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Abstract 

UAVs can undoubtedly bring benefits and advantages in many fields by 

completing tasks which are considered too dull, dirty and dangerous for human 

operators while offering a fertile technological ground for the development of 

innovative applications. Still, the safety of their missions, which foresee their 

integration in both controlled and uncontrolled civil airspace, is not keeping the pace 

with their increasing popularity, which is also pushing towards their exponential 

deployment in urban areas. This is all the more crucial if novel concepts for UAV-

based air transportation methods, such as AAM and UAM, are considered. In these 

latter cases, high volumes of operations are forecasted to occur mostly in low altitude 

conditions. In these frameworks, DAA and navigation strategies must be designed to 

enable safe flights of UAVs by providing detection and collision avoidance 

solutions, with the former, and reliable navigation, with the latter, thus finally 

unleashing the full autonomous potential of these novel platforms. These two aspects 

are the major focuses of this thesis. 

As far as DAA is concerned, the performance assessment of non-cooperative 

technologies for the detection and tracking of sUAVs flying in low altitude 

conditions is tackled. The sensing setup chosen for the application consists of visual 

cameras and low SWaP RADARs whose performance are analysed both on 

numerical and experimental bases. The tests clearly show limitations in the 

standalone implementation of the two sensors, paid in terms of absent distance 

estimates, for the camera, and coarse angular accuracy, for the RADAR. Innovative 

fusion solutions are therefore proposed and tested offline on experimental data 

during ground-to-air campaigns with a low-altitude-flying sUAV. The strategies 

provide improvements in the angular accuracy of the RADAR-based tracking 

estimates which likewise positively impacts conflict detection. The experimental 

approach used for the evaluation sheds a light over the effects of clutter on RADAR 

data, whose mitigation is either achieved with filtering and centroiding pre-

processing steps or by adopting additional RADAR/visual fusion steps acting at 

detection level. The strategies tested can be also used in the context of AAM/UAM 

surveillance where performance of distributed sensing exploiting a network of 
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ground-based RADARs and cameras are assessed. In this case, improvements in 

terms of track coverage can be achieved by adopting fusion solutions which take 

advantage of the spatial disposition of the sensors. An innovative solution based on a 

leader-helper approach is used to improve the track coverage of a single RADAR by 

injecting measurements from another RADAR comprised in the network. 

Nevertheless, when multiple RADARs operate with overlapping Fields of View, 

interference can occur. Therefore, a preliminary strategy to filter interference-

affected RADAR measurements is also proposed. 

Finally, in the framework of cooperation between multiple UAVs, a “chief -

deputy” approach for calibration of onboard magnetometers is designed. The latter 

foresees a rotation of the chief platform around the deputy to capture relative 

positioning information by means of visual cameras and GNSS data processing. 

These can be used to evaluate both onboard and external magnetic disturbances 

which, if not accounted for, can spoil the quality of heading angle estimates. The 

strategy proves its efficacy in retrieving sub-degree pointing errors when ground-

based and airborne targets are used as control points, thus exceeding the performance 

of both uncalibrated heading, which does not account for the disturbances, and 

navigation filter-estimated heading.  
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Chapter 1: Introduction 

In the latest years the relevance of Unmanned Aerial Vehicles (UAVs), 

commonly referred to as drones, in many aspects of the modern life has increased 

exponentially. Limitless commercial applications can leverage on the high flexibility, 

scalability and rapidity in deployment of these novel platforms which can support or 

completely substitute human operators, overcoming their limitations during missions 

involving different levels of risk. The variety of examples dealing with their 

exploitation is wide and it ranges from UAV-assisted disaster management [1] to 

monitoring and inspection [2], [3] and package delivery [4]. The advantages brought 

by UAVs are reflected in their forecasted fleet size which, in the specific case of 

commercial applications, is expected to reach numbers as high as 400 000 in Europe 

by 2050 [5] and 175 000 in the United States by 2035 [6]. Many of these platforms 

will likely operate in low altitude, generally defined as being below 150 meters, in 

and around urban areas. In these regards, Urban Air Mobility (UAM), which is a 

subset of Advanced Air Mobility (AAM), foreseeing UAV-based air transportation 

solutions, plays a major role.  

The innovative concepts of operations and the expected high density of UAVs 

traffic volumes have raised issues concerning their safety and security, yielding to 

pressing research questions on the enhancement of the systems which define these 

platforms. Among these, Detect And Avoid (DAA) technologies, providing the 

capability to identify and avoid collision threats, and navigation solutions, enabling 

autonomous localization, path planning and following, appear to be significant areas 

of focus being both greatly needed to achieve the level of autonomy and safety 

required for UAVs. Nonetheless, the low altitude flight profiles, the dimensions of 

the vehicles and the unreliability of Global Navigation Satellite System (GNSS) 

positioning information in urban areas pose significant challenges in the 

development of both. These challenges are addressed in this thesis which aims at 

developing sensing approaches for DAA and UAM/AAM surveillance exploiting 

non-cooperative strategies, which compensate for the unreliable GNSS information 

while generating a sensing solution suitable for the detection of all types of intruders, 
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collision of the order of a few tens of seconds, at most. Nevertheless, when flights 

over urban areas are considered, non-cooperative solutions might be the only 

available tool to perform safe operations under GNSS-denied or GNSS-challenged 

conditions.  

When non-cooperative sensing architectures are considered, the cluttered low-

altitude environments (characterized by the presence of both fixed and moving 

obstacles), the constrained budgets of flight platforms, and the low detectability of 

small aircraft flying relatively close to the ground, represent the main issues to be 

addressed. These sensing challenges have been widely highlighted in the recent 

literature with strong focus on the exploitation of visual cameras and RADARs for 

detection and tracking of sUAVs. The former appear as one of the most valid sensor 

alternatives in terms of Size Weight and Power (SWaP) and cost, however, their 

operations are strongly influenced by the availability of clear-sky and good visibility 

conditions which can affect the achieved declaration range. Moreover, the lack of 

distance measurements is an additional drawback in their exploitation. From this 

point of view, RADARs represent a weather and illumination independent solution 

capable of accurate distance (and velocity, if Doppler RADARs are used) 

measurements, though showing degraded performance when operating in low 

altitude, highly-cluttered scenarios. To overcome the limitations of purely visual and 

RADAR-based sensing solutions, in terms of trade-offs between their dependence on 

environmental conditions and type of information retrieved, fusion strategies can be 

exploited thus providing accurate range (and range rate) estimates which are typical 

of RADARs, coupled with accurate angular measurement visual cameras retrieve, 

instead.  

In this thesis different sensor fusion strategies tailored for non-cooperative 

architectures comprising RADARs and visual cameras are proposed. First, the 

advantages of a multi-sensor RADAR/visual architecture for DAA, supporting an 

adaptive conflict detection logic, are discussed using numerical analyses. In the 

latter, visual cameras are exploited to cover the lateral areas of the Field Of View 

(FOV) of the own-ship to address the requirement of lower declaration ranges. The 

feasibility of retrieving range estimates using visual data only is then investigated on 

an experimental basis, proving that the knowledge of the class of intruders can be 
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used to reliably identify their distance from the own-ship up to few hundreds of 

meters and yielding to improved conflict detection performance. The latter needs to 

be supported by reliable and accurate tracking strategies which, in this thesis, exploit 

both visual and RADAR data collected during experimental ground-to-air flight tests 

with sUAVs. The benefits of exploiting both sensors within a data fusion solution are 

remarked with respect to their standalone implementations by using various fusion 

approaches which achieve meter-level accuracy on range and sub-degree accuracy on 

angular estimates using Extended Kalman Filters (EKF) and a Carrier Phase 

Differential GNSS (CDGNSS) benchmark. The developed fusion strategies range 

from centralized schemes, exploiting the RADAR as the main sensor for the 

generation of firm tracks, to de-centralized schemes, where Track-to-Track fusion 

strategies are used. In the former case, pre-processing of RADAR data, needed to 

remove clutter, is also proven to be feasible using visual cues, yielding to a Fuse-

Before-Track approach where fusion takes place both at detection and tracking 

levels. 

1.2 UAM/AAM SURVEILLANCE 

AAM and UAM are concepts of operation for air transportation of people and 

goods based on novel aircraft models including both UAVs and electrical-Vertical 

Take Off and Landing (e-VTOL) platforms. These concepts are bound to radically 

transform the air transportation market by promoting a shift from scheduled 

operations to on-demand ones [18] where multiple vehicles operate under the control 

of fewer operators [19]. In this environment, platforms such as air taxis [20], 

commuting people around urban areas, will operate alongside platforms performing 

package deliveries, either for private parties or for medical first responders [21], 

within a highly dense air traffic scenario. Relevant research studies are focused on 

the investigation of both social/economical aspects potentially affecting the air 

transportation market [22] as well as on regulatory [23] and technological aspects. In 

this latter perspective, technological innovations in several systems, including both 

onboard avionics and air traffic control/management and surveillance systems, are 

needed to achieve the technological maturity level, also referred to as UAM Maturity 

Level (UML) [24], required to support the forecasted highly dynamic and highly 

dense volumes of operations. 
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A key enabler for the UAM/AAM vision is the design of a detection and 

tracking solution to be used in a surveillance architecture. In this field, the efficacy of 

cooperative traffic monitoring systems relying on the broadcast of information from 

the surrounding traffic, via Automatic Dependent Surveillance-Broadcast (ADS-B) 

transponders for instance, can be weakened by the absence or unreliability of GNSS 

information typical of urban areas. Although secondary information sources for 

ADS-B can be implemented to tackle its dependence on GNSS [25], non-cooperative 

solutions need to be considered to also strengthen the surveillance architecture 

towards malicious intrusions within the flight volumes. From this point of view, the 

DAA concept intercepts the UAM/AAM surveillance one being, in fact, foreseen as 

a constitutive crucial onboard system for the mitigation of risks associated to in-

flight collisions with fixed and moving obstacles [26]. Indeed, the concept of 

distributed sensing, also including airborne DAA, is being investigated to provide 

improved air monitoring performance and enable the level of autonomy and 

reliability required for AAM. In addition to the enhanced surveillance coverage, a 

distributed network of sensors used to monitor specific air corridors and take-off and 

landing sights, i.e., vertiports, can also bring advantages in terms of higher precision 

and accuracy achieved by exploiting the different viewing angles and spatial 

disposition of the sensors in the network [27]. It appears to be clear that these 

benefits can only be unlocked by implementing fusion strategies which account for 

the different components of the sensing network. 

Following this research, this thesis discusses experimental assessment of visual 

and RADAR-based sensing strategies for a network of distributed ground-based 

sensors and proposes a novel fusion solution to improve track coverage using the 

RADARs comprised within the network. The strategies are tested on experimental 

data collected during joint activities with the NASA Langley Research Center, where 

data were gathered with three distributed sensing nodes observing the flight of up to 

five sUAVs. First analyses are focused on the benchmarking of different visual-

based and RADAR-based detection and tracking strategies, highlighting the 

feasibility of keeping tracks of multiple objects, either drones or birds, with 

customized EKF trackers. However, track dropouts are verified for the single 

sensors’ implementations, especially in the RADAR case where the cluttered 

environment challenges the retrieval of valid measurements. To reduce track 
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dropouts, fusion strategies can be designed to leverage on the availability of 

measurements from sensors located in different positions. In these regards, this thesis 

proposes an innovative RADAR-based helper-leader fusion strategy where a main 

RADAR (leader) exploits the measurements of the other (helper) to increase the 

lifespan of its firm tracks, yielding to higher track coverage percentages with respect 

to the single RADAR implementation. The strategy reproduces a scheme where data 

between devices located along the monitored flight area need to be exchanged and 

thus the translation of measurements and inflation of their covariances is required for 

their injection within the EKF of the leader’s tracker. As an additional contribution, 

an effective RADAR interference mitigation method is also provided within the 

thesis. The latter gains major relevance when multiple radars operate with 

overlapping FOVs and is thus used as a data pre-processing step to filter out 

unwanted, interference-affected measurements before tracking takes place. 

1.3 COOPERATION BETWEEN UAVS 

The utilization of teams of multiple UAVs using cooperative behaviours is a 

powerful tool to complete tasks with enhanced efficiency. The possible applications 

of multi-UAV cooperation are numerous and range from their physical coupling for 

load transportation [28], [29], to the exchange of information for disaster 

management, such as wildfires image collection [30], or post-disaster monitoring 

[31]. Nevertheless, cooperation can play a major role in enabling navigation of single 

UAVs operating in environments where their autonomous flight might be otherwise 

hindered. If the focus is set on urban areas, where UAVs will heavily be deployed in 

the future, different challenges arise. Firstly, the accuracy of GNSS data, on which 

the absolute localization of own-ships relies, can be strongly weakened or totally 

absent in scenarios with urban canyons where the presence of spoofing and jamming 

signals is an additional issue to be considered. Furthermore, the presence of large 

metallic structures and electromagnetic fields can negatively affect the performance 

of the onboard Inertial Measurement Unit (IMU) whose magnetometers’ reading can 

be distorted, thus yielding to coarse heading angle estimates.  

The work carried out in the context of multi-UAV cooperation is focused on 

this latter aspect and provides a novel calibration strategy for magnetometers by 

estimating onboard and external magnetic disturbances and improving the accuracy 
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of the heading estimate. The strategy exploits both CDGNSS and visual information 

and is tested offline on experimental data collected with onboard sensors during the 

flight of two sUAVs. During the flights a chief UAV, for which magnetometers’ 

calibration needs to be performed, is maneuvered as to rotate around a deputy UAV, 

which is used as an aiding agent for the calibration procedure.  

1.4 THESIS OUTLINE 

The presented thesis aims at investigating non-cooperative sensing strategies 

for low altitude sUAVs which can be used to design both DAA and UAM/AAM 

surveillance technologies. Furthermore, it also explores the feasibility of using multi-

UAV cooperation to improve magnetic heading angle estimates. In this latter case, 

sensing is also required to enable the computation of onboard and external magnetic 

disturbances. The structure of the manuscript is as follows. 

Chapter 2 provides a comprehensive literature review of the stat-of-the art 

strategies for detection and tracking of UAVs with non-cooperative sensors. In this 

case, an analysis is provided for all type of sensors, both passive and active, while a 

majorly detailed discussion for RADARs and visual cameras, which have been used 

during the research activities, is presented. The review remarks the limitations of the 

application of single sensors and thus also provides an overview of the fusion 

strategies utilized by the research community over the latest years. 

Analyses focused on the performance of a non-cooperative DAA architecture 

are presented in Chapter 3. Here, the idea of an adaptive sensing strategy used to 

design an onboard multi-sensor DAA architecture is discussed and numerical results 

on its performance are presented. Then, the focus is shifted to purely visual solutions 

where the feasibility of estimating range from the appearance of targets on frames 

experimentally collected during sUAVs flights is assessed and its impact on conflict 

detection is investigated. 

The work carried out on RADAR and visual sensing strategies for DAA relies 

heavily on experimental data collected in relevant scenarios, which can be used to 

more properly assess the performance in real-world conditions. Therefore, before 

presenting the developed solutions, details on the experimental tests performed are 

provided in Chapter 4. 
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Chapter 5 presents the standalone visual-based and RADAR-based detection 

and tracking strategies developed and tailored for sUAVs with low altitude flight 

profiles. Both the proposed tracking strategy, which exploits Kalman filtering 

approaches, and the detection strategy with different detectors, in the case of visual 

cameras, and pre-processing step applied on RADAR data are discussed. In the latter 

case, the effects of noise, mostly related to ground clutter is remarked. Then, fusion 

solutions based on RADAR/visual information are discussed in Chapter 6 where 

three main fusion strategies are detailed. These differ in terms of computational 

complexity and data exchange requirements. The results presented highlight the 

benefits achievable when information is fused.  

In Chapter 7 the focus is set on distributed sensing for UAM/AAM 

surveillance. In this case a brief introduction to the experimental activities carried out 

at the NASA Langley Research Center is provided before discussing the proposed 

strategies and the results thereof. As a first step, benchmarking of different RADAR-

only and visual-only sensing strategies is discussed. Then an innovative fusion 

solution merging data of the RADARs within the sensing network is proposed as a 

mean to effectively counteract the lack of measurements of one RADAR by 

exploiting the others, thus improving the track coverage performance. 

Chapter 8 proposes the multi-UAV cooperative strategy for magnetometers 

calibration which simultaneously computes the magnetic disturbances, from the 

onboard components and the rotating propellers of a multirotor, and the magnetic 

declination. The results are evaluated by exploiting a pointing accuracy analysis 

where the heading angle achieved with the calibration technique is compared to the 

“un-calibrated” one as well as to the estimate from the onboard navigation filter. 

Tests carried out on experimental data during the flight of two sUAVs show 

improvements in pointing accuracy using both ground-based and airborne control 

points. 

Finally, Chapter 9 draws the conclusions of the thesis. 
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thus being in most cases too sensitive to the environmental sounds for a reliable use 

in DAA. 

Table 2.1  Major characteristics of sensors used for UAV detection and tracking. 

 Sensor Pros Cons 

 

 
 

P 

A 

S 

S 

I 

V 

E 

Visual 

• Low cost 

• Low SWaP 

• High angular accuracy 

• Limited by illumination 

and weather conditions 

• No direct distance 

measurement (unless 

multiple cameras are 

used) 

Thermal/Infrared 

• Low cost 

• Low SWaP 

• Independent from 

illumination/weather 

• Lower resolution with 

respect to visual cameras 

• No direct distance 

measurement (unless 

multiple cameras are 

used) 

Acoustic 

• Low cost 

• Low SWaP 

• Limited by environmental 

sounds 

• No distance measurement 

• No bearing measurement 

(unless multiple devices 

are used) 

 

A 

C 

T 

I 

V 

E 

LiDAR 

• Direct range 

measurement  

• High pointing and range 

accuracy 

• High cost 

• Low detection ranges  

• High computational cost 

for data processing 

RADAR 

• Direct range/range rate 

measurement 

• High range accuracy 

• Weather and 

illumination 

independent 

• High cost 

• High power consumption 

• Interference phenomena  

can degrade the 

performance 

Active sensors, e.g. Radio Detection And Ranging (RADAR) and Light 

Detection And Ranging (LiDAR), rely on their own source of energy and exploit its 

backscattering on the surface of detected objects to retrieve information about their 

distance. The biggest advantage in their exploitation is therefore represented by the 

possibility of achieving both range and angular information, as well as radial velocity 

or range rate in the case of Doppler RADARs, under all-weather-all-time conditions. 

The typically lower detection ranges of LiDARs, if compared to the novel RADAR 

technologies, and the computationally expensive data processing steps which need to 

be applied to their raw measurements (dense 3D point clouds) are the main reasons 

behind a lower interest of their exploitation for DAA and surveillance applications.  

The limits of standalone passive or active sensors implementations can be 

largely overcome by designing data fusion strategies which can benefit from a wide 
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suitable for UAV-based airborne applications including fire detection [37], ground 

inspection [38] and surveillance [39]. Few examples dealing with the specific case of 

UAVs IR detection can be found in references [40], [41]. Specifically, the 

experimental assessment carried out in [40] highlights the unexpected lower heat 

footprint of the propellers of small multirotor UAVs if compared to their batteries 

while reference [41] details a CNN-based detection methodology for UAVs captured 

within the IR spectrum.  

As far as visual cameras are concerned, though their operations are strongly 

related to the external environment, e.g., weather and illumination conditions, the 

significant advancements in the computer vision field , fueled by the increasing 

availability of relevant datasets [42]-[44], their low SWaP characteristics and ease of 

installation have resulted in a skyrocketing trend of their exploitation. In this context 

most works focus on spatial-temporal filters or appearance-based ML approaches 

while fewer literature examples deal with the exploitation of event-based visual 

cameras, with which motion in the scene can be inferred by means of pixel 

brightness changes [45]. In reference [46], the CASIA I system by Iris Automation 

[47] is used onboard a small, fixed-wing UAV to detect the presence of a General 

Aviation (GA) manned aircraft intruder during flights which include different 

encounter scenarios and BVLOS operations. The exploited ML-based detection 

system achieves an average detection range of about 700 meters, while proving its 

ability in autonomously declaring a collision threat and performing avoidance 

maneuvers accordingly. In [48], [49], a detection strategy based on a Close-Minus-

Open morphological filtering stage, to detect both positively and negatively 

contrasting objects with respect to the background, is exploited and coupled with 

temporal filtering based on two different strategies, either hidden Markov model or 

Viterbi-based filtering. The two proposed solution, tested on data collected during 

real encounter-like flights of two small fixed-wing UAVs, show comparable 

performance in terms of detection range while also proving the importance of image 

compensation and stabilization to reduce jitter within images. This latter point was 

later explored in [50], where the authors prove increased detection ranges when the 

image stabilization is achieved using approaches based on inertial sensors rather than 

on the camera images. A detailed experimental analysis of a visual detection and 

tracking strategy for DAA can be found in [51] in which a detection pipeline 
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such as trees and buildings. Tracking of a sUAV by means of LiDAR measurements 

is discussed in [68]. In this case, a voxel-based occupancy map approach is used for 

the detection of objects in the LiDAR FOV, thus avoiding the computationally and 

timely expensive sampling/grouping of raw 3D points. Therefore, as a first step 

clusters of points are generated by grouping points based on their Euclidean distance, 

then their classification as either background or flying object is performed by 

analyzing the neighboring voxels. The presented results show that by implementing a 

multi-target tracking strategy, thus preserving target position estimates during a 

temporary absence of measurements, recall values can be significantly improved 

with small losses in position accuracy. The study conducted in [69] proposes a 

LiDAR obstacle warning and avoidance system as a constitutive element of a DAA 

architecture. A complete survey of the system architecture, mathematical models and 

avoidance trajectories generation are provided. Specifically, the performance of the 

algorithm responsible for the latter are assessed within a simulation environment 

where a UAV, equipped with the proposed system, is able to detect and avoid fixed 

obstacles (wires of a power line and buildings). A simulation-based method is also 

used in [70] where a sUAV is identified as the target to be detected and avoided 

during encounters, at varying speeds and distances, in UAM corridors. In this case, 

experimental tests are conducted to retrieve the scanning patter of the device whose 

behavior is then simulated.  

 

Figure 2.3  LiDAR point clouds for two different UAVs at increasing distances (reported in left 

corners of each image) [66]. 
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distance of 200 meters. Nevertheless, in addition to clutter from fixed scatterers, the 

presence of multiple moving objects, especially when close in space, can also cause 

the generation of false tracks when used as input during the tracking phase. This is 

shown in [80], where tracks belonging to a UAV flying at a maximum distance from 

a fixed RADAR of about 400 meters are merged to tracks of cars moving in the 

surroundings. As a solution, the authors propose the application of the Hough 

transform to enhance detection and tracking of UAVs.  

The advancement in RADAR technology, especially in the field of FMCW 

devices, has promoted improvement in their performance for small objects sensing as 

well as reduction in their dimensions, thus leading to the design of devices which are 

evermore suitable for airborne applications. This has also been pushed by the recent 

introduction of low-cost Commercial Off The Shelf (COTS) automotive RADARs. 

In [81] a demonstration of the greater performance of a FMCW RADAR with respect 

to a pulsed one is provided for the case of sUAV detections which occurs at greater 

distances with the first technology. Instead, references [82], [83] compare the 

performance of similar FMCW RADARs during the flight of a multirotor and fixed-

wing UAV, respectively, achieving range detection capability beyond one kilometer 

in both cases. Specifically, in [82] the authors discuss the good accordance between 

RADAR tracks and a GNSS benchmark while also proving the capability of the 

RADAR to sense other moving objects such as birds. A similar study is conducted in 

[83] where, however, the lower operating frequency band and maximum distance 

reached by the UAV promote a detection range below 50 meters. A proof-of-concept 

of a RADAR-based DAA architecture is provided in [84] where experimental tests 

with multiple small multirotor, with attached corner reflectors to improve their 

detectability, are observed by a ground-based RADAR achieving detection rages 

about 250 meters. The exploitation of an automotive RADAR is explored in [85] 

where different automotive RADARs are used to capture data of a small UAV up to 

40 meters. Additional analyses are also provided by installing an onboard RADAR 

on a multirotor and confirming the accuracy of its tracks by comparison with an 

available GNSS ground truth.  

The research works analyzed so far are greatly contributing to the development 

of sensing strategies relying on RADAR data which, however, can be difficult to 
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interpret when classification of detected objects needs to be performed. In these 

regards, the use of Doppler RADARs, measuring Doppler-shifts, thus radial 

velocities, can be an advantageous solution. Research works have, in fact, shown the 

feasibility of distinctly identifying UAVs RADAR signatures by exploiting their 

micro-Doppler effect, which arises from fast rotating parts such as propellers. 

Examples can be found in [85]-[87]. Specifically, the difference between UAV- and 

bird-driven signatures is analyzed in  [86]. CNN-based methods can also be used to 

classify UAVs based on their micro-Doppler behavior. In this context, reference [87] 

shows promising results, though highlighting the challenges which arise when false 

alarms, thus other objects, are present in the FOV. Instead, reference [88] provides a 

novel classification solution which reaches accuracy levels above 90% both in indoor 

and outdoor environments. 

 

Figure 2.4  RADARs mounted on the wings of a fixed-wing UAV [77]. 

2.3 DETECTION AND TRACKING OF UAVS WITH MULTIPLE 

SENSORS 

The constraints which arise from the use of sensors in standalone 

configurations can be overcome by applying fusion strategies designed to leverage 

on the availability of information, typically complementary in nature, from multiple 

sources. The related research literature is not as wide as that which focuses on the 

study of the standalone architectures.  

Some of the available examples deal with the fusion of information retrieved 

both by cooperative and non-cooperative sensors. The idea behind such 

heterogeneous architecture lies in the fact that UAVs can be more accurately 

detected if equipped with transponders which, however, might be absent or 
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weakened by corruption (or interruption) in the reception of GNSS signals. 

Following this logic, references [89] and [90] propose a multi-sensor DAA 

architecture which is based on ADS-B data but exploits different non-cooperative 

sources as well. In [89], such sensors are Radio Frequency (RF) and RADAR ones 

whose measurements are fused with ADS-B by means of conditional schemes. The 

latter decide upon which measurement to be kept based on their distance in a 

cartesian reference frame. As a generical rule, RADAR data is always neglected 

when ADS-B information is available. In reference [90], a concept coupling the 

ADS-B information with a LiDAR and visual/thermal cameras is proposed. While 

the LiDAR can be exploited to measure the distance of intruders, the IR camera is 

used to strengthen the architecture in bad weather and low illumination conditions. 

Tests carried out in simulated environments show that the designed architecture 

would be able to support the maintenance of a safe separation distance between 

UAVs starting from ranges of 500 meters. 

As far as fully non-cooperative architectures are concerned, a wide variety of 

different multi-sensor strategies, encompassing all previously mentioned sensors, 

have been proposed in past and recent works. In [91] visual and infrared cameras, 

whose data is pre-processed by means of ML approaches, are used as primary 

sensors while audio data is used to detect the proximity of multirotor or helicopter 

based on their distinctive sound and ADS-B data is used to keep track of all aircraft 

flying in the test region. The performance achieved in both visual and IR spectrum 

prove to be comparable while advantages of fusing the output of each sensor are 

demonstrated in terms of increased percentage of correct drone classifications if 

compared to the standalone cameras cases. In [92] the authors have also expanded 

their research by including a low-range RADAR sensor which proves detection 

capability for a sUAV up to 24 meters in range. Acoustic and visual data are also 

used in [93] where CNN approaches are exploited to identify the presence of sUAVs 

during flight, proving higher accuracy when fusion of data is considered. Fusion can 

also be achieved on sensors of the same type to increase the accuracy of the final 

estimate or improve the coverage over a certain area. Such concept is proposed in 

[94], for instance, where a distributed network of RADARs is used to track small 

UAVs, within a simulation environment, during unreliable, e.g., affected by 

spoofing, GNSS navigation. Indeed, multiple visual cameras can also be used within 
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Figure 2.5  Top: true (blue) and estimated (green) trajectory of eVTOL in simulation. Bottom: 

track divergence (red) caused by low visibility conditions during simulation. Red dots 

indicate cameras location, RADARs locations are in FMG and MHP [97].  
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Chapter 3: Adaptive Conflict Detection 

Strategy 

In the framework of non-cooperative DAA solutions, the analysis of missed 

and false conflict detection probabilities plays a crucial role in the assessment of the 

performance of the deployed sensing architecture which can be designed to involve 

multiple sensors, either similar or dissimilar. Given the significant challenges faced 

by such architectures for low-altitude-flying sUAVs, a promising idea is to tailor 

sensing resources and approaches towards near collision geometries and given time 

to collision requirements, thus trying to reach reasonable trade-offs between missed 

detections and false alarms. In fact, it is clear that conflict conditions change as a 

function of the obstacle position in the field of regard. In particular, the angle 

between the line of sight (LOS) to the obstacle and the current own-ship velocity 

vector plays the major role, with lateral conflicts being characterized by less 

challenging range requirements. In most studies on non-cooperative sensing, worst 

case geometries (i.e., near frontal encounters) are considered to define and tune 

detection and tracking architectures and algorithms, and to verify the possibility to 

fulfil application requirements. This approach naturally drives towards maximizing 

the detection range in the whole Field Of Regard (FOR). An alternative approach 

consists in focusing on time to closest point of approach as the key driver for sensing 

system design and tuning. The idea of targeting specific values of such time naturally 

drives towards space/time adaptive sensing concepts. 

This chapter explores the feasibility of designing adaptive sensing strategies to 

improve the performance during conflict detection processes. Two main 

contributions are tackled and summarized below. 

• The idea of space/time adaptive sensing strategies is introduced based on 

the concept that obstacle detection and tracking, and conflict detection, 

should account for the variation of closure rates within the field of regard. 

This concept can support the design and optimization of multi-sensor-based 

architectures as demonstrated exploiting a numerical simulation 
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based conflict detection criterion for the camera, assuming reliable range estimates 

achieved with the shape-based method, is practically never used in the cases under 

consideration. 

 

 

Figure 3.4  LOSrateth used in far-range (top) and medium-range (bottom) regions for varying VUAV 

and VINT=15 m/s. 
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i.e., time>263 s, where the UAV is still in conflict with the intruder (dCPA<dCPA,th), 

but the LOS-based criterion with constant range would not declare collision, unlike 

the adaptive one. 

 

Figure 3.10  a) LOS rate and LOS rate threshold, b) dCPA and dCPA threshold, b) true and estimated 

range by shape-based ranging technique. Left: Encounter 1. Right: Encounter 2. 
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Given the frequency of acquisition of each sensor and the typical 10-minutes 

flight of Eagle, the datasets used within this work comprise around 18 Gigabytes of 

frames from the camera and 14 Megabytes of measurements from the RADAR. 

 

Figure 4.1  sUAV used during flight tests (Eagle) and its constitutive components.  

4.2 ALIGNMENT OF SENSORS 

The temporal and spatial alignment of sensors is crucial for multi-sensor 

architectures as it enables the comparison of performance (when different devices are 

analysed) as well as the fusion of data (when fused solutions are designed). During 

the performed flight tests, alignment in the time domain is achieved by exploiting a 

common temporal reference based on GNSS information. The attitude determination 

of each sensor yields the spatial alignment of their data with respect to a common 

North-East-Down (NED) reference frame. In this work, attitude determination is 

performed by exploiting the Quaternion ESTimation (QUEST) algorithm [107]. 

4.2.1 Temporal alignment of sensors  

To achieve temporal alignment, the ground station time (CPU time) of each 

raw sensor data is saved, yielding to the availability of tCPU,gnss, tCPU,rad and tCPU,cam 

for GNSS messages, RADAR detections and image captures, respectively. While the 

CPU time-tag could potentially already be used for data synchronization, it would 

not be sufficient in cases where other sensing devices connected to different 

computers, e.g., sensors onboard the UAV, need to be considered. To address this 
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Table 4.4  Characteristics of encounters in dataset 2. 

Flight Encounter 
Duration 

(s) 

Range variation  

(m) 

Azimuth variation  

(°) 

Elevation 

variation 

 (°) 

1 1 44.1 [46.2, 422.9] [33.8, 39.4] [2.3, 24.9] 

1 2 69.1 [53.7, 552.3] [29.8, 37.9] [2.2, 23.9] 

1 3 64.7 [77.5, 458.8]  [17.9, 58.1] [2.8, 15.4] 

2 1 54.6 [72.7, 548.6] [35.2, 45.3] [2.3, 17.1] 

2 2 49.5 [51.6, 503.7] [17.4, 40.5] [2.5, 23.4] 

Table 4.5  Results of the QUEST procedure on RADAR and camera  for dataset 2. 

 γ (°) β (°) α (°) 

RADAR 35.8 5 2.3 

Camera 36.5 6.5 -0.5 
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with a search window, built on the current image and centred at the track prediction. 

The pixel corresponding to the correlation peak (if greater than a threshold Tpeak) is 

identified as a possible candidate to be passed to the firm tracker. Once a track is 

confirmed, the first template is generated from the current image as a rectangular 

bounding box of Nx,temp×Ny,temp pixels centred at the associated detection. The 

template dimensions are chosen by considering that the observed object is typically 

unknown, thus, to account for different classes of UAVs, a reasonable choice is that 

of setting the template length to be greater than its height. However, during the 

intruder motion, its size on the camera frames can strongly change, varying from few 

pixels, in long-range condition, to several tens of pixels in close range conditions. 

Therefore, a fixed template would cause a quick loss of the target and a strong 

divergence in the firm tracking error. To avoid this unwanted effect, a template 

update criterion is implemented to generate new templates whenever the number of 

pixels occupied by the target on the image plane (Ntgt) changes significantly. Three 

regions can then be designed based on Ntgt, thus accounting for the target transition 

between far (Ntgt≤Nfar), medium (Nfar<Ntgt≤Nmed) and close-range regions 

(Nmed<Ntgt≤Nclose). At each new region entrance, the template is updated and its 

dimensions are changed in relation to the new length of the target on the image 

plane, also expressed in pixel terms (Ltgt), considered as the target dimension which 

is expected to more likely show a significant variation. At each firm tracking step, 

the values of Ntgt and Ltgt are estimated by applying edge detection techniques on a 

smaller, halved in size, search window. If a template update is found to be needed, its 

length is changed (increased if approaching encounters are considered) to Ltgt/2 

pixels, and its height is also changed as to always keep the same length-to-height 

ratio, i.e., Nx,temp/Ny,temp. 
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of different measurements of the same object in a single frame. Thus, at each frame, 

clusters of detections which appear to be adjacent in azimuth or elevation and have 

comparable ranges are identified and merged. In more practical terms, these clusters 

verify differences in azimuth, elevation and range which are smaller or equal to the 

values of Δaz, Δel and Δr, respectively. The latter threshold can be set equal or 

slightly greater than the range resolution of the RADAR depending on the expected 

sensor performance. If identified, a cluster of detections is merged by computing an 

average of its corresponding measurements. Specifically, the elevation measurement, 

is weighted over the power scattered back by the detected target as to reduce the 

impact of side lobe detections. 

At the end of the filtering and centroiding process, measurements are rotated in 

the NED frame centred at the RADAR location by exploiting the rotation matrix 

from RRF to NED (Mr
n).  

 

Figure 5.6  Left: Graphic illustration of scanning pattern of the RADAR (RAD). Generated beams 

are depicted as orange ellipses. Beam observed at given time instant is highlighted in 

orange. Right: Graphic illustration of a single RADAR frame in the azimuth and 

elevation field. 

5.3.2 RADAR tracking 

The RADAR-based tracker exploits a cartesian state vector which contains the 

relative position (x,y,z) and velocity (ẋ,ẏ,ż) of targets with respect to the RADAR 

location in NED. This yields a definition of the state vector as x=[x,y,z,ẋ,ẏ,ż]. The 

measurement vector is expressed as z=[r,az,el,ṙ] and contains filtered and centroided 

measurements, instead. Conversely to the visual-only case, the pipeline foresees the 

application of prediction-correction schemes at each step, thus propagating all types 

of tracks from one-plot to firm ones. This choice depends on the frequency with 





69 

 

I ΔT
;ΔT I

O I
T

 
 = = 

 
 (5.7) 

3 2

2 1

3 2

3 2

3 2

23

1

Q Q
Q=

Q Q

0 0 0 0
3 2

Q 0 0 ;Q 0 0
3 2

0 00 0
23

0 0

Q 0 0

0 0

x x

y y

zz

x

y

z

T T
q q

T T
q q

TT
qq

q T

q T

q T

 
 
 

   
   
   
   
   = =
   
   
   
     

 
 

=  
 
 

 (5.8) 

2

2

2

2

0 0 0

0 0 0
R=

0 0 0

0 0 0

r

az

el

r









 
 
 
 
 
 
  

 (5.9) 

The track deletion criteria adopted in the RADAR-based tracking algorithm are 

designed to be adherent to the sensor operation. Specifically, the time needed by the 

RADAR to build a single frame, thus completing a whole FOV scan (ΔTFOVscan), is 

taken into account. Tracks are thus maintained in prediction-only condition, i.e., in 

absence of successful associations, when the time elapsed from the last correction of 

a given track is NmaxFTscans, NmaxTTscans and NmaxOPTscans times greater than ΔTFOVscan for 

firm, tentative and one plot tracks, respectively. 

5.4 RADAR AND VISUAL TRACKING RESULTS 

5.4.1 Results on dataset 1 

In this section, preliminary results on RADAR-based and visual-based tracking 

results are presented. The results are achieved by applying the methodologies 

discussed in the previous sections to the experimental data contained within dataset 

1. Specifically, first analyses for the visual-based tracker are provided by applying 

the DL-based approach. For the sake of clarity and compactness, in the following 
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Figure 5.9  Dataset 1 - Encounter 1. Results from RADAR tracking compared with benchmark.  
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Figure 5.10  Dataset 1 – Encounter 1. Comparison of visual and RADAR tracking errors.  

Table 5.2  Dataset 1 - Encounter 1. RMS for visual DL-based tracker and RADAR tracker. 

 r error 

(m) 

ṙ error 

(m/s) 

az error 

(°) 

aż error 

(°/s) 

el error 

(°) 

el̇ error 

(°/s) 

RADAR 0.54 0.41 0.80 0.24 3.1 0.71 

Camera - - 0.29 0.07 0.21 0.17 

Table 5.3  Dataset 1 - Encounter 2. RMS for visual DL-based tracker and RADAR tracker. 

 r error 

(m) 

ṙ error 

(m/s) 

az error 

(°) 

aż error 

(°/s) 

el error 

(°) 

el̇ error 

(°/s) 

RADAR 1.0 1.02 2.61 1.32 4.02 0.83 

Camera - - 0.55 0.29 0.68 0.61 

5.4.2 Results on dataset 2 

Further results on the standalone visual- and RADAR-based tracking strategies 

are presented in this section where dataset 2 is exploited. Both visual strategies based 

on DL and MF-TM detectors are used and their performance in terms of accuracy are 

compared with the RADAR tracking solution. To properly assess such performance, 

the higher range encounter of flight 1, with maximum range slightly above 500 
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dataset 1 are confirmed in this case too, with angular accuracies being not 

comparable with the visual one, below 1° in azimuth and 2° in elevation. 

Nevertheless, range and range rate show the expected satisfactory values, with RMS 

below 2 m and 0.5 m/s, respectively. 

 

Figure 5.11  Dataset 2 - Flight 1 – Encounter 2. Results from DL-based visual tracking compared 

with benchmark. 
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Figure 5.12  Dataset 2 - Flight 1 – Encounter 2. Results from MF-TM visual tracking compared with 

benchmark. 

 

Figure 5.13  Dataset 2 – Flight 1 – Encounter 2. Templates generated during visual tracking with 

MF-TM approach. Dimensions of template are reported under each figure. 

Table 5.4 Dataset 2 – Flight 1 - Encounter 2. RMS for visual DL, visual MF-TM and RADAR 

trackers. 

 r error 

(m) 

ṙ error 

(m/s) 

az error 

(°) 

aż error 

(°/s) 

el error 

(°) 

el̇ error 

(°/s) 

RADAR 1.46 0.32 1 0.24 1.85 0.44 

Camera 

DL 
- - 0.23 0.05 0.41 0.06 

Camera 

MFTM 
- - 0.26 0.04 0.37 0.07 
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Figure 5.14  Dataset 2 - Flight 1 – Encounter 2. Results from RADAR tracking compared with 

benchmark. 
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Figure 6.2  Flow diagram of the fused visual/RADAR EKF with MF-based measurement and 

adaptive template matching. 

6.2 FUSE-BEFORE-TRACK STRATEGY 

The FBT fusion strategy is here detailed using different subsections. The 

former, presents the innovative fusion step designed to act on the measurement level 

to filter RADAR detections. The latter, focuses on the tracking and DAA-related 

performance assessment providing the methods used to evaluate distance and time at 

closest point of approach. The tracking strategy is the same of the hierarchical 

solution discussed in the previous sub-section and its presentation is therefore 

omitted.  

6.2.1 FBT methodology 

In the FBT step, RADAR measurements are projected on the image plane and 

compared to the corresponding visual detections (extracted with the DL detector) to 

verify their consistency with the visual data, which are not affected by the same 

clutter phenomenology. This processing step requires to account for the asynchrony 
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ξF = (xCAM,FT – g(xRAD,FT))T (GPRAD,FTGT + PCAM,FT)-1 … 

(xCAM,FT – g(xRAD,FT)) 
(6.5) 

For T2TA to be valid, the condition ξF<ξF,th must be verified where the 

threshold (ξF,th) must be chosen according to the degrees of freedom of ξF which are 

equal to the number of estimate contained within xCAM,FT (4 in the analyzed case). If 

a successful association condition is found, the two states are exploited to define a 

fused state estimate (xFUSED,FT) and its covariance (PFUSED,FT) using the gain matrix 

(KF) as follows. 

KF = PRAD,FTG(GPRAD,FTGT + PCAM,FT)-1 
xFUSED,FT = xRAD,FT + KF(xCAM,FT – g(xRAD,FT)) 

PFUSED,FT = (I - KFG)PRAD,FT 

(6.6) 

The proposed T2TF method is based on the availability of both LT-estimated 

states and covariances. Therefore, if the aforementioned visual and RADAR LTs are 

implemented, it can only be exploited once both LTs have reached the firm tracking 

step. This limitation is mostly imposed by the visual LT which is designed as to 

exploit a linear KF only at firm tracking level, thus making the information of a state 

covariance matrix unavailable when lower-level tracks are established. 

 

Figure 6.4  Scheme of the proposed Track-to-Track fusion strategy. 
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improved, with RMS values dropped down to below the degree level for both 

azimuth and elevation while range and range rate do not seem to show any 

significant variation.  

It is possible to conclude that the advantages of exploiting a fused strategy, 

rather than a standalone RADAR-based one, are proven in terms of a better angular 

and angular rate accuracy (sub-degree), coupled with the highly accurate range and 

range rate estimates (below meter and meter-per-second levels). Declaration range is 

also comparable to maximum of the encounter. 

 

Figure 6.5  Dataset 2 – Flight 1 – Encounter 2. Results of the hierarchical visual/RADAR fusion 

strategy with DL-based measurements. 
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Figure 6.6  Dataset 2 – Flight 1 – Encounter 2. Results of the hierarchical visual/RADAR fusion 

strategy with MF-TM approach. 

 

Figure 6.7  Dataset 2 – Flight 1 – Encounter 2. Templates generated during the template generator 

and update procedures of the visual/RADAR fusion strategy with MF-TM approach. 
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Figure 6.9  Results of the FBT filtering procedure on one frame from case F1E3 of dataset 2. 

RADAR ROI depicted as rectangles. Visual measurements are depicted as red circles. 

Confirmed RADAR ROI is highlighted in green and zoomed on the left part of the 

figure. Dataset 2. 
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Figure 6.10  (a) Un-processed RADAR measurements rotated in NED for the case F1E3. (b) Results 

of the FBT procedure on case F1E3. Dataset 2. 
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Figure 6.11  Results of the estimation of horizontal and vertical components of the distance at 

closest point of approach and time to closest point of approach (red lines) shown along 

with their reference ground truth solution (blue line). Cases F1E3 (top) and F2E2 

(bottom). Dataset 2. 
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Figure 6.12  Errors in the horizontal and vertical components of the distance at closest point of 

approach and time to closest point of approach with respect to the ground truth. Green 

lines represent errors when tCPA<50 s. Cases F1E3 (top) and F2E2 (bottom). Dataset 

2. 

 














