𝒌−𝟏 is the previous position. 

5.1.1. Drift Reduction 

A distinctive feature of the PDR-based IPSs is the capability of continuously estimate the user’s position 

without infrastructure requirements. However, to comply with the cost, size, and weight requirements of 

pedestrian applications, these systems are developed with low-cost inertial sensors that are susceptible 

to drift errors. Although drift is present in almost every sensor, for the localization field its influence is very 

critical because the drift will be integrated to obtain the displacement and orientation from both 

acceleration and angular velocity, respectively. Without a strategy to control the inertial sensors’ drift, the 

positioning error will grow exponentially with time. So, methods to control the drift integration are required. 

Two main approaches are used to control the drift integration in a PDR system, the heading and the 

position and velocity corrections. Typically, the gait cycle is divided into stance and swing phases (Figure 

5.2) [86], [96], [183], [189]. The stance phase is defined by the time when the heel strikes on the ground 

to the time when the toe, of the same foot, leaves the ground. During this phase, the  velocity of the foot 

regarding the GCS is zero and its duration depends on the pedestrian and the movement. However, the 

stance phase is present in all typical movements [19]. The swing phase represents the moment when 

the foot is off the ground. Based on these characteristics of the gait cycle, the methods for position and 

velocity correction focus on the detection of the stance phase to apply the ZUPT. The ZUTP method aims 

 

Figure 5.2. Different phase of the gait cycle [193]. 
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to control the drift associated with the acceleration readings. Although these methods result in a huge 

performance improvement, they still lack in a robust method to detect the stance phase in all movements. 

On the other hand, the heading corrections aim to control the drift associated with the angular velocity 

readings. Zero angular rate update (ZARU), heuristic heading reduction (HDR), and electronic compass 

are examples of heading corrections techniques [185]. Like ZUPT, ZARU also relies on the detection of 

the stance phase to estimate the error in the angular rate. However, during the heel strike and toe off 

phases, the foot of the pedestrian experiences some heading changes that are not captured if the ZARU 

is applied [96]. So, for applications with irregular movement patterns (like the emergency responders 

operations), the ZARU technique can decrease the system’s performance. Like ZARU, HDR is also affected 

by irregular movement patterns, therefore, this technique is not suitable for emergency responders’ IPSs. 

Finally, the electronic compass technique is also inadequate for indoor scenarios due to the severe 

magnetic disturbances [19], [96]. Moreover, all the heading corrections techniques considerably increase 

the complexity of the data fusion algorithm as more parameters have to be tracked [185], [189]. This 

increases the matrices dimensions used for the data fusion algorithm, which increases the computational 

resources required to track the position of the pedestrian in real -time. I.e., the maximum matrix 

dimensions for an EKF with ZUPT and an EKF with ZUPT and heading corrections are 9x9 and 15x15, 

respectively. For these reasons, only the ZUPT technique is used to mitigate the drift of inertial sensors.  

As highlighted before, the detection of the stance phase has a high impact on the PDR performance [19], 

[189]. If the heel strike is detected too soon, the system will underestimate the displacement and it will 

overestimate it if the heel strike is detected too late. The same performance degradation is verified in 

orientation estimation. Different approaches have been investigated to detect the stance phase. Based 

on the provenance of information used to detect the ZUPT, these approaches can be categorized as self-

contained or external-aided. 

The external-aided ZUPT approaches rely on information provided by external sensors to detect the stance 

phase. Examples of such sensors are piezoelectric pressure sensors [190] and low-power radars [191]. 

However, despite the increase in cost, complexity, and synchronization effort, the pe rformance 

improvement in the stance detection is minimal [19]. On the other hand, self-contained approaches detect 

the stance phase based on the data acquired from the inertial sensors. These can be split into threshold-

based and probabilistic approaches. The former detects the ZUPT by applying thresholds to one or several 

parameters (e.g., the norm of acceleration, the norm of angular rate, acceleration variance, and time 
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period) [19], [86], [96], [181], [183], [185], [192]. If several parameters are selected, a logical “AND” is 

used to detect the ZUPT. The detection of the different states of a gait cycle through state machines is 

another example of threshold-based approaches [193]. Probabilistic approaches focus on the statistical 

analysis of the IMU data for ZUPT detection. Likelihood ratio test [190] and HMM [194]–[196] are 

examples of probabilistic approaches. Although these approaches outperform the threshold-based, their 

complexity and computational requirements are unsuitable for the distributed architecture designed for 

the PPE in Chapter 3. Moreover, the diversity of classes of movements used by emergency responders 

raises another challenge in adopting such techniques. Probabilistic approaches are only used with simple 

movements (e.g., slow, normal, and fast walking and running). 

In this work, the zero-velocity moment is detected based on a threshold-based approach. This approach 

was selected because of the real-time requirements of the IPS, the architecture-constraints of the WBSN-

PROTACTICAL of the PPE, and the diversity of the movements performed by emergency responders. As 

shown in Figure 5.3 and Figure 5.4, the stance phases – represented in the figures by the periods when 

the signal waveforms are almost stationary – can be determined from the data of both accelerometers 

and gyroscopes. It can also be observed that the waveforms of the gyroscope outputs are smoother than 

the accelerometer outputs, especially the angular velocity in 𝑦 and 𝑧 axes. In this work, the 𝑦-axis angular 

velocity is used for the zero-velocity detection as it has a higher amplitude than the 𝑧-axis. However, as 

can be seen in Figure 5.4, during the swing phases there are some zero-crossings that can be mistakenly 

 

Figure 5.3. Measured acceleration during normal walking. 
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judged as stance phase. If these zero-crossings are considered as stance phases, the error in both 

displacement and orientation will increase. So, a stance phase is validated every time the magnitude of 

angular velocity in 𝑦-axis is within the threshold for a certain period of time. Otherwise, the stride is in a 

swing phase and the position and orientation are incrementally computed. 

The two conditions for the zero-velocity detection have to be satisfied simultaneously, through a logical 

“AND”, and are mathematically expressed as: 

 {
|𝜔𝑦𝑘

| ≤ 𝑡 𝜔𝑦𝑚𝑎𝑥
, 𝑠𝑡𝑎 𝑐𝑒

𝑜𝑡 𝑒𝑟𝑠,                             𝑠𝑤𝑖  
 (5.7) 

 {
∆𝑇 > 𝑡 𝑇𝑚𝑖𝑛

, 𝑠𝑡𝑎 𝑐𝑒

𝑜𝑡 𝑒𝑟𝑠,                   𝑠𝑤𝑖  
 (5.8) 

where |𝜔𝑦𝑘
| is the magnitude of angular velocity in 𝑦-axis, 𝑡 𝜔𝑦𝑚𝑎𝑥

 and 𝑡 𝑇𝑚𝑖𝑛
 are the empirical 

thresholds for angular velocity and minimum stance duration, respectively. ∆𝑇 is the stance duration. 

 

Figure 5.4. Measured angular velocity during normal walking. 
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5.1.2. Extended Kalman Filter 

The performance of the strapdown inertial navigation system (INS) described above can be enhanced 

through a ZUPT aided EKF. In such system, the EKF is used to estimate the error states based on the 

IMU measurements acquired during the zero-velocity period and to correct the velocity, position and 

heading. The error state vector of the proposed PDR system at time 𝑘 contains 9 elements and is defined 

as follows: 

 δ𝐱𝑘 = [δ𝛗k, δ𝐫k, δ𝐯k]
𝑇 (5.9) 

where 𝛿𝝋𝑘 , 𝛿𝒓𝑘 , 𝛿𝒗𝑘  are the attitude, position, and velocity errors in the GCS, respectively. During the 

prediction stage, the linearized state transition model is given as follows:  

 δ𝐱k = 𝐅kδ𝐱k−1 +𝐰k−1 (5.10) 

where δ𝐱k and δ𝐱k−1 represent the current and the previous error states vector, respectively. 𝐰k−1 is 

the process noise with covariance matrix 𝐐𝑘 . 𝐅k  is a 9×9 state transition matrix: 

 𝐅k = [

𝐈3×3 𝐎3×3 𝐎3×3

𝐎3×3 𝐈3×3 𝐈3×3∆𝑡
−𝐒k∆𝑡 𝐎3×3 𝐈3×3

] (5.11) 

where 𝐈3×3 is an identity matrix, 𝐎3×3 is a zero matrix and ∆𝑡 is the time step between the current and 

the previous IMU measurement. 𝐒k is the skew-symmetric matrix constructed from the accelerations in 

the GCS that allows the EKF to act as an inclinometer and estimate the attitude of the sensor. This matrix 

is given as follows: 

 𝐒k = [

0 −𝑎𝑧𝑘
𝐺𝐶𝑆 𝑎𝑦𝑘

𝐺𝐶𝑆

𝑎𝑧𝑘
𝐺𝐶𝑆 0 −𝑎𝑥𝑘

𝐺𝐶𝑆

−𝑎𝑦𝑘
𝐺𝐶𝑆 𝑎𝑥𝑘

𝐺𝐶𝑆 0

] (5.12) 
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The measurement model is given as: 

 𝐙k = 𝐇 δ𝐱k + 𝐯k  (5.13) 

where 𝐙k is the error measurements, 𝐇 is the measurement matrix, and 𝐯k is the measurement noise 

whose covariance is 𝐑k. Since a ZUPT aided EKF is proposed, the measurement matrix 𝐇 is given as 

follows: 

 𝐇 = [𝐎3×3 𝐎3×3 𝐈3×3] (5.14) 

Based on the models described above, the ZUPT aided EKF tracks the user’s position based on two 

different stages: prediction and update. 

Prediction Stage: 

During the prediction stage, the position of the user is estimated as a conventional strapdown INS and 

the ZUPT aided EKF only estimates the error covariance matrix (𝐏𝑘
−), which is given as follows: 

 𝐏𝑘
− = 𝐅k𝐏k−1𝐅𝑘

𝑇 + 𝐐𝑘  (5.15) 

Update Stage: 

As soon as zero-velocity is detected, the update stage can be applied. In this stage, the IMU readings are 

assumed to be measurement noise and the EKF uses them to correct the velocity, position and attitude. 

So, the error states vector δ𝐱k is updated as follows: 

 δ𝐱k = δ𝐱k−1 +𝐊𝑘 ∙ [𝐙k −𝐇δ𝐱k−1] (5.16) 

where δ𝐱k−1 is the predicted error states vector and 𝐊𝑘  is the Kalman gain, which is given as follows: 
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 𝐊𝑘 = 𝐏𝑘
−𝐇𝑇(𝐇𝐏𝑘

−𝐇𝑇 +𝐑𝑘)
−1 (5.17) 

The result of δ𝐱k is used to compensate the attitude, position and velocity of the PDR system. The last 

step ZUTP aided EKF is the update of the error covariance as follows: 

 𝐏k = (𝐈9×9 − 𝐊𝑘𝐇)𝐏𝑘
− (5.18) 

Figure 5.5 illustrates the basic principle of operation of the ZUPT aided EKF implemented in this work. 

5.2. Description of Experiments 

5.2.1. Performance Metrics 

One of the main obstacles that researchers face while developing a PDR system is the performance 

evaluation of their system. Since such systems cover wide operative areas, obtaining a detailed, with both 

position and timestamps, ground truth, is very challenging. Moreover, even when a detailed ground truth 

is available, aligning it with the estimated path, and computing the position errors is a time-consuming 

task that is prone to induce additional errors to the system. So, to provide a fair assessment of the IPS 

 

Figure 5.5. Illustration of the ZUPT Aided EKF implemented for the PDR system. 
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performance, researchers have been using the following metrics [96]: the qualitative assessment of the 

path; the Euclidean distance between the starting point and ending point; and computing the total 

distance travelled. 

Qualitative assessment of the path 

The simplest way to assess the performance of a PDR system is to qualitatively compare the estimated 

path in the coordinate space with a predefined trajectory. This strategy implies that the users have to 

follow a predefined path and, therefore, restricts the users’ freedom of movements. This metric is used 

to evaluate the influence of the heading errors as well as the system’s capability to identify users’ heading 

changes. 

Euclidean distance between the starting and ending points 

The Euclidean distance metric is usually applied for closed loop paths, i.e. the starting point and ending 

point are the same. However, if the coordinates of the final position are given, it can also be used with 

other path configurations. Smaller Euclidean distance indicates less drift and higher system performance. 

This metric can be computed as absolute or relative average error. The absolute average error (𝐸𝑎) is 

computed as follows: 

  𝐸𝑎 =
1

 
∑√(𝑥𝑓𝑖𝑛𝑎𝑙,𝑖 − 𝑥𝑠𝑡𝑎𝑟𝑡)

2
+ (𝑦𝑓𝑖𝑛𝑎𝑙 ,𝑖 − 𝑦𝑠𝑡𝑎𝑟𝑡)

2
𝑛

𝑖=1

 (5.19) 

where   is the number of experiments performed, (𝑥𝑓𝑖𝑛𝑎𝑙,𝑖 , 𝑦𝑓𝑖𝑛𝑎𝑙,𝑖) are the Cartesian coordinates 

estimates at the end of experiment 𝑖, and (𝑥𝑠𝑡𝑎𝑟𝑡, 𝑦𝑠𝑡𝑎𝑟𝑡) are the Cartesian coordinates at the beginning 

of the experiment, which are usually (0,0). 

On the other hand, the relative average error (𝐸𝑟 ) expresses the average error as a percentage of the 

total distance travelled (𝐷𝑇) and is given as: 
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 𝐸𝑟 =
𝐸𝑎
𝐷𝑇

×100 (5.20) 

Since there are different requirements for horizontal and vertical errors, the error in the z-axis is computed 

separately but follows the same procedure.  

Total distance travelled 

This metric is very useful to evaluate the effectiveness of the ZUPT technique to control the accelerometer 

drift as it does not account for heading errors. Like the previous metric, the total distance travelled can 

be expressed as an absolute or relative average error. The absolute average error for the total distance 

(𝐸𝑎𝐷𝑇) is computed as follows: 

 𝐸𝑎𝐷𝑇 =
1

 
∑|𝐷𝑒,𝑖 −𝐷𝑇|

𝑛

𝑖=1

 (5.21) 

where   is the number of experiments performed, 𝐷𝑒,𝑖 is total distance travelled estimated at trial 𝑖, and 

𝐷𝑇 is the true total distance. 

On the other hand, the relative average error for the total distance (𝐸𝑟𝐷𝑇 ) is computed as follows: 

 𝐸𝑟𝐷𝑇 =
𝐸𝑎𝐷𝑇
𝐷𝑇

× 100 (5.22) 

The main advantage of computing the relative errors is that it allows a fair comparison of the proposed 

PDR system with others systems. 

5.2.1. Experimental Setup 

According to the metrics described above, a set of experiments was conducted to assess the performance 

of the PDR system described in the previous section. In these experiments, the node-PROTACTICAL 6, 
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described in Section 3.3.4, is used to collect raw data from the IMU at a frequency of 100 Hz. The raw 

data is sent to a laptop via ZigBee for later processing. The PDR system is implemented in MATLAB and 

run offline. The full scale of the triaxial accelerometers and gyroscopes were set to 16g and 2000 º/s, 

respectively. These ranges were chosen to guarantee that the sensor output does not saturate during the 

experiments. 

In this work, a minimalist calibration is performed to guarantee the practicability of the proposed PDR 

system in a real scenario. So, only the gyroscope bias is estimated based on averaging the gyroscope 

outputs for 30 s, while the sensor is static and before performing an experiment. Additionally, to handle 

with the temperature effect, the sensor was powered on for at least 5 minutes before data collection. This 

aims to guarantee that the working temperature is achieved and the temperature effect is minimized. We 

believe that both assumptions are realistic during emergency responders’ scenarios. However, during 

urban fires, the environmental temperature is expected to vary significantly. Therefore, further studies are 

required to assess the impact of external temperature on sensors performance.  

Figure 5.6 illustrates the footprint of the building floor where the experiments are carried out as well as 

the five different tracks conceived to assess the PDR system performance. These tracks include a straight 

line test, three 2D closed loops and one 3D closed loop. Each track has a different goal: the straight line 

test was designed to evaluate the heading drift of the proposed PDR system; the 2D closed loops to 

evaluate how the system responds to heading changes; and the 3D closed loop to evaluate how the 

 

Figure 5.6. Footprint of the experimental setup with the five predefined tracks performed by the 

subjects. 
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system reacts to vertical changes (part of the track include stairs). For each track, five independent runs 

were performed by two volunteers under normal walking. The lab (orange line) and atrium (red dashed 

line) tracks were performed by only one person. These tracks aim to compare the performance of the 

PDR system with the UWB system proposed in the previous chapter. 

Table 5.1 summarizes the total distance walked in each track. The true distance of each track was obtained 

by the digital laser rangefinder DLE 50 PROFESSIONAL from Bosch [164]. 

5.2.2. Sensor Characterization 

The performance of a PDR system is inherently dependent on the reliability of the raw data provided by 

inertial sensors. A high data rate is also required to capture all the different features of the gait cycle. So, 

a precise PDR system requires a high-performance IMU (low sensor drift and high data rate, bandwidth 

and linearity) with small dimensions and wireless communications capabilities. However, the 

commercially available IMUs with higher performance have large dimensions and only provide wired 

communications. Therefore, the node-PROTACTICAL 6 was designed and developed to comply with the 

requirements of IPSs for emergency responders. 

Bias-drift and noise are key parameters to assess the performance of an IMU. So, the Allan variance test 

is performed to quantify these sources of error that affect the performance of a PDR system [197]. This 

is a very popular method for identifying and quantifying five basic noise terms (quantization noise, angle 

random walk, bias instability, rate random walk, and rate ramp) present in the inertial sensors data. The 

Allan deviation method is computed as the square root of the Allan variance and is used to analyse time 

domain signals like acceleration or angular velocity. By applying the Allan deviation method, the 

parameters of interest can be directly read from a log-log plot. Each noise term has a unique slope and 

Table 5.1. Summary of the tracks conceived to evaluate the PDR system. 

Track Designation No. Floors Identification Line 
Total Distance 

(m) 
Environment 

Straight Line 1 Green Line 44 Indoor 

2D Closed Loop – Lab 1 Orange Line 22.64 Indoor 

2D Closed Loop – Atrium 1 Red Dashed Line 29.04 Indoor 

2D Closed Loop – Extended 1 Blue Dotted Line 141.15 
Indoor and 

Outdoor 

3D Closed Loop 2 Black Line 81.66 Indoor 

 



Pedestrian Dead Reckoning for Emergency Responders 

165 
 

appears in different regions of the plot. Typically, for a MEMS device, the noise terms of interest are the 

random walk and the bias instability. The random walk is obtained by reading the Allan deviation value 

when t=1s. This value represents the measurement noise. The bias instability is given by the minimum 

value on the plot. This value represents how the bias of an inertial sensor changes over a certain period 

of time at constant temperature. To perform the Allan deviation test, measurements from the 3 -axis of 

both accelerometer and gyroscope were acquired during 8 hours at a frequency of 100 Hz. During this 

test the sensor was kept stationary. Figure 5.7 and Figure 5.8 show the Allan deviation plot for the 

accelerometer and gyroscope, respectively. The values of random walk and bias instability are 

summarized in Table 5.2. 

When compared with other works [109], the values of random walk and bias instability are higher. 

However, these values were obtained with the maximum measurement range of the accelerometer and 

gyroscope selected. For other measurement ranges, these values are expected to be lower. Since these 

 

Figure 5.7. Allan deviation curve for each axis of the accelerometer sensor. 
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Table 5.2. Random walk and bias instability obtained by the Allan deviation test. 

Sensor Axis Random Walk Bias Instability 

Accelerometer 

LSM330DLC 

X 0.0179 m/s2 0.0022 m/s2 (135 s) 

Y 0.0181 m/s2 0.0021 m/s2 (196 s) 

Z 0.0198 m/s2 0.0024 m/s2 (126 s) 

Gyroscope 

LSM330DLC 

X 0.0362 º/s 0.0168 º/s (26 s) 

Y 0.0249 º/s 0.0027 º/s (262 s) 

Z 0.0229 º/s 0.0048 º/s (145 s) 
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values represent the best-case scenario of the IMU performance, they can be used as an initial 

approximation to construct the process noise matrix. 

5.2.3. EKF Initialization 

The PDR system described in the previous section has to be initialized before starting the tracking. To 

make the system as generic as possible, the tuning of the EKF parameters is kept as simple as possible. 

A further tuning is likely to produce better results but will make the performance of the system wearer- or 

scenario-dependent. Table 5.3 gives a list of the parameters used during the evaluation of the PDR 

system. The initialization process assumes that the IMU is stationary. If this condition is not met, the 

performance of the PDR system is likely to worsen. 

5.3. Evaluation 

In this section, the performance of the proposed PDR system is assessed based on the performance 

metrics and experimental setup defined above. The node-PROTACTICAL 6 was mounted at the instep of 

the right foot of two healthy subjects. After placing the node on the subject’s shoe, with the help of the 

shoe laces, the subjects were asked to perform the paths conceived for the system evaluation Table 5.4 

shows the main characteristics of the subjects. 

 

Figure 5.8. Allan deviation curve for each axis of the gyroscope sensor. 
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5.3.1. Straight Line Test 

The straight line test aims to evaluate the drift in the orientation estimation. Since each subject walked in 

a straight line and no turns were allowed, the drift in the orientation estimation is given by y component 

of the final position estimation. I.e., under perfect conditions, the y value of the final position coordinate 

should be zero (no drift in orientation). 

Figure 5.9 shows the estimated paths for both subjects during the experiments in the straight line test. 

The corresponding performance assessment based on the metrics defined above are shown in Table 5.5 

Based on the visual analysis of the plots, it is possible to observe the negative impact of the orientation 

drift for both subjects. At the end of the experiment, the drift in the orientation estimation can reach up 

to 2m (measured by the y-coordinate of the final position estimate). Consequently, this orientation drift  

Table 5.3. PDR system parameter values. 

Name Notation Value 

Time step ∆𝑡 0.01 s 

Gravity   9.81 m/s2 

Measurement noise Covariance 𝐑k 𝑑𝑖𝑎 [𝜎𝑣 𝜎𝑣 𝜎𝑣] 

Measurement noise 𝜎𝑣 0.01 m/s 

Process noise covariance 𝐐𝑘 𝑑𝑖𝑎 ([𝜎𝑤 𝜎𝑤 𝜎𝑤 0 0 0 𝜎𝑎 𝜎𝑎 𝜎𝑎]× ∆𝑡)2 

Gyroscope noise 𝜎𝑤 0.01 rad/s 
Accelerometer noise 𝜎𝑎 0.08 m/s2 

Initial position 𝐩 [0 0 0]𝑇 

Initial velocity 𝐯 [0 0 0]𝑇 

Initial error covariance 𝐏k−1 𝐎9×9 

Initial rotation matrix 𝑹𝒛𝒚𝒙 (
cos𝜃 sin𝜙 sin𝜃 cos𝜙sin𝜃
0 cos𝜙 − sin𝜙

−sin𝜃 sin𝜙 cos𝜃 cos𝜙cos𝜃
) 

Roll ϕ 𝑎𝑟𝑐𝑡𝑎 (𝑎𝑦
𝐿𝐶𝑆/𝑎𝑧

𝐿𝐶𝑆) 

Pitch θ −𝑎𝑟𝑐𝑠𝑖 (𝑎𝑥
𝐿𝐶𝑆/ ) 

Yaw ψ 0 

Gyroscope ZUPT detection threshold 𝑡 𝜔𝑦𝑚𝑎𝑥
 0.55 rad/s 

Gyroscope ZUPT minimum duration 

threshold 
𝑡 𝑇𝑚𝑖𝑛

 0.03 s 

 

Table 5.4. Characteristics of the subjects. 

Subject Age (Years) Weight (kg) Height (m) Gender (M/F) 

Subject A 29 66 1.68 M 

Subject B 32 88 1.71 M 
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will have a negative impact on the 𝐸𝑎, as can be seen in Table 5.5. 𝐸𝑎𝐷𝑇 is also relatively high and can 

reach up to 11% of the total distance travelled (for subject B). 𝐸𝑎𝑧 is kept below 2% for both subjects. 

5.3.2. 2D Closed Loop 

Closed loops are a common experiment carried out by researchers in the field to evaluate the performance 

of their system. These experiments are very popular among the researchers because of their simplicity in 

the performance assessment. Since the starting and ending points are the same, the drift of the system 

can be easily computed through the 𝐸𝑎 metric. The main drawback of this method is that the system 

performance will usually be evaluated at only one point. However, this kind of experiments reduces 

 

Figure 5.9. Estimated paths for the experiments performed by Subject A (a) and Subject B (b) for the 

Straight Line scenario. 
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Table 5.5. Performance assessment of the PDR system under the straight line test. 

Subject 𝐸𝑎(m)  𝐸𝑟(%) 𝐸𝑎𝑧(m) 𝐸𝑟𝑧(%) 𝐸𝑎𝐷𝑇(m) 𝐸𝑟𝐷𝑇 (%) 

Subject A 4.56 10.37 0.49 1.12 3.11 7.08 

Subject B 6.57 14.93 0.74 1.67 5.01 11.38 
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considerably the complexity and setup time of the experiments and allows researchers to evaluate their 

system in a wide variety of scenarios with different durations and distances. Unlike the previous 

experiment, a closed loop experiment also allows evaluating how well a system responds to changes in 

the movement direction. 

Figure 5.10, Figure 5.11 and Figure 5.12 show the estimated paths obtained for the atrium, lab and 

extended 2D closed loops, respectively. Each scenario imposes different challenges on the PDR system 

as they have different length, duration time and turns. Generally, the system responds very well to changes 

in the walking direction as the estimated paths are very close to the travelled path. Even in the Lab 

scenario (Figure 5.11), where the subject performs a series of four consecutive turns in an area of 1 

square meter, the estimated paths are close to the travelled path. Nevertheless, the performance of the 

PDR system in the lab scenario is worse than in the other scenarios. Is it also worthy to mention that even 

the small changes in the walking direction during the extended path can be seen in Figure 5.12. The 

performance of the PDR system for the different 2D closed loops experiments is summarized in Table 

5.6. During all the experiments, the vertical error was below 1% of the total distance travelled. 

  

 

Figure 5.10. Estimated paths for the experiments performed by Subject A in the Atrium 2D Closed Loop 

scenario. 
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Figure 5.11. Estimated paths for the experiments performed by Subject A in the Lab 2D Closed Loop 

scenario. 
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Figure 5.12. Estimated paths for the experiments performed by Subject A (a) and Subject B (b) in the 

Extended 2D Closed Loop scenario. 
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5.3.3. 3D Closed Loop 

The last experiment aims to evaluate the PDR system when changes in the vertical position occur. In this 

experiment, the subjects walked in a straight line along a corridor until they reach the stairs then, they 

turn right and go upstairs. When they arrive at the top of the stairs, they turn right and walk in a straight 

line along a corridor. When they reach the next stairs, they turn right and go downstairs. At the bottom of 

the stairs, they do another turn to the right and two more steps until they reach the starting point. With 

this setup, it is possible to evaluate the performance of the PDR system both up and down stairs (Figure 

5.14). Figure 5.13 shows the estimated 2D paths of both subjects during the 3D closed loop experiment. 

As it can be seen from the figure, the performance of the system severely worsens for subject B. Especially 

when the subject is descending the stairs. This may be associated with some user -specific motion pattern 

while descending the stairs that the system cannot compensate. Figure 5.14 shows the estimated 3D 

path for an experiment of the subject A and the respective altitude plot. In spite of the vertical error 

observed, the stairs are clearly visible in both plots. Table 5.7 summarizes the system performance for 

both subjects during the 3D closed loop experiment. 

Table 5.6. Performance assessment of the PDR system under lab, atrium, and extended 2D closed 

loops.  

Subject 𝐸𝑎(m)  𝐸𝑟(%) 𝐸𝑎𝑧(m) 𝐸𝑟𝑧(%) 𝐸𝑎𝐷𝑇(m) 𝐸𝑟𝐷𝑇 (%) 

Lab 

Subject A 2.24 9.89 0.21 0.94 3.78 16.68 

Atrium 

Subject A 1.01 3.49 0.12 0.41 0.76 2.60 

Extended 

Subject A 5.78 4.09 0.63 0.44 13.95 9.88 

Subject B 6.96 4.93 0.73 0.52 24.40 17.29 

 

Table 5.7. Performance assessment of the PDR system under 3D closed loop. 

Subject 𝐸𝑎(m)  𝐸𝑟(%) 𝐸𝑎𝑧(m) 𝐸𝑟𝑧(%) 𝐸𝑎𝐷𝑇(m) 𝐸𝑟𝐷𝑇 (%) 

Subject A 2.94 3.61 1.77 2.17 4.72 5.78 

Subject B 7.83 9.59 1.45 1.78 14.07 17.23 
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5.4. Discussion 

IMU-based systems are an attractive research branch within the indoor localization field as they provide 

a self-contained solution with continuous position estimation at an affordable price. Besides providing the 

user’s position, the IMU-based systems also offer tracking capabilities, which is an indispensable feature 

in IPSs for emergency responders. Additionally, with the technologic advances on MEMS-based IMUs, 

 

Figure 5.14. Estimated 3D path (a) and altitude (b) for Subject A during an experiment. 
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Figure 5.13. Estimated paths for the experiments performed by Subject A (a) and Subject B (b) in the 

3D Closed Loop scenario. 
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which lead to a miniaturization and performance improvement, they can now be easily assembled in 

wearable devices and integrated into the PPE. 

Through the analysis of the results obtained for the several experiments, it can be observed that the 

performance of the subject B is consistently lower than the subject A. This performance reduction can be 

explained by the placement of the node on the subject’s foot (misalignment and relative movement with 

the shoe) and the subject’s characteristic movement pattern. However, further data collection and 

analysis with different users is necessary to infer what caused the performance reduction. 

By comparing the results of the several experiments, it is possible to conclude that the error of the total 

distance travelled does not comply with the requirements of the target application. This mainly happens 

because of the strategy used to compute the displacement. Typically, the best performing PDR systems 

compute the displacement based on the average accelerations measured during one stride and with a 

user-specific parameter. This parameter can be associated with the user’s height or leg length. By 

applying this strategy, the accelerometer drift is bounded to a specific step and does not propagate to the 

following steps like in the strategy used in this work. On the other hand, the proposed strategy is 

independent of user’s specific parameters, making it fully compatible with the emergency responders’ 

requirements. 

The PDR system provided acceptable results for the vertical position in the majority of the experiments. 

However, for the 3D closed loop experiment, the results were not satisfactory. To improve the capability 

of the proposed system to estimate the 3D position, additional sensors should be added to estimate or 

fix the vertical position. Barometers and altimeters are good candidates to be integrated into the system. 

Despite the vertical error, the presence of stairs can be easily observed on the vertical component of the 

estimated position. Since stairs are a distinctive feature of a building and are unlikely to change position 

over time, they can be used as a landmark to correct the position and orientation estimation. 

The lab and atrium 2D closed loops were designed to allow a direct comparison between the PDR system 

and the UWB system proposed in the previous chapter. By comparing the results of both experiments, 

the tracking capabilities of the PDR system are clearly highlighted. The paths estimated by PDR system 

are closer than the paths estimated by the UWB system, especially for the section of the path where two 

anchor nodes are in NLOS (see Section 4.3.4). Since the PDR system does not suffer from the NLOS 
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phenomenon, its performance is constant throughout all the experiment. On the other hand, the UWB 

system exhibits a higher reproducibility and performance when only one node is NLOS.  

Usually, in the literature, only the best path is illustrated to show the system performance. However, this 

approach hides one of the main problems of the IMU-based systems, the reproducibility of results. So, to 

give a more realistic overview of the system performance, all the estimated paths were plotted. 

The selection of the IMU is a key factor for the PDR system performance. As discussed in Chapter 2, 

most of the researchers chose high-performance IMUs that are bulky and expensive. As a consequence, 

their solution may provide good results but their systems cannot be adopted in a real IPS for emergency 

responders. So, in this work we decided to develop our own module and take advantage of the modularity 

of the WBSN PROTACTICAL for an easy integration with the PPE. Although the performance of the IMU 

was a key criterion for its selection, the full-scale range was the ultimate criterion. This decision is 

supported by the several researchers that reported performance losses due to the sensor output 

saturation. So, the proposed PDR system is expected to have similar performances in different conditions. 

With the development of MEMS IMUs, it is expected that the performance of such systems significantly 

improves. 

As demonstrated by this work, the IMU-based IPSs still face some limitations that prevents its adoption 

as a standalone solution for the indoor localization problem. However, it can be very useful as a 

component of a hybrid system. In the next chapter, the PDR and the UWB systems will be combined to 

provide the robustness that each system alone is lacking. 
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Chapter 6  

Inertial and UWB Data Fusion for Robust Indoor 

Localization 

In Chapter 4 and Chapter 5, two different approaches to provide indoor localization services were 

introduced and evaluated. In terms of emergency responders’ scenarios, each approach has its own 

strengths and weaknesses. In one hand, the UWB-based localization system proposed in Chapter 4 

provides long-term accurate positioning but suffers from short-term errors due to NLOS propagation and 

lack of coverage. On the other hand, a PDR-based system, like the one proposed in Chapter 5, is capable 

of providing continuous position estimation with higher tracking detail and is a self-contained solution, 

i.e., does not require external hardware. However, the long-term position estimation is severely affected 

by the IMU drift, which has a cumulative error due to the dead reckoning approach used. Therefore, this 

chapter proposes a data fusion approach to combine the position estimates of the PDR and UWB systems 

to achieve both short- and long-term position accuracy. 

This chapter starts by describing the position fusion procedure developed to combine the position 

information obtained from the UWB and the PDR systems. Then, a brief description of the experimental 
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setup is provided followed by results obtained. Finally, this chapter ends with a discussion about the 

proposed data fusion. 

6.1. Fusing UWB and PDR Position Estimates 

In the literature, it is common to find different data fusion algorithms to fuse position estimates computed 

by IMU- and radio-based technologies. The data fusion on localization starts with the fusion of GPS and 

inertial sensors. The works in [198], [199] rely on a Kalman filter to fuse the data obtained from a GPS 

receiver and inertial sensors. Since GPS signals are not available in indoor environments, other radio -

based technologies have been used to perform the data fusion. Deng et al. proposed an EKF to fuse Wi-

Fi RSS with the smartphone inertial sensors [181]. In the work of Masiero et al., the Wi-Fi RSS is also 

fused with the smartphone inertial sensors but they rely on a particle filter for the data fusion [200]. The 

geometrical information of the building is also used in the data fusion process. In the work of Waqar et 

al., a Bayes filter is used to fuse the motion information acquired from a smartphone and the Wi-Fi 

fingerprinting [201]. Fischer et al. proposed an EKF to fuse the position estimates from a PDR system 

and ultrasonic beacons [202]. An EKF is also used in the works [203] and [204] to fuse inertial data with 

UWB measurements. Yang et al. proposed an EKF to fuse the smartphone inertial sensors with the data 

of an acoustic localization system [205]. A finite impulse response (FIR) filter is proposed by Zhao et al. 

to fuse inertial and UWB measurements [206]. 

From the above works on data fusion for localization, the Kalman filter stands out as the most used 

method by researchers on the field. The popularity of the Kalman filter relies on fact that it requires low 

computational resources and provides real-time localization as well as accurate position estimation. For 

these reasons, in this work, a Kalman filter is used to combine the position information obtained from the 

UWB and PDR systems. Like the approach followed by [205], the data fusion is performed in two stages: 

in the first stage, the UWB measurements are analysed to determine the usability of the UWB position 

estimate. The usability of the UWB measurements is assessed based on the NLOS identification and error 

mitigation algorithm described in Section 4.2. In the second stage, the position estimates of both systems 

is fused using a Kalman filter. 
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6.1.1. Usability Analysis of UWB Position Data 

As discussed in Chapter 4, the NLOS propagation severely affects the performance of the UWB positioning 

system. As the number of anchor nodes in NLOS condition increase, the UWB positioning performance 

significantly decrease. In the dynamic tests of Section 4.3.4, when two anchor nodes are in NLOS 

condition, the positioning performance is unsatisfactory, even when the NLOS error mitigation algorithm 

proposed in Section 4.2.5 is executed. So, to avoid fusing incorrect/inaccurate UWB position estimates, 

a decision-making algorithm has been developed to analyse the usability of the UWB data for position 

estimation. Unlike the decision-making algorithm proposed in [205], the algorithm here proposed does 

not make assumptions on the user mobility and only requires one threshold. The proposed algorithm is 

suitable for all movements, runs in real-time and has low computational requirements, making it a viable 

solution for IPSs for emergency responders. 

At each time step, the decision-making algorithm will check if UWB measurements are available. If new 

UWB measurements are received, the NLOS identification algorithm proposed in Section 4.2.5 is run to 

check if there are UWB measurements that were acquired in NLOS condition. If two or more ranging 

measurements are acquired under NLOS influence, these measurements are discarded and the user’s 

position is given by the PDR system. In this work, it is assumed that only three UWB ranging 

measurements are available for the positioning process. If more ranging measurements are available, the 

system has to have at least two ranging measurements in LOS to perform the data fusion with the UWB 

position estimate. 

If the number of NLOS measurements is less or equal to one, the NLOS error mitigation algorithm is 

executed to remove the positive bias induced by the NLOS condition. Then, the UWB position is computed 

based on the rectified ranging measurements and the data fusion algorithm is executed. Unlike the work 

in [205], with the present method is not necessary to perform any additional validation on the UWB data. 

When the number of anchor nodes in NLOS condition is less than two, the confidence on the estimated 

position is very high, even if the previous measurements were rejected (based on the selected criterion) 

or lost. Figure 6.1 illustrates the flowchart of the decision-making algorithm proposed. 
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6.1.2. Position Fusion based on a Kalman Filter 

For the data fusion process, two sources of measurements are available, the UWB and the PDR. The PDR 

measurements are used in the prediction stage and the UWB measurements are used in the update 

stage. Since the target application is to track pedestrians, the process model is defined based on the PDR 

estimates and the state model is given as follows: 

 𝐗𝑘 = 𝐅𝐗𝑘−1 +𝐆𝐝𝑘 +w𝑘  (6.1) 

where 𝐅 and 𝐆 are identity matrices, w𝑘  is the process noise with covariance noise 𝐐𝑘 = [휀𝑥 휀𝑦]𝑇, 

which are determined empirically. 𝐗𝑘 = [𝑥𝑘 𝑦𝑘 ]𝑇 is the current 2D coordinates of the pedestrian and 

𝐗𝑘−1 is the previous position of the pedestrian. 𝐝𝑘  is the process model of the system and is given as: 

 

Figure 6.1. Flowchart of the decision-making algorithm about the usability of UWB measurements for 

the Data Fusion process. 
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 𝐝𝑘 = [
𝑑 cos(𝜓𝑘)

𝑑 sin(𝜓𝑘)
] (6.2) 

where 𝑑 and 𝜓𝑘  are the step length and walking direction at the time step 𝑘, respectively. These 

estimates are obtained based on the PDR system described in Chapter 5. 

When the UWB measurements are available, the position of the user is computed based in one of the 

methods proposed in Section 4.3.1 and the measurement model is given as: 

 𝐙𝑘 = 𝐇𝐗𝑘 + v𝑘  (6.3) 

where 𝐇 is an identity matrix and v𝑘  is the measurement noise with covariance matrix 𝐑𝑘 = [휀𝑥 휀𝑦]𝑇. 

When a stance phase is detected, the prediction equations are applied: 

 𝐗𝑘
− = 𝐅𝐗𝑘−1 +𝐆𝐝𝑘  (6.4) 

 𝐏𝑘
− = 𝐅𝐏𝑘−1𝐅

𝑇 + 𝐐 (6.5) 

Similarly, when the UWB estimates are available, the update equations can be applied:  

 𝐊𝑘 = 𝐏𝑘
−𝐇𝑇(𝐇𝐏𝑘

−𝐇𝑇+ 𝐑𝑘)
−𝟏  (6.6) 

 𝐗𝑘 = 𝐗𝑘
− +𝐊𝑘(𝐙𝑘 −𝐇𝐗𝑘

−) (6.7) 

 𝐏𝑘 = (𝐈 − 𝐊𝑘𝐇)𝐏𝑘
− (6.8) 

where I is an identity matrix with appropriate dimensions. 

The structure of the data fusion algorithm is given in Figure 6.2. 
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6.2. Experimental Setup 

The performance of the data fusion algorithm is assessed based on two sets of experiments. For a fair 

comparison, the data fusion algorithm is evaluated with the data sets of the dynamic measurements 

campaign performed in the atrium and lab for both the UWB and PDR systems. For a detailed explanation 

of the experiments, the reader is referred to Section 4.3.3. 

The synchronization of the two subsystems (UWB and PDR) is an important factor for the data fusion 

performance. Since in the current version of the system the two subsystems do not communicate, two 

MATLAB scripts were created to log and timestamp the data. These scripts run in parallel and emulate a 

serial port. However, it is challenging to start both scripts at the same time. Since  the sampling frequency 

of the IMU is known and is constant throughout the experiments, its script is the first to run and the 

system clock is logged. Then, the UWB script is run and the system clock is also logged. Since the UWB 

measurements have a lower sampling rate (1 to 2 Hz), the MATLAB tic and toc functions are used to 

register the elapsed time between measurements. For the offline experiments, the start delay between 

the two experiments is computed based on the system clock logged. Then, this delay is added to the 

timestamps of the UWB measurements. 

The performance assessment of the proposed data fusion algorithm is based on the same metrics 

selected for the PDR system (Section 5.2.1). 

 

Figure 6.2. Structure of the proposed data fusion algorithm. 
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6.3. Results 

In this section, the proposed data fusion algorithm is evaluated and compared with the UWB and PDR 

systems. Three different ToA-based positioning algorithms are tested for the calculation of the UWB 

position in the data fusion process. In this analysis, the Least Squares method implemented in Chapter 

4 is not considered as its performance is the same as the analytical method. The analytical method was 

selected because of its lower complexity, computational requirements and ease of implementation. 

Therefore, it is suitable for IPSs like the ones described in this thesis. 

6.3.1. Atrium Experiments 

Figure 6.3 and Figure 6.4 illustrate the position estimates for the different ToA-based algorithms evaluated 

and for the different positioning systems (UWB, PDR and data fusion). The plots on the right and left 

represent, respectively, the results obtained with and without the NLOS error mitigation algorithm. All the 

 
Figure 6.3. Estimated paths for the data fusion algorithm in the atrium scenario with the UWB position 

estimated by the analytical (a,b) and Taylor series (c,d) methods. 
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plots consider the decision-making algorithm proposed in Section 6.1.1. When compared with the PDR 

system, the data fusion system successfully reduced the orientation drift. With the exception of the data 

fusion version that relies on an EKF to compute the UWB position, the other methods show an estimated 

path very close to the travelled path. Additionally, all the data fusion versions successfully rejected the 

biased UWB position estimates, which validates the decision-making algorithm proposed. Although the 

NLOS error mitigation algorithm improves the performance of the data fusion in terms of 𝐸𝑎 metric for 

the analytical and Taylor series variants (an error reduction around 9%), it worsens the IPS performance 

in terms of 𝐸𝑎𝐷𝑇 metric (75%, 65% and 2% for the analytical, Taylor series and EKF variants, respectively). 

This performance degradation can be explained by the fact that the worst scenario (two or more ranging 

measurements in NLOS) is excluded from the data fusion process. Nevertheless, the estimated paths 

with the NLOS error mitigation algorithm are closer to the travelled path. The performance results for the 

atrium scenario are shown in Table 6.1. For the atrium experiments, the data fusion method with the 

Taylor series obtained the best performance, with 0.71m of horizontal error and 2.91m of total distance 

travelled error. On the other hand, the data fusion method with the EKF has the worst performance in 

terms of estimated path and the 𝐸𝑎𝐷𝑇. 

Table 6.1. Performance assessment of the data fusion algorithm in the atrium scenario 

NLOS 𝐸𝑎(m)  𝐸𝑟(%) 𝐸𝑎𝐷𝑇(m) 𝐸𝑟𝐷𝑇 (%) 

Analytical Method 

Without Mitigation 0.88 3.04 1.63 5.60 

With Mitigation 0.80 2.76 2.86 9.86 

Taylor Series 

Without Mitigation 0.78 2.68 1.76 6.05 

With Mitigation 0.71 2.43 2.91 10.02 

EKF 

Without Mitigation 0.58 1.99 5.95 20.47 

With Mitigation 0.64 2.19 6.05 20.82 

 

 
Figure 6.4. Estimated paths for the data fusion algorithm in the atrium scenario, with the UWB position 

estimated by the EKF method. 
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6.3.2. Lab Experiments 

Figure 6.5 and Figure 6.6 illustrate the position estimates for the different ToA-based algorithms evaluated 

and for the different positioning systems (UWB, PDR and data fusion) in the lab experiment. The plots on 

the right and left represent, respectively, the results obtained with and without the NLOS error mitigation 

algorithm. All the plots consider the decision-making algorithm proposed in Section 6.1.1. Although the 

estimated path is not as smooth as the ones in the atrium scenario, it can be observed that the data 

fusion algorithm performs better than the other methods. The orientation drift of the PDR system has 

been corrected and the UWB measurements in NLOS condition have been successfully rejected. In this 

scenario, the NLOS error mitigation algorithm successfully improved the error of the total distance 

travelled for the analytical and Taylor series variants (a reduction of 32% and 29%, respectively) and 

worsen for the EKF variant (65% degradation). However, no improvement was obtained for the 𝐸𝑎 metric 

with the Taylor series and EKF variants. Table 6.2 shows the performance results of the different data 

fusion versions in the lab experiment. In this scenario, the data fusion method with the analytical method 

has the best performance. Like in the atrium, the EKF version has the worst performance in terms of the 

estimated path. 

 
Figure 6.5. Estimated paths for the data fusion algorithm in the lab scenario with the UWB position 

estimated by the analytical (a,b) and Taylor series (c,d) methods. 
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6.4. Discussion 

Data fusion has proven to be an essential tool to enhance the performance of localization systems in both 

indoor and outdoor scenarios. With the right combination of positioning technologies, data fusion 

approaches revealed to be effective in providing both short- and long-term position accuracy. This is an 

important criterion for the emergency responders as their missions cover wide operational areas and for 

long periods of time. 

For both scenarios, the superiority of the data fusion method proposed is quite evident. Overall, the path 

estimated by the data fusion algorithm is closer to the true trajectory and successfully bound the errors 

of both methods. The effectiveness of the proposed method is clearly evident in the lab experiment. 

During the first half of the path performed in this scenario, two anchor nodes are in NLOS. As discussed 

in Section 4.3.4, this condition severely worsens the performance of the UWB system. On the other hand, 

the PDR system provides a good position estimate in the beginning of the test but, it deteriorates after 

the four consecutive turns in an area of one square meter at the middle of the path. However, with the 

Table 6.2. Performance assessment of the data fusion algorithm in the lab scenario. 

NLOS 𝐸𝑎(m)  𝐸𝑟(%) 𝐸𝑎𝐷𝑇(m) 𝐸𝑟𝐷𝑇 (%) 

Analytical Method 

Without Mitigation 0.79 3.49 2.79 12.33 

With Mitigation 0.64 2.84 1.89 8.35 

Taylor Series 

Without Mitigation 0.82 3.63 4.58 20.25 

With Mitigation 0.81 3.57 3.25 14.37 

EKF 

Without Mitigation 0.55 2.45 1.33 2.20 

With Mitigation 0.54 2.43 2.20 9.71 

 

 
Figure 6.6. Estimated paths for the data fusion algorithm in the lab scenario, with the UWB position 

estimated by the EKF method. 
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proposed data fusion method, these performance limitations are attenuated and the system is capable 

of providing a good position estimate throughout the whole experiment. 

Three variants of the data fusion method were evaluated during the experiments. These variants differ on 

the positioning method used to compute the UWB position estimate (analytical method, Taylor series and 

EKF). Based on the results obtained from the experiments, the Taylor series and analytical method 

variants exhibit a higher performance in the atrium and lab scenarios, respectively. Unlike the experiments 

conducted in Section 4.3.4, the EKF variant exhibits the worst performance among the three variants 

evaluated. This performance degradation can be explained by the low availability of measurements to 

perform the localization due to the low sampling frequency of the UWB system. Due to the tracking nature 

of the EKF method, for a good performance, the EKF should be fed with new measurements at a constant 

sampling rate and relatively close to each other. However, during real-life scenarios, it is very likely the 

loss of UWB measurements during long periods of time, which will compromise the performance of the 

system. For this reason, the use of an EKF method for the UWB position calculation is not recommended 

for such application scenario. 

Both the analytical method and the Taylor series variants present similar performances in both 

environments so, both are good candidates to be used in a final version of the IPS. However, the analytical 

method has a lower complexity, requires less computational resources, is easie r to implement and does 

not rely on the noise statistics of the UWB system. Additionally, the data fusion variant with the analytical 

method had the best performance in the lab experiment, which is the scenario with the most challenging 

condition for the propagation of the UWB signals and the most likely to happen in real -life missions. For 

all these reasons, the analytical method is selected to compute the UWB position. 

Figure 6.7 and Table 6.3 present a performance summary of the evaluated positioning methods (UWB, 

PDR and data fusion) in terms of 𝐸𝑎 and 𝐸𝑎𝐷𝑇 metrics for the different variants implemented and 

scenarios. Based on the results of the 𝐸𝑎 metric in the atrium scenario, it can be observed that the UWB-

based positioning methods perform worse than the PDR approach. However, by comparing the estimated 

paths of both methods, it is possible to conclude that the UWB-based methods perform better in a 

significant part of the path, especially when only one anchor node is in NLOS. But, at the final part of the 

track, the communication with one anchor node is lost and, therefore, only two ranging measurements 

are available, which is not enough to run the positioning algorithm. Although this is a typical scenario in 
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indoor environments, comparing the performance of the different approaches based on the 𝐸𝑎 metric 

does not provide a realistic assessment of a method performance. Nevertheless, data fusion approaches 

provided more reliable results throughout the whole path. 

By comparing the results of the error of the total travelled distance (𝐸𝑎𝐷𝑇 metric in Table 6.3), it can be 

observed that the data fusion methods perform significantly better than the UWB-based methods and the 

PDR-based performs better and worse in the atrium and lab scenarios, respectively. This difference can 

be explained by the methods used to estimate the total distance travelled. For the PDR system, the 

Table 6.3. Comparison of the results obtained for the Atrium and Lab scenarios with the different 

positioning methods (UWB, PDR, and Data Fusion) 

Positioning 

Method 

Positioning 

Algorithm 

NLOS Error 

Mitigation 

Performance Metrics 

Ea(m) Er(%) EaDT(m) ErDT(%) 

Atrium 

UWB 

Analytical 
Without Mitigation 1.96 6.77 5.36 18.47 

With Mitigation 2.22 7.65 4.95 17.06 

Taylor Series 
Without Mitigation 2.19 7.55 1.30 4.47 

With Mitigation 2.41 8.32 0.67 2.31 

EKF 
Without Mitigation 2.15 7.40 8.48 29.21 

With Mitigation 2.45 8.42 7.99 27.50 

PDR 
ZUPT aided 

EKF 
- 1.01 3.49 0.76 2.60 

Data Fusion 

Analytical 
Without Mitigation 0.88 3.04 1.63 5.60 

With Mitigation 0.80 2.76 2.86 9.86 

Taylor Series 
Without Mitigation 0.78 2.68 1.76 6.05 

With Mitigation 0.71 2.43 2.91 10.02 

EKF 
Without Mitigation 0.58 1.99 5.95 20.47 

With Mitigation 0.64 2.19 6.05 20.82 

Lab 

UWB 

Analytical 
Without Mitigation 0.91 4.03 14.47 63.91 

With Mitigation 0.75 3.31 17.48 77.20 

Taylor Series 
Without Mitigation 0.82 3.61 15.21 67.17 

With Mitigation 0.67 2.98 14.45 63.84 

EKF 
Without Mitigation 0.56 2.47 0.83 3.66 

With Mitigation 0.53 2.34 3.63 16.02 

PDR 
ZUPT aided 

EKF 
- 2.24 9.89 3.78 16.68 

Data Fusion 

Analytical 
Without Mitigation 0.79 3.49 2.79 12.33 

With Mitigation 0.64 2.84 1.89 8.35 

Taylor Series 
Without Mitigation 0.82 3.63 4.58 20.25 

With Mitigation 0.81 3.57 3.25 14.37 

EKF 
Without Mitigation 0.55 2.45 1.33 2.20 

With Mitigation 0.54 2.43 2.20 9.71 
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travelled distance is calculated based on the sum of displacement between two sampling periods. 

Whereas, the UWB and data fusion methods calculate the displacement based on the Euclidean distance 

between two consecutive points. This method is also used to refine the step displacement required to 

feed the movement model of the Kalman filter used for the data fusion.  Additionally, by removing the 

UWB position estimates with two or more anchor nodes in NLOS, the error in the total distance travelled 

was significantly reduced. For the analytical variant with the NLOS error mitigation, the data fusion 

approach in the atrium scenario achieved an error reduction in the total distance travelled of 42% for the 

UWB-based method and increased 276% compared to the PDR method. However, in the lab scenario, 

the error reduction was 89% and 50% compared to the UWB-based and PDR methods, respectively. Unlike 

the other methods, the error in the estimation of the total distance travelled of the EKF-based methods is 

due to underestimation of the distance travelled. 

The NLOS identification and error mitigation algorithm developed in Section 4.2 proved to be an essential 

tool to improve the performance of the data fusion algorithm. As shown in Section 4.3.4, when two or 

more anchor nodes are in NLOS, the estimated position of all positioning algorithms becomes very 

unpredictable. The NLOS identification algorithm has revealed to be very effective in the identification of 

these measurements. The elimination of those estimations improved the accuracy of the IPS. On the 

other hand, the NLOS error mitigation algorithm has also improved the performance of the data fusion 

approaches. 

 

 
Figure 6.7. Comparison of the different evaluated methods based on the 𝐸𝑎 (a) and 𝐸𝑎𝐷𝑇 (b) metrics. 
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Chapter 7  

Conclusions 

The aim of this thesis has been centred in providing an IPS that meets the requirements demanded by 

emergency responders. As highlighted throughout this thesis, an IPS for emergency responders is one of 

the most challenging scenarios on the indoor localization field. However, as discussed/presented in 

Chapter 2, very few works have been proposed to fully comply with the requirements of an IPS for 

emergency responders. 

In this final chapter, the IPS developed in this thesis is analysed based on the specific requirements 

discussed in Section 1.2. Then, a discussion on the main contributions of this thesis is provided. Finally, 

the limitations of the study made and suggestions for future research are presented. 

7.1. Compliance with IPS Requirements for Emergency Responders 

As discussed in Section 1.2, the requirements of an IPS for emergency responders can be categorized 

based on its accuracy, information accessibility, adaptability, architecture, autonomy and cost. Table 7.1 
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summarizes the compliance of the proposed IPS with these requirements. The symbols “✓” and “X” are 

used to represent if the IPS complies or not with a requirement, respectively.  

Regarding the accuracy requirement, the reported horizontal and vertical accuracies are lower than the 

1 and 2 m maximum error allowed, respectively. The positions of the emergency responders are given 

as Cartesian coordinates. To improve the reliability of the position information, the system has the 

following functionalities: identify and discard unreliable UWB measurements based on the NLOS 

identification algorithm proposed in Section 4.2; distinguish and notify whether the position estimate is 

given by the PDR system or by the data fusion algorithm; and reporting the UWB position outage duration 

(i.e., the elapsed time since the last data fusion position estimate). The UWB position outage duration is 

very important because the accuracy of the position estimate with the PDR system decreases with time. 

So, the longer is the UWB position outage duration, the lesser is the reliability of the estimated position. 

Table 7.1. Compliance with the IPS Requirements for Emergency Responders 

Requirement 
Does the proposed IPS 
Fulfill the requirement? 

Accuracy 

Horizontal ✓ 

Vertical ✓ 

Reliability of Information ✓ 

Information Accessibility 

Accessibility of the Position Information ✓ 

Intuitive Presentation of the Positioning Data X 

Position Update Rate ✓ 

SLAM X 

Information Security X 

Adaptability of the IPS 

Independence of Building Infrastructure ✓ 

Independence of Prior Data Collection ✓ 

Adaptability to Dynamic Environment Changes ✓ 

Coverage ✓ 

Deployment Effort X 

Architecture of the IPS 

Modular System ✓ 

Scalability ✓ 

Physical Robustness X 

Ease of Assembling ✓ 

Size and Weight ✓ 

Autonomy ✓ (Up to 3 hours) 

Cost ✓ 
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Information accessibility is another key requirement for an IPS for emergency responders. By taking 

advantage of the PROTACTICAL CPS, the emergency responder’s estimated position is made available 

for both the emergency responders and the incident commander. However, at this point, neither the 

emergency responder’s PPE nor the incident commander’s GUI have the capabilities to display the 

emergency responder’s position. Both functionalities were out of the scope of this thesis but, can be easily 

integrated into the system. A head-mounted display can be integrated into the emergency responder’s 

PPE to display his/her position and other relevant information, and the incident commander’s GUI can 

be improved to display the emergency responders’ position. The emergency responder’s position is 

updated every second and is transmitted together with the other parameters every 30 seconds. This 

position update rate is enough to meet the requirements defined for emergency responders (40.35 s) 

[37]. Although the proposed localization algorithm has a tracking nature, no SLAM approaches were 

applied. These techniques are especially important in this field, as they provide the initial position 

estimation of waypoints (UWB anchor nodes) when they are deployed on the building.  Both localization 

technologies (inertial sensors and UWB) used in this IPS meet the privacy requirements. However, this 

issue has not been addressed in the PROTACTICAL CPS, namely in the WBSN- and Ad Hoc-PROTACTICAL 

networks. 

The proposed IPS also demonstrated to fulfil the majority of the adaptability requirements. This system 

was designed to be independent of any building infrastructure and prior data collection. Although the two 

scenarios represent different challenges on the system, no significant performance vari ations were 

reported. However, more tests under different environment conditions (temperature and humidity) are 

required to fully assess the adaptability of the IPS to dynamic environmental changes. At this moment, 

the UWB ranging protocol limits the maximum number of anchor nodes to four. This limitation clearly 

restricts the coverage of the UWB-based system. Even though, the PDR system allows a continuous 

position estimation throughout all the intervention scenario. Due to the limitation on the number of anchor 

nodes, the deployment effort was not assessed. 

Regarding the architecture requirements, the IPS benefits from the modular and distributed architecture 

of the PROTACTICAL CPS, namely the WBSN-PROTACTICAL. This modular architecture allows integrating 

different localization technologies in different parts of the body to achieve a better localization 

performance. Moreover, it allows the addition of new sensors without reconfiguring all the system. This 

functionality is especially attractive to improve the system’s vertical accuracy. In terms of scalability, it 
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has been demonstrated that the IPS can locate and track mobile nodes. Since the emergency responder’s 

position is computed in the Gateway-PROTACTICAL, this system has the potential to locate and track 

several users simultaneously. The number of emergency responders to be located depends on the anchor 

node capabilities to handle with several ranging requests. However, it is not expected to have several 

emergency responders in the same area and at the same time. Although the emergency responder’s 

protective garment offers thermal insulation to the several nodes-PROTACTICAL, the nodes used for the 

localization are not fully assembled on the PPE. I.e., the node-PROTACTICAL 6 is not integrated into the 

boot and, the UWB transceiver is not miniaturized and integrated into the Gateway -PROTACTICAL. With 

further engineering development, these limitations of the IPS physical robustness can be easily overcome. 

Each node-PROTCATICAL is integrated into the PPE through a unique pocket. So, they are easily 

assembled into the PPE. Both size (90 cm 3) and weight (0.64 Kg) are within the specifications. The 

batteries are also included on the PROTACTICAL CPS’s weight. 

All the nodes of the PROTACTICAL CPS are battery-powered and have an autonomy up to 3 hours. To 

increase the nodes’ autonomy, the TPC mechanism described in Section 3.6.2 is implemented on each 

node-PROTACTICAL. 

Finally, the cost of the whole system is also acceptable. To keep the cost as low as possible only COTS 

technologies were selected. The cost of the final PPE prototype is approximately €650. However, its 

industrial version is likely to be cheaper due to the higher production volume. 

7.2. Contributions 

As highlighted during the literature review, the lack of knowledge about the emergency responders needs 

is one of the main reasons for the failure of the existing IPSs. To tackle this problem, we proposed a 

comprehensive taxonomy about the specific requirements of an IPS for emergency responders. Each 

requirement is discussed in a critical point of view and is supported by the literature on the field. Based 

on this set of requirements, researchers in the field can better understand the specific needs of 

emergency responders and tailor their IPS to meet these requirements. Moreover, these requirements 

can be used as a benchmark to compare and evaluate different IPSs. 
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A systematic and in-depth study of the literature concerning IPSs for emergency responders is given. To 

perform this study, a new taxonomy to classify the existing IPSs based on the main design choices (i.e., 

technological principle, deployment effort, localization principle, algorithm and environment) is proposed. 

All IPSs on the literature are compared based on both taxonomies (design choices and requirements) 

proposed in this work. Despite the many advances in both technologies and algorithms, it has been 

demonstrated, based on the proposed taxonomy, that none of the existing solutions is capable of meeting 

all the IPS requirements for emergency responders. However, we have also highlighted that an IPS is 

regarded by the emergency responders as an essential tool to decrease the number of deaths during on-

duty missions and to make the planning and on-site coordination more efficient. Therefore, we have 

demonstrated that this is a worthwhile research area that imposes unique challenges on an IPS.  

In addition to the position information, emergency responders also demand physiological and 

environmental monitoring. So, to provide a unified solution, we develop the PROTACTICAL CPS. This 

system aims to support decision making at several firefighting operation stages (firefighter, team and 

commander levels) and is designed for real-time detection of life-threatening scenarios, indoor localization 

and to guarantee reliable communication (within the WBSN-PROTACTICAL and with the incident 

commander). To the best of our knowledge, the PROTACTICAL CPS is the first PPE that integrates and 

evaluates an IPS into a CPS. 

Since in indoor environments radio signals can experience different propagation conditions (e.g., LOS, 

fire door, wall, and the human body), we have conducted a measurement campaign to assess the impact 

of those conditions on ranging measurements and CIR. Among the different NLOS conditions, the human 

body has the worst impact on the distance estimation. So, a NLOS identification and error mitigation 

algorithm was proposed to mitigate the impact of NLOS propagation. This algorithm relies solely on 

channel parameters provided by the COTS UWB transceiver that does not compromise the real-time 

requirements of an IPS for emergency responders. It has been shown that the proposed algorithm 

significantly improves the performance of both individuals ranging measurements and the positioning 

algorithms. 

An evaluation and comparison of four ToA-based positioning algorithms with low ranging measurements 

and under different conditions (e.g., environments with different propagation conditions, static and 
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dynamic target, and with or without NLOS influence due to the human body).Three performance metrics 

are used to provide a detailed assessment of these algorithms. 

Finally, the UWB and the PDR systems are combined into a single IPS to mitigate the flaws of each system 

when they are used alone. The data fusion process is supported by a decision-making algorithm that 

assesses the usability of UWB measurements for the data fusion process. We have demonstrated that 

the combination of these methods is an effective way to locate and track pedestrians.  

7.3. Prospects for Future Development 

The work carried out within this thesis presented an IPS tailored for emergency responders. The current 

section is devoted to the discussion of the remaining limitations of the system as well as the prospects 

for future developments. 

The firmware of the DW1000 UWB transceivers limited the work in some aspects. When the EVK1000 

evaluation kit was acquired, back in the late of 2014, these modules had just been released on the market 

and, the DWM1000 and DW1000 modules were not available. Additionally, the original firmware of the 

EVK1000 is designed to communicate with only four anchor nodes. The lack of a versatile ranging 

protocol, capable of communicating with tens of anchor nodes, restricted the development and evaluation 

of the IPS. The low availability of anchor nodes hindered the selection of more sophisticated data fusion 

algorithms and limited the coverage of the proposed system, affecting the selection of the test scenarios. 

So, an enhanced ranging protocol with routing capabilities similar the ad-hoc networks should be 

developed and added to the DW1000 application programming interface (API). As basic functionalities, 

this protocol should allow a tag node to detect the surrounding anchor nodes and update its neighbour 

list accordingly. Then, the tag estimates the distance with each anchor node on the neighbour list. 

Once the enhanced ranging protocol is developed and validated, other data fusion approaches can be 

tested to assess their viability for the emergency responders’ scenarios. SLAM algorithms are good 

candidates as they can estimate the anchor nodes’ position as they are deployed. I.e., SLAM algorithms 

do not require that the position of the anchor nodes is known beforehand. Therefore, further experimental 
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studies should be carried out to validate this concept and assess if the resulting system meets the IPS 

requirements. 

Although stairs could be easily identified by the PDR system, our implementation was unable to 

compensate the long-term drift on the vertical position. So, to keep the complexity of the UWB positioning 

and data fusion algorithms as low as possible, additional sensors should be integrated into the WBSN-

PROTACTICAL (e.g., barometer or altimeter). Therefore, further experimentations are required to validate 

the suitability of such sensors in emergency responders’ scenarios.  

As highlighted in Section 6.4, the metrics selected to assess the performance of the different subsystems 

of the proposed IPS are not appropriate because they do not provide a realistic evaluation throughout all 

the path. So, to overcome this limitation, a mobile app should be developed to timestamp the instant a 

user pass in predefined locations, similar to the approach used in the EvAAL framework [207]. This allows 

to have several evaluation points and, therefore, a more realistic evaluation of the different components 

of the IPS. 

Regarding the PROTACTICAL CPS, it lacks to display the estimated positions to both the incident 

commander and the emergency responders. On the incident commander side, the existing GUI should 

be adapted to display the location of the emergency responders on the intervention scenario. Based on 

the previous positions estimates, new functionalities to create escape routes should be implemented to 

support the emergency responders on the field. On the emergency responder’s side, a HMD can be 

integrated into the WBSN-PROTACTICAL to display his/her position and other relevant information. 

Further studies should be conducted on how the information is displayed. This is very important as the 

system should not interfere with the emergency responder’s activities.  

Despite the good results obtained with the data fusion and PDR algorithms, they are complex and 

computationally expensive. This is especially critical for the Node-PROTACTICAL 6 as the CC2530 

microcontroller is not computationally powerful. So, an alternative to the CC2530 microcontroller 

replacement and, consequently, the WBSN-PROTACTICAL redesign is to implement the localization 

algorithms in FPGA [208]. So, further research is required. 
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Finally, due to time restrictions, some of the challenges and future research directions identified in Section 

2.4 were not addressed. Among them, we highlight the recognition of typical movement patterns  of 

emergency responders, the distribution criteria of waypoints, and the test of the IPS in a real scenario as 

the key research areas on IPSs for emergency responders. To our knowledge, very little exists in the 

literature on these issues and we strongly believe that the success of such systems depends highly on 

how these issues are addressed. 
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