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ABSTRACT 

In recent decades, uncrewed aerial vehicle (UAV) technology has undergone repeated rapid 

advancements, enabling novel applications in civil, commercial, and scientific projects. 

Implementing UAV operations in each of these contexts requires the development of thorough 

safety systems for traffic management and collision avoidance. This is particularly true for 

beyond visual line-of-sight (BVLOS) operations, which require automated Detect and Avoid 

(DAA) Systems to recognize collision threats and direct avoidance maneuvers when necessary. 

EO/IR sensors are commonly employed by DAA systems, providing a low-weight and low-

power means for capturing high resolution imagery of surrounding airspace. 

 

This thesis begins with a review of the history of the aircraft collision avoidance problem 

followed by an introduction to EO/IR system design. The historical review provides relevant 

regulatory and technological background for optical engineers who may be unaware of the 

context surrounding DAA technology. The technical review, then, provides DAA researchers 

who may be more familiar with other system components or sensing modalities with the 

necessary optical background to appreciate the contribution of the EO/IR study. After this 

introduction, plane-to-sky contrast is compared in the VIS (0.4 to 0.7 µm), SWIR (1 to 1.7 µm), 

MWIR (3 to 5 µm), and LWIR (8 to 14 µm) to determine which band is most sensitive to a C182 

general aviation aircraft signal against a clear sky background. Contrast in the two reflective 

bands (VIS and SWIR) is determined in terms of equivalent reflectivity, and contrast in the two 

emissive bands (MWIR and LWIR) is determined in terms of equivalent blackbody temperature. 

Sensitivity data is then used alongside resolution specifications to estimate detection range 

performance using the Night Vision Integrated Performance Model (NVIPM). Results are 

extrapolated to a maritime atmosphere using the MODerate resolution atmospheric 

TRANsmission model (MODTRAN). The analysis of contrast, detection range-performance, and 

recommendations on band selection are provided for reference in the design of EO/IR systems 

for aircraft collision avoidance. Future research may study band performance at night, against 

other backgrounds (e.g. clouds, ocean, ground terrain), and over different elevation angles (±15° 

degrees). 
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 CHAPTER 1    

A History of the Collision Avoidance Problem 

1 . 1 .  Aircraft Collision Avoidance in the 20th Century 
 

Aircraft collision avoidance has been a priority for pilots, aviation companies, and government 

authorities since the invention of the airplane at the turn of the 20th century. In the decades 

following the first successful aircraft flight in 1903, air traffic safety was managed by the small 

aviation companies who designed, tested, and sold the first airplanes. Pilot safety regulations 

were then modeled after marine practices, focusing on aircraft light requirements and pilot 

visibility. The efforts of aviation researchers and corporations to safeguard pilot safety mostly 

focused on decreasing the complexity of cockpit instrument panels and developing multipurpose 

instruments which would facilitate the pilot’s ability to focus more attention on surrounding 

airspace. Pilots relied on magnetic compasses for navigation, and they flew no higher than 500 

feet above ground to track roads and railways. These and other technological limitations meant 

collisions were commonplace and often fatal [1]. 
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Figure 1.1. The world’s first functional aircraft was engineered by Orville and Wilbur Wright. This 

photograph records its first successful flight in Kitty Hawk, North Carolina on December 17th, 1903 [2]. 

A lack of consistent and integrated safety regulations increased the likelihood of collisions. In 

1919, the European-sponsored International Convention for Air Navigation proposed “rules of 

the road” which aimed to mitigate the risk of midair collisions and to provide some basis for the 

development of more thorough systems of air traffic control [3]. By the late 1920’s, a 

commercial airline industry had been established in the United States, and major air transport 

companies began to advocate for the establishment of US federal safety standards. Industry’s call 

for federal action was answered in 1926, when the Air Commerce Act charged the Secretary of 

Commerce with promoting air commerce, establishing air safety regulations, and formalizing the 

certification of aircraft and pilots [3].  

In the years following the enactment of the Air Commerce Act, federal aviation authorities 

encouraged major airlines to collaborate in establishing the first radio-equipped air traffic control 

centers. Air Traffic Control (ATC) towers enabled radio dispatchers to transmit to airline aircraft 

up to 50 miles from their terminal airport. This development marked a significant advance in the 

ability of ground-based operators to manage air traffic, allowing operators to issue detailed 

procedural instructions to maintain separation between aircraft [3].  

 

 

Figure 1.2. [Left] A 1930 photograph of the first radio-equipped control tower at the Cleveland Municipal 

Airport. [Right] Early air traffic controllers tracking aircraft with ‘shrimp boats’ on a tabletop map [2]. 
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The continued development and operation of ATC centers soon became federal responsibilities, 

coming under the purview of the Bureau of Air Commerce in 1936 [2]. And soon after, the Civil 

Aeronautics Act of 1938 provided a new federal regulatory code for air traffic: the Civil Air 

Regulations (CAR) [3]. Under the CAR, a first generation of formal, federal-level air traffic 

safety efforts pioneered the development of ATC procedures, new equipment, and facilities for 

air safety. Included in these procedures were the first contact flight rules (CFR), which would 

later become visual flight rules (VFR) and instrument flight rules (IFR) [3].  

In the 1940s, rapid developments in aviation technology (including the advent of commercial 

jets) and the consequent rise in air traffic following World War II outpaced evolving safety 

efforts. In 1956, a Trans World Airlines Super Constellation and United Air Lines DC-7 collision 

over the Grand Canyon, Arizona killed all 128 occupants of the two planes. Prompted by public 

dismay over this incident, the Federal Aviation Act was passed in 1958. This act created an 

independent Federal Aviation Agency (which would later become the Federal Aviation 

Administration, or FAA) to oversee the safe and efficient use of national airspace [4]. Similar but 

distinct events throughout the mid-20th century contributed to the gradual unification of airspace 

rules under federal and international agencies worldwide [5].  

 

 

Figure 1.3. An Arizona Daily Star headline from July 2nd, 1956 that reported on the deadly Grand Canyon 

crash between Trans World and United commercial airliners [4].  
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During this time, the FAA began to define different classes of airspace based on factors like 

altitude and operational requirements [3] and published the first Federal Aviation Regulations 

(FAR, Title 14 of the Code of Federal Regulations). The FAA also oversaw the application of 

technological advances spurred by World War II to air traffic safety. Two-way center 

controller/pilot communications became commonplace, and radar was used to survey airspace 

surrounding airports and to dynamically track aircraft movements [4]. Soon, computers were also 

adapted for use in ATC centers, allowing electronic procedures to accomplish tasks that had 

previously been performed manually by controllers [4]. These technologies quickly became the 

foundation of the FAA’s ground-based ATC system, which focused on managing traffic to 

maintain a minimum separation threshold between aircraft.  

 

 

Figure 1.4. In the 1970s, air traffic control towers were equipped with computers, enabling automation of 

various tasks and increasing the capacity of the air traffic control system. This photograph shows air 

traffic controllers working in a modernized ATC facility [6]. 

 

In addition to benefitting the efforts of air traffic controllers to maintain adequate flight-

separation, transponder, radar, and computing technologies accelerated the development of in-

flight collision avoidance systems. Throughout the 1960s, industry studies investigated how 

these technologies could be used to create an onboard system for detecting, tracking, and 

evaluating collision threats. By the 1970s, manufacturers began to develop these systems [7]. 
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Radar-based on-board collision avoidance equipment provided range, range-rate, and relative 

altitude information for both ‘cooperative’ and ‘non-cooperative’ aircraft, depending on the 

equipment used. These systems generated warnings to the pilot when the ratio of range over 

range-rate, also called Tau (𝜏), fell below a predetermined threshold [8].  

The two main sensors used in early on-board collision avoidance systems were primary 

surveillance radars (PSRs) and secondary surveillance radars (SSRs). PSRs emit high-frequency 

signals and detect reflections from the target to determine the target’s flight characteristics. 

SSRs, on the other hand, detect signals transmitted from the target aircraft in response to an 

interrogation signal (see Figure 1.5.). While SSRs provide more accurate information at longer 

ranges, they rely on the target aircraft being equipped with the appropriate transponder 

equipment, limiting functionality to detecting so-called ‘cooperative’ aircraft. PSRs, on the other 

hand, are capable of detecting ‘non-cooperative’ aircraft which are not equipped with 

functioning transponders [9, 10].  

 

 

Figure 1.5. PSRs operate by sending a high intensity signal and sensing the low intensity echo or 

reflection from the target. SSRs operate by sending a low intensity interrogation and waiting for a 

response from an appropriately equipped, ‘cooperative’ aircraft [11]. 
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Two decades of research into radar-based collision avoidance led to the development of a Traffic 

Alert and Collision Avoidance System (TCAS) [12]. TCAS-equipped aircraft interrogate SSR 

transponders of all nearby aircraft, providing real-time information about the position, altitude, 

and velocity of interrogated aircraft. This information is used along with a predefined separation 

threshold to determine whether nearby aircraft pose a collision risk. Aural and visual information 

can be provided to the pilot to assist with collision avoidance maneuvers when necessary [8]. 

TCAS continues to be a prominent traffic management and collision avoidance tool, along with 

new versions TCAS II and TCAS III. 

 

Figure 1.6. [Left] Aircraft cockpit equipped with TCAS II display and transponder. [Right] TCAS display 

close-up, with labeled symbols [13,14]. 
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Figure 1.7. This TCAS II system diagram shows how azimuth and altitude information are directed 

through the TCAS computer unit to pilot display and aural signals [15]. 

Despite continued improvements to technology and modernization efforts, air traffic 

management and flight safety struggled under the burden of rising air traffic throughout the 

1980s and early 1990s. In the mid-90s, the FAA began to transition the U.S. air system away 

from strict and detailed rules for air traffic operations to a ‘free-flight’ concept of flight rules. 

Free flight decreased the burden on air traffic controllers by allowing pilots to make use of new 

airspace awareness technology to make responsive decisions about flight operations [16].  

Efforts to develop free flight-enabling technologies coincided with the launch of the U.S. Global 

Position System (GPS) in 1993. By 2001, the FAA and the Cargo Airline Association had 

developed the Automatic Dependent Surveillance-Broadcast (ADS-B) system, which uses on-

board GPS sensors to send accurate position, speed, and identification data via satellite between 

planes and ADS-B ground receiving stations. ADS-B data can then be viewed by pilots and 

controllers. The advent of ADS-B dramatically improved airspace awareness capabilities, 

especially in regions which did not have radar coverage (like in Bethel, Alaska, where the FAA 

first officially implemented ADS-B technology) [16]. Table 1.1. shows a basic comparison 

between radar and ADS-B, as determined by a recent study by Andeme et al. (2021) which found 

ADS-B to be more accurate, efficient, and practical than radar-based airspace awareness. Figure 

1.8. shows a block diagram of the ADS-B system. 

 

Table 1.1. Basic comparison between Radar and ADS-Ba 

 

Radar ADS-B 

Aircraft location is transmitted every twelve 

seconds or more 

Aircraft location is transmitted constantly 

(every second or more frequently) 

Range limitation is found in some areas 
The aircraft can be detected without 

restriction 

Ground stations depend on human participation 
Aircraft provide data without human 

participation 

Expensive to buy, install, and maintain Less expensive to buy, install, and maintain 

Less efficient in search and rescue (MH-370, 

main case) 
More efficient in search and rescue 
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aA more detailed parametric comparison of Radar and ADS-B can be found in source study [9]. 

 

Figure 1.8. [Left] Picture of a Mode S Transponder with ADS-B In/Out capability. [Right] Diagram of the 

system architecture of ADS-B [17,18]. 

 

In 2003, the FAA announced the launch of their Next Generation Air Transportation System 

(NextGen).  NextGen would comprise a broad range of modernization efforts, including: 

• The transition from ground-based to satellite-based navigation. 

• Automation and digital communication improvements.  

• Continued movement toward precise but flexible flight routing. 

• The development of collaborative decision-making capabilities. 

• Integrated information management system development. 

• Flight path and technology optimizations for environmental sustainability. 

• Improved runway and airport operations to improve efficiency. 

 

The FAA’s NextGen initiative has been largely successful, as existing aircraft and air 

transportation system infrastructure has been updated to improve pilot and passenger safety [19].  

 

In addition to the improvements mentioned above, NextGen has included preparations for the 

integration of increasing numbers of uncrewed aerial vehicles (UAV), also called uncrewed 

aerial systems (UAS) or remotely piloted aircraft (RPA), into the U.S. National Airspace (NAS). 

Similar to the aircraft collision avoidance efforts of the 20th century, recent preparations for UAV 
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integration have included the establishment of new regulations, research and development 

collaborations with industry and academic partners, and the implementation of a UAS Traffic 

Management (UTM) system. Section 1.2. provides a brief introduction to UAVs, exploring how 

the tools created for crewed air traffic control have been adopted and expanded to meet the 

growing need for autonomous collision avoidance capabilities. 
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1 . 2 .  Uncrewed Aerial Vehicles (UAVs) and Modern Collision Avoidance Efforts 
 

Uncrewed aerial vehicles, colloquially known as drones, were invented during the mid-20th 

century for military use [20,21]. Following Hurricane Katrina in 2006, the FAA permitted the 

use of drones in civilian airspace to search for survivors of natural disasters, launching 

consequent research into civil, industrial, and consumer applications for UAVs [22]. Soon, select 

corporations were approved to use UAVs for pipeline inspections and agriculture [23], and 

companies like Parrot, DJI, and 3DR were experimenting with repurposing military UAV 

technology to suit a consumer market [22]. To ensure safety, early commercial UAVs were 

operated in segregated airspace or restricted areas, and collision avoidance was primarily 

achieved through manual piloting by ground-based observers. 

 

As the commercial UAV market has grown, UAVs have garnered more attention for their 

potential to benefit civil and commercial applications in sectors like agriculture, infrastructure, 

filmmaking, emergency medical transport, environmental monitoring, and package delivery [24]. 

However, significant updates to UAV safety technologies are required to enable robust UAV 

operations for these applications. Moreover, UAV integration efforts need to address public 

concerns regarding the rising popularity of UAVs, including those regarding safety. Other 

concerns, such as privacy, environmental sustainability, and public stigma around the use of 

UAVs in military contexts, pose additional hurdles to broadening the application of UAVs [25]. 

 

By 2012, the FAA Modernization and Reform Act (FMRA) directed the FAA to develop a 

comprehensive plan for integrating UAVs into the NAS, enforcing a deadline for the 

development of a regulatory framework for small UAVs [26]. Then, in 2016, the FAA 

introduced Part 107 of Title 14 of the Code of Federal Regulations, establishing a framework for 

routine operations of small uncrewed aerial systems (sUAS) under 55 pounds. Commercial 

sUAS pilots were then required to demonstrate knowledge of aeronautics and airspace 

regulations, and they were prohibited from flying over people, beyond visual line of sight 

(BVLOS), and above specified altitude and speed limits [27].  
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Figure 1.9. FAA part 107 requires all commercial sUAS pilots (flying UAVs under 55 pounds) to acquire 

a remote pilot license, proving knowledge of aeronautics and airspace rules and regulations. 

 

The same year that the FAA’s Part 107 regulations prohibited BVLOS operations for 

commercial sUAS pilots, the UAS Traffic Management (UTM) concept was proposed by NASA 

[25]. UTM proposed a system of traffic management for low-altitude sUAS operations which 

combined airspace design, flight rules, operational procedures, ground-based systems, and UAV 

technical requirements. Following the proposal of UTM, NASA worked on developing Detect 

and Avoid (DAA) and Command and Control (C2) technologies, allowing UAVs to better sense 

nearby aircraft while maintaining a strong radio link with remote pilots [28,29]. These research 

and development efforts resulted in a series of successful test flights in 2020 and 2021. And in 

2020, NASA’s Aeronautics Research Mission Directorate initiated the Advanced Air Mobility 

(AAM) mission, which aims to engineer and demonstrate system level safety for aircraft of all 

sizes and altitudes of operation in the NAS [29].  
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Figure 1.10. The guiding principles of NASA’s Advanced Air Mobility (AAM) mission [30]. 

 

 

Of the many requirements for integrating UAVs into the NAS, DAA capability is among the 

most challenging and critical. Crewed aircraft have pilots to fulfill see-and-avoid responsibilities 

in the event of a collision course scenario (supported by cues from modern traffic awareness 

technologies like ADS-B and TCAS) [31-33]. For UAV operations in the pilot’s line of site, see-

and-avoid responsibilities can fall to the remote pilot. But for BVLOS operations, UAVs require 

an autonomous DAA system to determine the exact location of any nearby aircraft or obstacles, 

to evaluate the threat, and to direct collision avoidance maneuvers when necessary.  

 

DAA-specific regulatory documents released throughout the 2000s have provided groundwork 

for specifying the necessary capabilities and technical requirements for DAA systems in various 

operational contexts [34-36]. For example, the ASTM’s Document F2411-04el requires that 

DAA systems have FOVs of ±15° elevation and ±110° azimuth to maintain an equivalent level-

of-safety to piloted see-and-avoid protocol. “Well clear” and “near mid-air collision” (NMAC) 

volume dimensions are also specified by regulatory documents based on standards for piloted 

aircraft. Testing the practical safety of these dimensions under different operating conditions for 

different UAVs has been a focus of recent DAA research efforts [37-40]. Figure 1.11. shows a 
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visualization of well-clear and NMAC boundaries provided in Loffi et al. (2022) which were 

applied to low-altitude test encounters between UAVs and general aviation (GA) aircraft. 

 

 
Figure 1.11. Example of well-clear and NMAC volume geometry. Well-clear and NMAC boundaries can 

vary depending on operation context and UAV characteristics like speed and size [41]. 

 

 

Significant progress has been made toward developing robust DAA capabilities for UAVs [42-

44], but the fulfillment of NASA’s vision for Advanced Air Mobility requires ongoing 

development efforts. Variability in size, speed, and operating altitude of UAVs gives rise to 

varying technical requirements for DAA systems. Different UAVs may be compatible with 

different sensors depending on SWaP (size, weight, and power) capacity, and depending on 

operation context, they may be required to detect both cooperative and non-cooperative air traffic 

[45]. Lastly, environmental factors like weather and illumination may affect the performance of 

some sensors more than others, meaning a successful DAA system often requires the fusion of 

multiple sensors.  

 

While research and development efforts span a wide range of DAA system components, 

architectures, and concepts, all collision avoidance systems must accomplish a shared set of 

fundamental tasks: sensing the environment, conflict detection and awareness, selection of 

escape routes, and direction of collision avoidance maneuvers. In their literature review on DAA 

technologies for UAVs, Hottman et al. (2009) provide an overview of the requirements for each 

of these functions, as reproduced in Table 1.2. 
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Table 1.2. Requirements for DAA Systemsa 

 

Function No. Function Requirements 

1.0 Detect conflicting traffic • Continuously scan for threats 

• Minimize false alarms 

• Minimizes misses 

• Provides operator threat data 

• Covers a field of view of 110⁰ horizontal and ± 15⁰ 

azimuthb 

• Tracks all threats within a minimum range 

• Determines closure rates 

2.0 Determine right of way • Autonomously makes move in accordance with 

(IAW) FAA/International Civil Aviation 

Organization (ICAO) regulations 

• Operator makes move IAW FAA/ICAO 

regulations 

3.0 Analyze flight paths • Determines if target is heading toward danger zone 

(maintain 500-foot separation) 

• Calculate flight paths based on sensors available 

information 

• Updates time available for maneuver 

4.0 Maneuver • Maneuver IAW FAA guidelines 

• Allows operator maneuver 

• Maneuvers continuously in loss link/loss of 

command control (C2) 

• Maintains at least 500-foot separation 

• Returns to original flight path after maneuver 

5.0 Communicate • Continuously reports to ground system; allows 

operator override 

• Available bandwidth exists to carry message 

packets 

• May use stand-alone telemetry or platform 

communications 

• Priority communication to maintain safety of flight 

• Reports targets when threat parameters are met; 

updates solutions until no longer a target 

 
aFrom Hottman et al., 2009 [46]. 

bFOV specifications from ASTM Document F2411-04 [47]. 

 

 

Collision avoidance researchers Albaker and Rahim have broken these tasks into design 

categories, as reproduced below in Figure 1.12. This break-down of design factors helps 
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illustrate the breadth of engineering tasks required for the development of a successful DAA 

system.  

 
 

Figure 1.12. CAS, or collision avoidance system, design factors as summarized by Albaker and Rahim 

[45]. 

 

 

The challenge of designing diverse and adaptable DAA systems has given rise to a surge of 

research and development efforts. At the foundational level, researchers have worked to adapt 

DAA concepts to evolving UAV technologies and operational contexts [48,49]. Others have 

sought to distill precise technical requirements from regulations [50,51]. Similar work has 

defined and assessed measures for quantifying the success of collision avoidance systems 

[37,38,52] and has used quantitative analysis to model and simulate collision avoidance 

scenarios under a variety of conditions [39,40,53].  

 

Algorithm development and testing has been another locus of work, including research on image 

processing, tracking algorithms, target classification, mapping, path prediction, and avoidance 

maneuver determination [54-59]. DAA algorithm development efforts have coincided with 

updates to collision avoidance algorithms for crewed aircraft traffic management; ACAS X 

(Airborne Collision Avoidance System X) has improved the deterministic collision avoidance 

logic of TCAS by introducing a probabilistic mode, including consideration for both crewed and 
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uncrewed aircraft (ACAS Xa and ACAS Xu) [12]. Another key development has been the 

application of machine learning techniques to detection tasks [60-62].  

 

Researchers have also sought to define capabilities and requirements for a range of sensors [63-

65].  As shown in Figure 1.11., transponder-based communications (TCAS), ADS-B, EO/IR 

(electro-optical and infrared sensors), radar, LiDAR, and acoustic sensors have been adapted to 

the task of UAV collision avoidance. These sensors can be divided into two categories: 

cooperative and noncooperative. As mentioned in the earlier discussion on PSRs and SSRs (see 

page 21), cooperative sensors require target aircraft to be equipped with the appropriate 

equipment. While these sensors are well-established and thoroughly tested, they are unable to 

sense uncooperative (i.e. unequipped) aircraft and ground-based obstacles like terrain features, 

towers, or power lines. Noncooperative sensors, like EO/IR, radar, and LiDAR, benefit from 

their ability to detect all types of objects (provided that the sensor in use is sufficiently sensitive 

to the signal of interest under operating conditions). Noncooperative sensors may be ‘active,’ 

meaning that they transmit a ‘probe’ signal and detect signal reflection from targets, or ‘passive,’ 

meaning they detect signals natively reflecting and/or emitting from targets. Most often, DAA 

systems employ sensors of multiple types (cooperative and noncooperative, active and passive) 

to ensure strong performance under a range of operational conditions [65-68].  

 
Table 1.3. Overview of DAA sensor characteristicsa 

 

Sensor 
Non-

cooperative 
Passive 

Weather-

Capable 
Low-SWaP 

Long  

Range 
Low-Cost 

TCAS X X ✓ ✓ X ✓ 

ADS-B X X ✓ ✓ ✓ ✓ 

Radar ✓ X ✓ X ✓ X 

LiDAR ✓ X ✓ X X ✓ 

Acoustic ✓ ✓ ✓ ✓ ✓ ✓ 

EO ✓ ✓ X ✓ X ✓ 

IR ✓ ✓ X ✓ X ✓ 
 

aFrom Loffi et al. (2022) [41]. 

 

EO/IR sensors are becoming an increasingly popular non-cooperative sensor for DAA systems, 

especially on low- to mid-SWaP UAV platforms [63]. These sensors are lightweight, low-power, 
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and affordable, and they can provide high resolution imagery of surrounding airspace. However, 

they are unable to provide accurate range measurements, and system engineers must balance 

FOV and range performance requirements [64]. Experimental studies on the performance of 

commercially available EO/IR-based DAA systems typically assemble multi-camera systems 

using sensors from a single band, usually either visible (0.4 to 0.7 microns) or longwave infrared 

(8 to 14 microns), such that the cumulative multi-sensor FOV meets field of regard requirements 

(around 110⁰ horizontal and ± 15⁰ azimuth). EO/IR sensor range performance is then tested, with 

results varying depending on system resolution and field of view specifications [49,69].  

 

Research on EO/IR design for DAA applications has yet to rigorously compare the sensitivity of 

detectors spanning the visible and infrared spectrum to aircraft under relevant atmospheric and 

illumination conditions. Such a band-performance comparison is necessary for fully 

understanding and optimizing EO/IR sensor design for UAV-based DAA systems, especially as 

detector technologies continue to advance across the visible and infrared spectrums. Chapter 3, 

titled “EO/IR Band Comparison of Aircraft-to-Sky Contrast and Range Simulations,” shares 

results from a DAA-focused study of band performance for six EO/IR imagers in clear-sky, early 

morning, desert atmosphere conditions. This study measured the apparent contrast of the aircraft 

target (a C182 general aviation aircraft) at a close range, then using these measurements and 

relevant resolution and noise specifications to simulate detection range performance. This 

simulation demonstrates the effect of atmospheric degradation on apparent contrast over longer 

ranges, and results are shown for two atmospheres: desert and maritime. 

 

Chapter 2, “Electro-optical and Infrared Systems,” provides the technical background required to 

understand and critically engage with the contributions made in Chapter 3. Chapter 2 begins with 

an overview of the architecture of an EO/IR imaging system, covering illumination and source 

characteristics, atmospheric transmission, optics, detectors, and system electronics. After 

establishing a foundational understanding of EO/IR systems, I discuss common frameworks, 

metrics, and considerations for evaluating EO/IR system and band performance, focusing on 

those used to interpret study results in Chapter 3. 
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CHAPTER 2   

Electro-Optical and Infrared (EO/IR) Systems 

2.1.    Introduction to EO/IR Systems 
 

Electro-optical and infrared (EO/IR) sensors enable the detection and analysis of electromagnetic 

radiation spanning visible and infrared wavelengths. These sensors are used in a wide range of 

applications, including remote sensing, fire detection and monitoring, medical imaging, 

astronomy, environmental monitoring, and more. EO/IR sensors operate by detecting and 

converting the electromagnetic radiation emitted or reflected by objects into electrical signals. 

This conversion process relies on mechanisms which allow the intensity of visible and infrared 

radiation to be translated into digital information. Understanding the operational principles and 

capabilities of EO/IR sensors is foundational to optimizing their performance for a given DAA 

system. The following chapter provides an overview of EO/IR fundamentals from target 

characteristics to electronics, as these are the components most relevant to EO/IR design for 

automated DAA applications. Key components and associated quantitative parameters are 

summarized in Table 2.1., reproduced from Driggers et al., 2022. 

 

 
Table 2.1. Sample of Analytical Parametersa 

Illumination Spectral Irradiance 

Target Reflectivity 

 Emissivity 

 Size and spatial 

characteristics 

 Temperature 

Atmosphere Path radiance 

 Obscurants 

 Transmission 

 Optical transfer function 

 Scattering 

Sensor optics Lens transmissions 

 Mirror reflectivity 
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 Filter transmission 

 Aberrations 

 Diffraction 

 Aperture size and shape 

Sensor detector Responsivity 

 Quantum efficiency 

 Well capacity 

 Detector angular subtense 

Sensor electronics Temporal characteristics 

 Digital or analog filter 

characteristics 

Display Resolution 

 Brightness and contrast 

Human psychophysics Temporal response 

 Contrast threshold 

 Brightness dependence 

ATR or AiTR response Discrimination probability 

 False-alarm rate 

aFrom from Driggers et al., 2022 [70]. 

 

 

2.1.a. Target and illumination characteristics 

 
The operation of an EO/IR sensor begins in the scene of interest, where objects reflect and emit 

electromagnetic radiation across various wavelengths. Terrestrial remote sensing involves two 

main scenarios: in the first, ambient light (e.g., sunlight) illuminates the scene, where the 

illumination spectrum is modulated by interactions with objects that absorb and reflect light by 

wavelength. This scenario applies to reflective-band imagers like visible cameras (VIS, 0.4 to 0.7 

microns), near-infrared cameras (NIR, 0.7 to 1 micron), short-wave infrared (SWIR, 1 to 1.7 

microns), and extended short-wave infrared (eSWIR, 2 to 2.4 microns). In the second scenario, 

objects emit electromagnetic radiation due to thermal electron motion, which can be directly 

measured. This applies to emissive-band imagers like mid-wave infrared cameras (MWIR, 3 to 5 

microns) and long-wave infrared cameras (LWIR, 8 to 14 microns) [70]. 

 

Planck's Law explains the spectral distribution of reflected and emitted radiation in terrestrial 

remote sensing: 
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𝑀(𝜆, 𝑇) =  𝜀(𝜆)
𝑐1

𝜆5

1

(𝑒
𝑐2
𝜆𝑇−1)

       [W/cm2- m] 

 

where 𝜀 is the emissivity of the object, 𝜆 is wavelength in micrometers (m), T is absolute 

temperature in degrees Kelvin, c1 is 3.7418 x 104 Watts-m4/cm2, and c2 is 1.4388 x 104 m-

Kelvin. Planck's Law describes the spectral density of electromagnetic radiation emitted by a 

black body in thermal equilibrium at a given temperature. For terrestrial objects near 300 Kelvin, 

the law shows that black and graybodies emit peak radiation from 6 to 14 microns. For the sun at 

about 5500 Kelvin, peak emissions are in the visible spectrum, from 0.4 to 0.7 microns. Figure 

2.1. shows two sets of blackbody emission curves: one for objects near solar surface 

temperatures, and one for objects near terrestrial temperatures. Wavelength bands corresponding 

to EO/IR imaging bands are highlighted. 

 

 

 

Figure 2.1. Planck’s law describes the emittance spectrum of a source based on its temperature. The two 

curves shown represent blackbody emissions (emissivity of 1) for objects near-solar surface and near-

terrestrial temperatures. Wavelength ranges corresponding to EO/IR imaging bands are highlighted. 
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During the day, solar radiation in visible and shorter infrared wavelengths (VIS, NIR, SWIR, and 

eSWIR, from 0.4 to 2.4 microns) illuminates terrestrial scenes. In longer infrared wavelengths 

(MWIR and LWIR, from 3 to 14 microns), signal is dominated by thermal emissions from the 

scene rather than reflected sunlight. It's important to note that not all objects emit radiation 

exactly as described by Planck's curve; their composition, structure, and surface properties affect 

electron movement and emission spectra. A perfect blackbody emits radiation as described by 

Planck's curve; a graybody emits similarly but with reduced magnitude; and a spectral emitter's 

emission varies by wavelength. 

 

2.1.b. Atmospherics 

 
As radiation emitted from or reflected by scene objects passes through the atmosphere, it 

encounters molecules, aerosols, and particulate matter, leading to absorption, scattering, and 

distortion. Absorption occurs when atmospheric particles absorb photons, attenuating specific 

wavelengths whose photon energies match the energy differences between the energetic states of 

the absorbing particle’s electrons. The absorption profiles of abundant atmospheric particles like 

carbon dioxide, hydrogen dioxide, and ozone disallow the transmission of certain wavelengths of 

light over long distances, as shown in Figure 2.3. Along with detector sensitivity, atmospheric 

transmission windows define the wavelength bands which are accessible to EO/IR sensors (see 

Figure 2.2.). 

 

Different atmospheric conditions (foggy, smokey, hazy, etc.) correspond to increased density of 

particles, molecules, and particulate matter of different sizes, and consequently block different 

wavelengths of light. Generally speaking, longer wavelengths of light are better able to penetrate 

‘dirty’ atmospheres than shorter wavelengths, making the reflective and emissive infrared bands 

useful for long-range imaging applications [70-72].  
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Figure 2.2. Atmospheric transmission as a function of wavelength, with EO/IR imaging bands 

highlighted. Four curves are shown, including two visibility conditions (23 KM and 5 KM) and two 

ranges (1 KM and 5 KM). Note that degraded visibility conditions and increases in range do not degrade 

transmission equally across all bands (compare VIS and eSWIR, for example). Data was pulled from 

MODTRAN. 

 
 

Figure 2.3. Transmission profiles for carbon dioxide, water, and ozone – three abundant atmospheric 

molecules. The absorption windows (low transmission) for these molecules align with the low 

transmission zones of the atmospheric transmission plot shown in Figure 2.2. [70]. 
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Another important atmospheric phenomenon is scattering. Scattering diverts radiation from its 

original path, scattering it in various directions. There are three main scattering regimes: 

Rayleigh scattering, which is inversely proportional to the fourth power of the wavelength 

(meaning it is more prevalent at shorter wavelengths) and dominates when the particle radius is 

less than one-tenth the wavelength of the scattered light; Mie scattering, which occurs when the 

wavelength is about the same size as the particle; and scattering by particles much larger than the 

wavelength of incident light, which can be described by the geometrical optics model (see Figure 

2.4.). Alongside blackbody emissions from atmospheric particles, scattering contributes to 

overall path radiance, increasing noise and reducing contrast between objects in the scene. 

Additionally, atmospheric turbulence due to fluctuations in temperature can create irregularities 

in refractive index, leading to effects like scintillation, further impeding the propagation of 

radiation through the atmosphere. These atmospheric interactions collectively contribute to the 

modification of radiation's intensity, spectral distribution, and polarization as it travels from 

scene objects to sensors. 

 

 

 
Table 2.2. Common atmospheric particles and associated scattering regimea 

 

Particle Type Radius (μm) Density (per cm3) 
Air molecules (Rayleigh) 10-4 1019 
Haze particles (Rayleigh) 10-2 – 1 10 – 103 

Fog droplet (Mie) 1 – 10 10 – 100 

Raindrops (geometrical) 102 – 104 10-5 – 10-2 

aFrom Driggers et al., 2022 [70]. 



 

 

41 

 

 

 

 
 

Figure 2.4. Illustration of scattering patterns for Rayleigh, Mie, and Geometrical scattering regimes. 

Rayleigh scatters evenly, Mie scatters ‘forward,’ and Geometrical scattering patterns can be described 

using geometrical optics principles [70]. 

 

 

2.1.c. Optics  

 
After propagating from the scene to the sensor, 

reflected and emitted radiation are collected by sensor 

optics and focused onto the system detector array. 

Sensor optics are most often made of glass, and they 

may be paired with filters which selectively block 

unwanted wavelengths of light. Optical materials 

typically absorb and reflect a small portion of 

incident light, focusing, dispersing, or bending the 

rest as it transmits through the material. The amount 

of radiation which transmits through system optics 

can be described by an optical transmission constant.  

 

Two models are most often used to describe the 

propagation of light through an optical system: 
Figure 2.5. Optical energy collection by 

system optics [73]. 
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geometrical optics and physical optics. Geometrical optics models light as a bundle of rays that 

travel in straight lines, bending at interfaces between different media according to Snell’s law 

and reflecting according to the law of reflection. This model is useful for designing lens systems 

where the wave nature of light can be neglected, allowing for simple calculations of image and 

object relationships, magnification, and system layout. Physical optics, on the other hand, models 

light as a wave, providing explanations for wave-like optical phenomena including diffraction, 

interference, and polarization.  

 

While the tools of geometrical optics are usually sufficient for basic optical design, physical 

optics principles are required to understand how the design of an optical system will affect the 

resolution of the system. Consider the task of imaging a single, monochromatic point source 

through an optical system. When imaging a point source through an aberration-free optical 

system, the diffraction of light at the circular aperture of the system—typically the lens or a 

limiting diaphragm—results in a distinctive diffraction pattern at the image plane. The central 

bright spot, known as the Airy disk, is surrounded by concentric rings of diminishing intensity. 

The Airy disk represents the impulse response, or point spread function, of a diffraction limited 

optical system with a circular aperture. In other words, it is the best-focused spot that the system 

can produce. Figure 2.6. shows a graphical representation of this diffraction pattern.  

 

Figure 2.6. 2-D representation 

of an airy disk diffraction 

pattern, with its bright central 

region and concentric rings of 

decreasing intensity moving 

outward.  
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The intensity of the light I at an angle 𝜃 from the central peak of the Airy disk is given by: 

 

𝐼(𝜃) = 𝐼0 (
2𝐽1(𝑥)

x
)

2

 

 

where 𝐼0 is the intensity at the center of the Airy disk, 𝐽1 is the first-order Bessel function of the 

first kind, 𝑥 =  
𝜋𝐷

𝜆
𝑠𝑖𝑛(𝜃), D is the diameter of the system aperture, 𝜆 is the wavelength of light 

propagating through the system, and 𝜃 is the angle from the optical axis to the point of interest 

on the image plane. The argument (x) of the Bessel function links the physical properties of the 

system and the light source with the resulting diffraction pattern. 

 

The radius of the central bright spot, or the first zero of the Airy function (where the intensity 

first drops to zero), can be used to define the size of the Airy disk. This radius (𝜃𝑚𝑖𝑛) on the 

image plane is given by: 

 

𝜃𝑚𝑖𝑛  =  1.22
𝜆

𝐷
 

 

The angular size of the Airy disk provides the fundamental limit to the resolving power of the 

optical system, often referred to as the diffraction limit. 

 

To relate this angular measurement to a physical dimension on the image plane, on can multiply 

the angular radius by the effect focal length of the system, f. The diameter of the airy disk in the 

image plane, 𝑑𝐴𝑖𝑟𝑦, is: 

 

𝑑𝐴𝑖𝑟𝑦  =  2 𝑓 tan 𝜃𝑚𝑖𝑛 ≈ 2.44 𝑓
𝜆

𝐷
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with the approximation holding over small angles (small angle approximation: tan 𝜃  ≈  𝜃). 

These equations highlight the inverse relationship between the aperture diameter and the size of 

the Airy disk: a larger aperture results in a smaller Airy disk, leading to a higher resolution. 

Conversely, longer wavelengths of light lead to larger Airy disks, reducing the system's resolving 

power. This means that, for a diffraction-limited system, moving to longer wavelengths in the 

reflective bands allows increased range performance: this is because the increased spot size is 

insignificant relative to the reduced impact of scattering and absorption at longer wavelengths. In 

the emissive bands, on the other hand, there is a trend toward lower range performance at longer 

wavelengths due to an increasingly limited optical resolution [70]. 

 

 

2.1.d. Detectors, ROICs, and Sensitivity Metrics 
 

Sensor optics focus electromagnetic radiation from the scene onto a detector array located at the 

optical image plane. The detector’s role is to take a continuous optical signal and convert it to a 

discrete array of electrical signals, which can then be transferred to a computer via readout 

integrated circuit (ROIC) and converted to a grid of gray or RGB values for image 

reconstruction. An EO/IR detector’s material characteristics, operating temperature, detector 

size, and pitch influence the overall system’s imaging band, sensitivity, and resolution. The 

conversion efficiency of optical to electrical signals is determined by the detector's ability to 

absorb photons, which requires the photon energy to exceed the material's bandgap. 
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Figure 2.7. Schematic of a modern-day detector and ROIC. After the detector converts incident 

radiation into an electrical signal, unit cells detect, amplify, and sample the electrical signals. The 

ROIC then multiplexes signals from all unit cells and passes the signal to a computer for 

digitization and display. Schematic pulled from Driggers et al., 2022 [70]. 

 
 

EO/IR detectors fall into two categories: photon (quantum) detectors and thermal detectors. 

Photon detectors operate by converting absorbed photon energy into electrical signals, and can 

be further categorized into photoconductors, photovoltaics, and photo-emissive detectors based 

on their conversion mechanisms. Photoconductors detect light by varying the material's 

conductivity in response to light absorption. Photovoltaics generate a voltage from electron-hole 

pairs created at a P-N junction by absorbed photons. Photo-emissive detectors emit electrons 

from materials when photons are absorbed, a process requiring a vacuum environment for the 

electron transfer. Material choice is crucial, as it determines the bandgap and, consequently, the 

detector's spectral sensitivity and operating temperature. For instance, materials with wider 

bandgaps can operate at higher temperatures and are sensitive to shorter wavelengths, whereas 

materials with narrower bandgaps are suited for longer wavelengths but may require cooling to 

reduce noise [70]. 

 

Thermal detectors, including bolometers and pyroelectric detectors, convert absorbed radiation 

into temperature changes, subsequently measured as changes in electrical properties. Bolometers 

work by detecting resistance changes in a material due to temperature fluctuations, requiring 

materials with a high temperature coefficient of resistance for sensitivity. Pyroelectric detectors 
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measure changes in polarization due to temperature variations, with materials selected for their 

pyroelectric coefficient. Both types have improved significantly, offering faster response times 

and greater sensitivity without the need for cryogenic cooling [70]. 

 

 
 

Figure 2.8. The sensitivity of a detector to a given wavelength of radiation depends on material 

characteristics of the detector. This figure shows a range of common detector materials and their general 

range of spectral sensitivities [74]. 

 

 

Detector performance can be quantified by several key metrics, including quantum efficiency, 

responsivity, and sensitivity. Quantum efficiency refers to the ability of a detector to convert 

incoming photons into electrons. This efficiency is expressed as a percentage, describing the 

proportion of photons successfully converted: 

𝑄𝐸 =  𝑇 𝑥 𝐹𝐹 𝑥 𝐼𝑄𝐸 𝑥 𝐶𝐸 =  
# 𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑛 (ℎ𝑜𝑙𝑒𝑠) 𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑 𝑎𝑠 𝐼𝑝/𝑠𝑒𝑐

# 𝑜𝑓 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑡 𝑝ℎ𝑜𝑡𝑜𝑛𝑠/𝑠𝑒𝑐
 [%] 

where T represents the proportion of photons transmitted through the detector’s antireflection 

coating and substrate, FF represents the detector’s fill factor, IQE represents the internal 

quantum efficiency of the detector (the probability of photon absorption and electron 

generation), and CE represents the success rate of the ROIC (readout integrated circuit) moving 

electrons to be counted in the output. Losses at any stage can reduce QE, add noise to the system, 

and limit detector performance.  
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Responsivity, sensitivity, and normalized detectivity provide additional descriptions of a 

detector’s conversion of optical signals to electrical ones. Responsivity describes the electrical 

output (in Volts or Amps) of a detector that results from a given optical input (in Watts or 

Lumens). Sensitivity, or signal-to-noise ratio (SNR), combines responsivity with an assessment 

of the noise level of the system, providing an assessment of whether a given optical signal can be 

differentiated from noise. For a resolved target, this is given by: 

Φ

𝑁𝐸𝑃
 =  𝑆𝑁𝑅 =  

𝜋𝐷2𝑑𝑑𝑒𝑡

8𝑓2√𝛥𝑓
∫ 𝜀(𝜆)𝑀(𝑇, 𝜆)𝐷∗(𝜆) 𝑑𝜆

𝜆2

𝜆1
 [Unitless] 

where Φ is incident flux in Watts, D is the diameter of the system’s entrance pupil, 𝑑𝑑𝑒𝑡 is the 

diameter of the detector, 𝛥𝑓 is the spectral bandwidth of the system, 𝜀(𝜆) is target emissivity, 

𝑀(𝑇, 𝜆) is target emittance, and 𝐷∗(𝜆) is the detectivity of the detector (“dee-star”).  This 

equation shows that, when detecting a resolved target, detector sensitivity is improved by 

increasing the F# of the system and increasing the detector size. 

 

 
 

Figure 2.9. Comparison of various SNR values applied to a single image [70]. 

 

D*, pronounced dee-star, normalizes SNR over the area of the detector and spectral 

bandwidth, providing an easily compared measure of a detector’s ability to sense a weak 

signal in the presence of noise: 



 

 

48 

 

 

 

𝐷∗(𝜆, 𝑓)  =  
√𝐴𝑑Δ𝑓

𝑁𝐸𝑃
 [cm-Hz1/2/Watt] 

D* serves as a comprehensive measure that encapsulates the effects of quantum efficiency, 

responsivity, and overall sensitivity of photodetectors. While the basic definitions of 

responsivity, sensitivity, and detectivity apply to both photon and thermal detectors, the 

underlying mechanisms influencing these parameters differ, and different terminology is used in 

each context. For instance, thermal imagers refer to Noise Equivalent Temperature Difference 

(NETD) rather than Noise Equivalent Power (NEP). 

 

Various noise sources impact the quality of the signal being measured by a detector: 1/f noise, 

photon noise, shot noise, Johnson noise, and readout noise. 1/f noise, also known as flicker noise, 

increases at lower frequencies and is prominent in semiconductor devices, affecting the stability 

and precision of low-frequency signals. Photon noise arises from the statistical nature of photon 

arrival times, setting a fundamental limit to detection sensitivity when the system is optimized to 

minimize other noise sources (often called BLIP, or background limited infrared photodetection). 

Shot noise is a type of quantum noise associated with the discrete nature of electrons flowing 

through a conductor, observable in most electronic devices, and is proportional to the square root 

of the average current. Johnson noise (thermal noise) is generated by the thermal agitation of 

electrons in a conductor and is dependent on the conductor's temperature and resistance. Readout 

noise refers to the noise introduced by the electronics involved in reading the signal from a 

detector, such as a CCD or CMOS sensor, and can be significant in low-light or high-precision 

measurements. Each of these noise types plays a critical role in determining the overall 

performance and sensitivity of detection systems across a broad spectrum of applications. 

 

2.2. Characterizing System Resolution: Linear Systems Description of EO/IR 

System 

 
Linear systems theory provides a powerful framework for understanding and characterizing the 

performance of electro-optical/infrared (EO/IR) systems, encompassing everything from target 
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illumination conditions to the electronics processing the detector's output. By treating EO/IR 

systems as linear, time-invariant (LTI) systems, one can analyze the combined effect of 

components on the overall system's ability to reproduce the scene being observed. Key concepts 

from linear systems theory used in this analysis include impulse response, modulation transfer 

functions (MTF), and the sampling theorem. 

The impulse response of an EO/IR system describes how the system responds to a point source, 

characterizing the blur imparted by the system. This response is described using a point spread 

function (PSF). By determining the point spread function associated with the system, one can 

predict how the system will respond to more complex scenes, since the output image can be 

modeled as the convolution of the scene with the system's impulse response: 

𝑔(𝑥)  =  𝑓(𝑥)  ∗  ℎ(𝑥)  =  ∫ 𝑓(𝛼)ℎ(𝑥 − 𝛼) 𝑑𝛼
∞

−∞

 

where g(x) is the output image, f(x) is the input, and h(x) is the point spread function.  

The modulation transfer function, or MTF, provides a frequency domain representation of an 

EO/IR system's point spread function, showing how different spatial frequencies are attenuated 

by the system (look ahead to Figure 2.10 – the first image corresponds to a system whose MTF 

has a high cutoff frequency, and the second to a system with a lower cutoff). High spatial 

frequencies correspond to fine details in the scene, while low frequencies correspond to broader, 

more gradual changes. The MTF is derived from the Fourier transform of the impulse response 

and is a critical tool for assessing the resolution and detail that the system can capture: 

𝐻(𝜉)  =  ℱ{ℎ(𝑥)}  𝑎𝑛𝑑 ℎ(𝑥)  =  ℱ−1{𝐻(𝜉)} 

and 

𝐺(𝜉)  =  𝐹(𝜉)𝐻(𝜉)  =  ∫ ∫ 𝑓(𝛼)ℎ(𝑥 − 𝛼)𝑒−𝑗2𝜋𝑥𝜉  𝑑𝛼
∞

−∞

∞

−∞

𝑑𝑥 

where 𝐺(𝜉) is the frequency spectrum of the output image, 𝐹(𝜉) is the frequency spectrum of the 

input, and 𝐻(𝜉) is the MTF. While component PSFs combine via convolution, component MTFs 

combine multiplicatively to form the system MTF: 
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𝑃𝑆𝐹𝑆𝑦𝑠(𝑥)  =  ℎ𝐴𝑡𝑚𝑜𝑠𝑝ℎ𝑒𝑟𝑒(𝑥) ∗  ℎ𝑂𝑝𝑡𝑖𝑐𝑠(𝑥) ∗  ℎ𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟(𝑥) ∗  ℎ𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐𝑠(𝑥) ∗  ℎ𝐷𝑖𝑠𝑝𝑙𝑎𝑦(𝑥) ∗  ℎ𝐸𝑦𝑒(𝑥) 

𝑀𝑇𝐹𝑆𝑦𝑠(𝜉)  =  𝐻𝐴𝑡𝑚𝑜𝑠𝑝ℎ𝑒𝑟𝑒(𝜉) 𝐻𝑂𝑝𝑡𝑖𝑐𝑠(𝜉) 𝐻𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟(𝜉) 𝐻𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑛𝑖𝑐𝑠(𝜉) 𝐻𝐷𝑖𝑠𝑝𝑙𝑎𝑦(𝜉) 𝐻𝐸𝑦𝑒(𝜉) 

By analyzing an EO/IR system MTF, one can identify which components of the EO/IR system 

(e.g., atmospherics, optics, detectors) are limiting the system's ability to resolve detail and 

therefore focus on improvements where they are most needed. 

Sampling theorem, also known as Nyquist-Shannon sampling theorem, provides tools for 

understanding the impact of digital detectors and electronics on an EO/IR system. It states that a 

continuous signal can be completely represented in discrete form and reconstructed without loss 

of information if it is sampled at a rate greater than twice its highest frequency component. This 

principle underlines the importance of the detector array's pixel density and the electronic 

sampling rate, ensuring that the system captures all the detail available in the scene without 

introducing aliasing artifacts. 

While each of the above tools are pivotal for fully analyzing the resolution attainable by an 

EO/IR system, a full system analysis is not always necessary or expedient for quickly assessing 

the performance of a system. Oftentimes, it is helpful to compare the resolution of two 

components in particular: the system optics and detector array. This comparison has given rise to 

the 𝐹𝜆/𝐷 metric, where F is the system f/# (focal length f over entrance pupil diameter D), 𝜆 is 

the wavelength of light propagating through the system, and ‘D’ is the detector pitch (𝑑𝑑𝑒𝑡): 

𝐹𝜆

𝑑𝑑𝑒𝑡
 =  

𝜆

𝐷

𝑓

𝑑𝑑𝑒𝑡
 =  

~𝑂𝑝𝑡𝑖𝑐𝑎𝑙 𝑠𝑝𝑜𝑡 𝑠𝑖𝑧𝑒

𝐷𝑒𝑡𝑒𝑐𝑡𝑜𝑟 𝐼𝐹𝑂𝑉
 =  

𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦

𝑆𝑝𝑎𝑡𝑖𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ
  [unitless] 

This metric quantifies the relationship between the diffraction-limited spot size created by the 

optical system and the spatial sampling interval provided by the detector array. A lower value of 

𝐹𝜆/𝐷 suggests that the system's resolution is more likely limited by the detector's sampling 

capabilities, whereas a higher value (>= 2) indicates that diffraction effects from the optics are 

the limiting factor. This comparison helps pinpoint whether the optics or the detector is the 

bottleneck in achieving higher resolution, guiding system designers in optimizing either 

component to enhance overall performance. By leveraging the 𝐹𝜆/𝐷 metric, designers can 

achieve a balanced system where neither the optical design nor the detector unnecessarily 
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constrains the system's ability to resolve detail, even when a full system analysis is not feasible 

[75]. 

 

2.3. Combining Resolution and Sensitivity: CTF, TTP, and P(R) 

 
When designing EO/IR systems, sensitivity and resolution metrics are both crucial for assessing 

overall performance. These metrics provide a comprehensive understanding of the system's 

capabilities, especially when characterizing the system's ability to perform specific tasks, such as 

target detection, recognition, and identification. The Contrast Threshold Function (CTF) and 

Targeting Task Performance (TTP) metric are two critical tools that integrate sensitivity and 

resolution measures to offer insights into the practical effectiveness of a given EO/IR system. 

The Contrast Threshold Function (CTF) leverages both the sensitivity and resolution measures of 

an EO/IR system. CTF is a metric that quantifies the minimum contrast required for a given 

spatial frequency to be detectable. This function is directly influenced by the system's 

Modulation Transfer Function (MTF), as the MTF describes how different spatial frequencies 

are transferred by the system, indicating the system's resolution capabilities. At the same time, 

the system's sensitivity, including factors like detectivity (D*) and signal-to-noise ratio (SNR), 

affects the minimum detectable contrast. High sensitivity and a favorable MTF curve suggest a 

system that can discern low-contrast targets across a range of spatial frequencies. Figure 2.10. 

shows the interplay between resolution, contrast, and noise in determining the visibility of a 

range of spatial frequencies. Look ahead to Figure 2.11. to see a CTF plot. 
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Figure 2.10. The three displayed images show how contrast, resolution, and noise impact the visibility of 

varying spatial frequencies. Each image shows increasing spatial frequencies from left to right and 

decreasing contrast from top to bottom. The left image shows a base image, the middle image is slightly 

blurred to reflect the impact of decreased resolution, and the right image shows the effect of noise. The 

regions of high visibility match the shape of the CTF curve (see Figure 2.11.) [70]. 

 

The system CTF is given by: 

𝐶𝑇𝐹𝑠𝑦𝑠(𝜉)  =  
𝐶𝑇𝐹(𝜉)

𝑀𝑇𝐹(𝜉)
(1 +

𝛼2𝜎2(𝜉)

𝑆𝑡𝑚𝑝
2 )

1/2

 [unitless] 

where 𝐶𝑇𝐹(𝜉) is the measured contrast threshold of the naked eye, 𝑀𝑇𝐹(𝜉) is the system 

Modulation Transfer Function, 𝛼 is a calibration constant with units root-Hertz, 𝜎(𝜉) is the noise 

filtered by the display and visual system (K), and 𝑆𝑡𝑚𝑝 is the scene temperature that results in 

average display luminance. 

The Targeting Task Performance (TTP) metric goes a step further by incorporating the CTF with 

models of human visual performance and task-specific details to predict how well an operator 

can perform a given targeting task using the EO/IR system. The TTP considers the visual acuity 

of the observer and the specific characteristics of the target (size, shape, and expected contrast) 

to determine how effectively the EO/IR system can be used to detect, recognize, or identify 

targets under various conditions. This metric effectively bridges the gap between the technical 

performance of the EO/IR system (as described by MTF and sensitivity measures) and the 

practical operational capabilities of the system when deployed in real-world scenarios. The TTP 

function can be expressed as follows: 

 

𝑇𝑇𝑃 =  ∫ √
𝐶𝑡𝑔𝑡

𝐶𝑇𝐹𝑠𝑦𝑠(𝜉)
 𝑑𝜉

𝜉𝑐𝑢𝑡

0
 [cycles/mrad] 

where 𝐶𝑡𝑔𝑡 is the apparent target contrast after atmospheric transmission and 𝜉𝑐𝑢𝑡 is the 

frequency at which apparent target contrast equals 𝐶𝑇𝐹𝑠𝑦𝑠(𝜉). The calculated TTP value can be 

used to determine how many cycles on target are necessary for a given detection or identification 

task: 
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𝑉(𝑅)  =  
𝐿𝑡𝑔𝑡

𝑅
𝑇𝑇𝑃 [cycles on target] 

where V(R) is the number of effective cycles on target for the given 𝐿𝑡𝑔𝑡 (target characteristic 

dimension, which is the square root of target surface area), R (range to target), and TTP (based 

on apparent contrast, system resolution, and sensitivity). V(R) can then be used to predict the 

probability of success (at detection, identification, etc.): 

𝑃(𝑅)  =  
(

𝑉(𝑅)

𝑉50
)

1.5

(1 +
𝑉(𝑅)

𝑉50
)

1.5⁄   [unitless] 

where P(R) is the probability of success as a function of range, V(R) is the number of effective 

cycles on target, and 𝑉50 is the task difficulty parameter (for example, this parameter is typically 

set to 2 for a detection task). Figure 2.11. shows the workflow for using the CTF, TTP, V(R), and 

P(R) to estimate range performance for a given task. The Night Vision Integrated Performance 

Model (NVIPM) provides a suite of tools for analyzing EO/IR system performance using 

sensitivity, resolution, and noise specifications alongside the TTP to estimate probability of 

detection at-range. 
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Figure 2.11. Measurements of apparent contrast can be used alongside system resolution and 

noise specifications to estimate range performance using the system CTF, the TTP metric, and 

the required number of effective cycles on target for a given detection or identification task [70].    

2.4. EO/IR Sensing for Collision Avoidance 
 

The above summary of EO/IR system components and design considerations provides a 

foundation for thinking through the design of an EO/IR system for DAA applications. As 

mentioned in Chapter 1.2., prior studies have tended to focus on analyzing tradeoffs between 

FOV and range performance in the visible and long-wave infrared bands, varying corresponding 

optical design parameters (see pages 32 to 33). While these are certainly important 

considerations, EO/IR design also requires understanding target characteristics (e.g., size, 

reflectivity, and emissivity) and the illumination and atmospheric conditions under which the 

UAV may operate. This includes considering how variability in daylight under different weather 

and climate conditions, dusk and dawn, and night operations may affect the visibility and 

contrast of potential obstacles or other UAVs. The effect of such variations in illumination and 
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atmospheric conditions will be more severe in some imaging bands than others, and, for daytime 

imaging in reflective bands, they will vary also with illumination angle.  

 

Chapter 3 shares results from an introductory study of aircraft-to-sky contrast and detection 

range performance in the visible (VIS: 0.4 to 0.7 µm), short-wave infrared (SWIR: 1 to 1.7 µm), 

mid-wave infrared (MWIR: 3 to 5 µm), and long-wave infrared (LWIR: 8 to 14 µm) bands. This 

study examines variations aircraft-to-sky contrast over 8 illumination angles corresponding to the 

cardinal and ordinal directions under morning, clear sky conditions. A C182 general aviation 

aircraft was used for the data collection, as this aircraft is characteristic of a likely collision risk 

target. Contrast in the two reflective bands (VIS and SWIR) is determined in terms of equivalent 

reflectivity, and contrast in the two emissive bands (MWIR and LWIR) is determined in terms of 

equivalent blackbody temperature. The experimental sensitivity data is then used alongside 

resolution specifications to estimate detection performance at-range using the Night Vision 

Integrated Performance Model (NVIPM). Results are extrapolated to a maritime atmosphere 

using the MODerate resolution atmospheric TRANsmission model (MODTRAN). Analysis of 

contrast, range-performance, and recommendations on band selection are provided for reference 

in the design of EO/IR systems for aircraft collision avoidance. Future research may study band 

performance at night and against other backgrounds (e.g. clouds, ocean, ground terrain); under 

different atmospheric conditions; over a range of elevation angles with respect to the horizon 

(above, at, and below); and using varied approaches to the optical design of the experimental 

testbed. 

 

 
 

Figure 2.12. Imagery of C-182 type general aviation aircraft at a range of 1000 m (left to right: high-

resolution VIS, SWIR, MWIR, and LWIR).  
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CHAPTER 3   

EO/IR Band Comparison of Aircraft- Sky Contrast  

& Range Performance Simulations 

3 . 1 .  Sensors 
 

The sensors used in this study included three VIS cameras with varying detector resolutions, a 

SWIR camera, a MWIR camera, and a LWIR camera. Off the shelf lenses were selected to 

match the cameras’ horizonal fields of view to approximately 25 degrees. It is worth 

emphasizing that most previous studies on EO/IR performance for DAA systems have used 

sensors with larger FOVs (between 40 and 100 degrees). These studies test EO/IR performance 

for a DAA system architecture which uses EO/IR sensors as a wide-FOV element to fulfill DAA 

field-of-regard requirements (for example, ASTM Document F2411-04 requires DAA systems to 

have a ± 110⁰ azimuthal field of view). As part of a joint research effort with SARA to develop 

their Acoustically-Cued Electro-Optic (ACE-O) DAA system, this study assumed that acoustic 

sensors would fulfill the system’s field of regard requirement. The acoustic sensor modeled as 

the initial detection instrument was SARA’s Passive Acoustic Non-cooperative Collision-Alert 

System (PANCAS), which has a 360⁰ field of regard, 100% accuracy (no false-detections), a 5-

to-10-kilometer initial detection range, and an approximately 20-degree error cone [76]. The 

EO/IR system was designed to have its horizontal field of view (HFOV) cover the 20-degree 

error cone of PANCAS with some margin for error, serving as a secondary detection mechanism 

which determines the bearing of the target before cueing a laser range finder to determine the 

range to target. 

 

Matching sensor HFOVs to 25-30⁰ led to some variations in the IFOVs among the testbed 

sensors. While varying IFOV may significantly affect contrast measurements for poorly resolved 

targets, using imagery of a close-range, highly resolved target for contrast measurements 

minimized the effect of varying detector resolution. Special care was taken to avoid unresolved 
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pixels during contrast analysis. This approach to analysis ensured that study results are relevant 

to diverse DAA architectures, regardless of their EO/IR FOV requirements. 

 

The VIS cameras were monochromatic Allied Vision Alvium (AVA) CMOS sensors. The AVA 

1800 U-240m had a 1936 by 1216 detector format and 3.45 μm pitch; the AVA 1800 U-507m 

had a 2464 by 2056 format and 3.45 μm pitch; the AVA 1800 U-2040m had a 4512 by 4512 

format and 2.74 μm pitch. The SWIR camera was also Allied Vision Alvium, with an InGaAs 

sensor, 1296 by 1032 format and 5 μm pitch. The MWIR camera was a Telops Spark M150, with 

a cryo-cooled InSb sensor, 640 by 512 format and 15 μm pitch. The LWIR camera was a FLIR 

T1020, with a VOx sensor, 1024 by 785 format and 17 μm pitch. The measurements in the paper 

are resolved measurements for all sensors, meaning that the target at-range was larger than the 

IFOV for each sensor. Additional specifications of the ground-based testbed sensors are given in 

Table 3.1. Quantum efficiency curves for each sensor are shown in Figure 3.1. Figure 3.2. shows 

the number of pixels on target as a function of range for each testbed sensor, with the target’s 

characteristic dimension matching that of a Cessna 182 viewed from the front (matching the 

study aircraft). Below this plot is a picture of the sensors mounted on the ground-based testbed 

used for the study. 

 
Table 3.1. Camera System Specifications 

 

Camera 
Sensor 

Type 
Band Format 

Pitch 

(µm) 

EFL 

(mm) 
F# 

IFOV 

(mrad) 

HFOV 

(deg) 

AVA 1800 U-240m CMOS VIS 1936 x 1216 3.45 12 4 0.288 31.9 

AVA 1800 U-507m CMOS VIS 2464 x 2056 3.45 16 4 0.216 30.4 

AVA 1800 U-2040m CMOS VIS 4512 x 4512 2.74 25 4 0.110 28.3 

AVA 1800 U-130 

VSWIR 
InGaAs SWIR 1296 x 1032 5 12 1.8 0.417 30.9 

Telops Spark M150 InSb MWIR 640 x 512 15 25 1.1 0.600 22.0 

FLIR T1020 VOx LWIR 1024 x 785 17 35 3 0.486 28.5 
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Figure 3.1. Quantum efficiency curves for testbed sensors. VIS and SWIR curves including low- and long 

-pass filters are shown on the left, and MWIR and LWIR curves are shown on the right. 

 

 

 
 

Figure 3.2. [Top] Pixels on target plotted as a function of range for all testbed sensors. This plot gives a 

comparison of detector-limited resolution given detector pitch and the chosen HFOV (25-30 degrees). 

[Bottom] Image of fully assembled testbed at study site. Sensors from left to right are as follows: low-

resolution VIS, mid-resolution VIS, high-resolution VIS, SWIR, MWIR, and LWIR. 

 



 

 

59 

 

 

 

3 . 2 .  Calibration 

The VIS and SWIR cameras were calibrated using a painted black and white target of known 

reflectivities illuminated by direct sunlight. Calibration images were taken immediately before 

the test flight to match sensor calibration to study illumination conditions. Calibration target 

image data was used to set the dynamic range of the cameras via adjustments to integration time.  

The black paint used was Krylon Industrial Ultra Flat Black Acryli-Quik spray paint; the white 

paint was Edmund Optics Pre-Mix White Reflectance Coating. Figure 3.3 shows the spectral 

reflectivity of these paints over reflective band wavelengths (0.4 to 2.4 μm).  For SWIR, the 

average reflectivities for white and black paint were 0.947 and 0.029, respectively. For VIS, the 

average reflectivities for white and black were 0.977 and 0.021 [77,78]. 

 

 
Figure 3.3. The spectral reflectivity values of the paints on the VIS/SWIR calibration target. 

 

 
Calibration imagery in each band was used to relate image gray levels to equivalent reflectivity 

values for the given illumination conditions. Regions of interest within the black and white target 

regions were chosen for imagery captured by each sensor. Gray values were averaged over each 

region, and that value was associated with the corresponding equivalent spectral reflectivity. The 

two data pairs for the black and white regions were used to estimate a System Intensity Transfer 
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Function (SITF), allowing conversion from gray levels to equivalent reflectivity values during 

contrast data analysis. Figure 3.4. displays the SITF curves for the VIS and SWIR cameras under 

study illumination conditions. 

 

 
Figure 3.4. [Left] SITF Curves for the three VIS sensors and SWIR sensor and  

[Right] corresponding calibration imagery. 

 

 
The MWIR and LWIR cameras were calibrated using blackbody sources at 20°C and 50°C. At 

these temperatures, the blackbody sources provided infrared radiation of a known emittance 

(W/m2). The MWIR and LWIR sensors detected the radiant flux from each source over their 

respective wavelength bands, and the flux was converted to the corresponding gray level value. 

By associating the gray level values of the imaged blackbody sources with their known 

blackbody temperatures, we created SITF curves for the MWIR and LWIR sensors that mapped 

imagery gray values to their equivalent blackbody temperatures. The MWIR and LWIR SITF 

curves are displayed in Figure 3.5. 
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Figure 3.5. [Left] SITF curves for the MWIR and LWIR sensors and 

[Right] corresponding calibration imagery. 

 

3 . 3 .  Data Collection 

The initial aircraft-to-sky imagery data collection was performed in Northern Marana, Arizona 

on June 23rd, 2023 from 8:30 am to 9:15 am. The data collection objective was to collect 

simultaneous imagery of a Cessna 172 aircraft from eight vantages (corresponding to the 

cardinal and ordinal directions) using the six testbed sensors described in Table 1 and shown in 

Figure 3.2. The Cessna 172 was chosen as a representative crewed general-aviation aircraft. 

Imagery was captured continuously in all bands at four frames per second as the aircraft 

approached the testbed from ranges covering 3000 m to 500 m. For each approach, the sensor 

testbed was aimed at the appropriate region of sky and left untouched for the duration of the 

approach. The Cessna 172 pilot gradually descended (about 1000 feet per minute) over the 

course of the approach such that the aircraft remained near the center of the sensors’ fields of 

view over the course of the flight. After each approach, the pilot immediately repositioned to 

approach at a range of 3000 m from the subsequent direction of approach. Between approaches, 

the testbed was reoriented to view the subsequent appropriate region of sky. Due to limited time 

between approaches (2 to 3 minutes), calibration imagery was taken once immediately before the 

initial aircraft approach and image collection. Throughout the flight, ADS-B data was recorded, 
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allowing correlation of study imagery with precise GPS locations on the aircraft. For figures 

showing the geometry of the flight path and ADS-B display, see Appendix A (Figures A.1. and 

A.2.). 

This initial data collection did not yield a complete set of imagery for all sensors in all intended 

directions. Difficulties included coordinating a time-sensitive and complex flight/image capture 

plan; challenges with the reflective-band simultaneous capture software; severe glare in 

reflective band imagery facing into the sun; and obstructions to the testbed line-of-sight in some 

cardinal and ordinal directions. These difficulties informed modifications to the subsequent data 

collection plan. The subsequent collection involved more thorough collaboration with our pilot 

and the owners of the land used for the study site, updates to the simultaneous image capture 

software, use of a sunshade for sun-facing imagery, and the selection of a new test site with 

minimal line-of-site obstructions. 

In addition to enabling the refinement of the data collection plan, the Marana data yielded some 

helpful qualitative and quantitative insights. Clear imagery of the aircraft’s southbound approach 

from 2500 m to 500 m, included in Figure 3.6., suggested that SWIR would perform relatively 

poorly at detecting the plane against the sky due to low signal from the plane and low sky path 

radiance. LWIR performed poorly compared to MWIR. All VIS imagery displayed a bimodal 

aircraft signal (dark and bright spots relative to a gray background). The dependence of plane-to-

sky contrast on illumination and other factors (time of day, aircraft color, etc.) in VIS imagery 

suggested potential difficulty for detection with fewer pixels on target. The GPS data collected 

alongside imagery from the Marana collection also allowed verification of the accuracy of a 

ground sample distance-based range estimation method of aircraft imagery with a range-to-target 

of 1000 m, which was the method used in the following study. 
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Figure 3.6. Labeled imagery of southbound Cessna 172 illuminated from the East, captured in initial data 

collection in Marana, AZ on June 23rd, 2024. 

 

 

A second data collection was performed in Picture Rocks, Arizona on July 4th, 2023 from 7:45 

am to 8:40 am. A summary of solar angles, visibility, and air quality at the time of the study is 

recorded in Table 2. The collection plan was similar to the prior data collection: the aircraft, this 

time a Cessna 182, approached the testbed from 8 directions, descending gradually to remain 

near the center of the sensors’ fields of view. See Figure A.3. in Appendix A for a photograph of 

the study aircraft and schematics showing aircraft dimensions. Figure 3.7. shows a diagram of 

the test site, aircraft descent paths, and solar azimuth angle. For this study, imagery of the aircraft 

was collected from 5000 m to 500 m. The collection successfully recorded the aircraft against a 

clear sky background in the four bands of interest over the eight illumination conditions. Figure 

3.8. shows imagery at 1000 m to target for the high-resolution VIS, SWIR, MWIR, and LWIR 

sensors over all aspect angles. Before the collection began, the sensors’ exposure times were set 

to maximize their dynamic range based on calibration targets. VIS and SWIR calibration was 

based on a black-and-white target with known spectral reflectivity, and the MWIR and LWIR 

calibration was based on two blackbodies with equivalent blackbody temperatures of 20 degrees 

and 50 degrees Celsius. 
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Table 3.2. Summary of the date, time, atmospheric, and illumination conditions of Picture Rocks 

studya 

 

Date and Time 

Avg. 

Solar 

Azimuth 

Avg. Solar 

Elevation 
Visibility 

PM 1 

(μg/m3) 

PM 2.5 

(μg/m3) 

PM 10 

(μg/m3) 
R.H. 

7.04.2023 

7:45 to 8:40 

am 

82⁰ 32⁰ 10 13 16 4 18 

 

aFrom Weather Underground [WU], the NOAA ESRL Solar Position Calculator [SP], and The World Air 

Quality Index Project. 

 

 

 

 

 

 

 
 

Figure 3.7. The second study site was located at 32.5803, -111.2091 in Picture Rocks, Arizona. The figure 

above shows the solar illumination angle (from the East), as well as the eight paths of approach taken by 

the Cessna 182. Each path of approach corresponded to a different illumination angle on the aircraft. 
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Figure 3.8. Aircraft imagery at a range of 1000 meters, including high resolution VIS, SWIR, MWIR, and 

LWIR for each aspect angle. Imagery shows a strong dependence on illumination angle for VIS imagery, 

some dependence for SWIR imagery, less still for MWIR imagery, and minimal influence for LWIR 

imagery. Direction labels correspond to the direction that the testbed faced, rather than the direction the 

aircraft flew. 

 

3 . 4 .  Analysis 

Imagery was analyzed to determine target-to-background contrast for each sensor in each 

illumination case. First, frames of interest were chosen at a range-to-target of 1000 m. This 

choice ensured ample pixels on target for each sensor, minimizing the ratio of unresolved-to-

resolved pixels to ensure reasonably accurate contrast analysis. Frames were identified using a 

ground sample distance (GSD) range estimation method, which was validated against the GPS-

labeled imagery from the first data collection. See Appendix A for a detailed discussion of this 

validation process and results (Tables A.1. and A.2.). 

The relevant information available for a given frame included the IFOV (instantaneous field of 

view) of the sensor used to capture the frame; the number of pixels from one tip of the aircraft 

wingspan to the other; and the wingspan of the C182. Ground sample distance, or GSD, refers to 

the distance in meters covered by a single pixel at-range. GSD can be expressed in terms of 

IFOV and range-to-target as follows: 
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  𝐺𝑆𝐷 = 𝐼𝐹𝑂𝑉 ∗ 𝑅       [meters]                                               [1] 

Where the IFOV, or instantaneous field of view, is the number of milliradians spanned by a 

single pixel based on the size of the pixel and the focal length of the camera lens. For a given 

frame, the sensor IFOV, number of pixels from one tip of the C182 wingspan to the other, and 

the actual wingspan of the C182 (11.02 m) were known. Given this information, we can express 

range-to-target as: 

              𝑅 =
𝑊𝑖𝑛𝑔𝑠𝑝𝑎𝑛

𝐼𝐹𝑂𝑉∗# 𝑃𝑖𝑥𝑒𝑙𝑠 𝐴𝑐𝑟𝑜𝑠𝑠
    [meters]                                           [2] 

After frames of interest (R = 1000 m) were identified for each sensor and illumination condition, 

a linear relationship between pixel gray values and equivalent reflectivity (VIS/SWIR) or 

equivalent blackbody temperature (MWIR/LWIR) was established. Conversion to radiometric 

quantities allowed direct comparison of contrast results for reflective band sensors and emissive 

band sensors. After radiometric conversion was established, the average signal on target and 

signal standard deviation were determined by carefully tracing out the aircraft as shown in Figure 

3.9. The average signal of the background was determined by inverting the ROI selection, 

including approximately twice the number of pixels on target for the background region 

selection.  

 
 

Figure 3.9. Region of interest on-target trace for VIS aircraft image at R = 1000 m. 
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After determining the average signal and signal standard deviation on target and the average 

background signal, RSS ∆R/∆T was calculated for each sensor and illumination angle: 

𝑅𝑆𝑆 𝛥𝑅/𝛥𝑇 =  √(𝜇𝑡𝑔𝑡 − 𝜇𝑏𝑘𝑔)
2

+ 𝜎𝑡𝑔𝑡
2       [unitless/Celsius]                         [3] 

RSS ∆R/∆T reflects both target-to-background contrast and on-target signal variation. This 

metric was chosen to better reflect the bimodal signal distribution in the VIS imagery. Moreover, 

study imagery showed slight blurring in the LWIR, causing the average gray value on-target in 

LWIR imagery to be somewhat lowered. The RSS ∆T is more robust to blur, as it accounts for 

the increased standard deviation of gray values caused by this slight blur, making it a better 

choice for contrast comparison under this condition. After calculating the RSS ∆R/∆T for each 

sensor and illumination condition, results were plotted as a function of testbed vantage angle for 

each sensor (see Figure 3.10.). A sun icon is included in each plot to make clear the illumination 

angle. VIS results were plotted together, while SWIR, MWIR, and LWIR results were plotted 

independently. 
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Figure 3.10.  Aircraft-to-sky contrast as function of aspect angle in each band. Plots use RSS delta as a 

measure of target-to-background contrast and on-target signal variation. 

 
 

It is worth noting that, due to small variations in flight descent rates throughout the study, plane 

altitude at a range of 1000 m from the sensor testbed varied slightly for each direction of 

approach. In other words, the aircraft’s angle of elevation with respect to the horizon varied 

along with illumination angle (see Figure 3.11.). Because the background signal varies 

significantly as both a function of elevation with respect to the horizon and illumination angle 

(particularly in VIS, MWIR, and LWIR imagery), this presents a potentially confounding 

variable. However, the impact of elevation angle on background signal over the range of 



 

 

69 

 

 

 

elevations angles represented in study imagery was insignificant compared to the impact of 

illumination angle. So, contrast analysis assumes negligible impact of elevation angle and target-

to-background contrast is described solely as a function of illumination angle. Documenting the 

effect of elevation with respect to horizon on background signal over EO/IR bands under 

relevant operating conditions is another important task for informing EO/IR design for DAA 

applications, but this task is beyond the scope of the current paper. Additional analysis of study 

data may be published in a future paper on this topic. 

 

 

 

Figure 3.11. Background signal varies significantly as a function of both illumination angle and the 

elevation angle of the aircraft/background with respect to the horizon. Imagery displaying this 

phenomenon in the studied band is shown, with the left set of imagery showing an illumination angle of 

135⁰ and the right an angle of 315⁰.   

 

Our close-range contrast measurements provided a basis for simulating long-range detection 

performance. The Night Vision Integrated Performance Model (NVIPM) was used to combine 

our measured apparent contrast values, resolution, and other sensor parameters to estimate range 

performance for each sensor under each illumination condition [79]. NVIPM uses the Targeting 

Task Performance (TTP) metric to represent the ability of an optical system to accomplish tasks 
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such as detection, recognition, and identification. The TTP metric takes both the sensitivity and 

the resolution of the imager into account.  Recall the expression for TTP: 

𝑇𝑇𝑃 =  ∫ [
𝐶𝑡𝑔𝑡

𝐶𝑇𝐹𝑠𝑦𝑠(ξ)
]

1

2ξ𝑐𝑢𝑡

ξ𝑙𝑜𝑤
 [cycles/mr]                                      [4] 

ξcut and ξlow are the highest and lowest spatial frequencies in the scene, CTGT is the target’s 

contrast, and CTFsys(ξ) is the system contrast threshold function. The CTF of the system 

describes which frequencies can make it through the system and be detected by the human eye, 

as contrast is degraded at higher spatial frequencies. Recall the expression for CTFsys(ξ): 

𝐶𝑇𝐹𝑠𝑦𝑠(ξ) =  
𝐶𝑇𝐹𝑒𝑦𝑒(ξ)

𝑀𝑇𝐹(ξ)
(1 +

𝛼2𝜎2(ξ)

𝑆𝐶𝑇2 )

1

2
   [unitless]                                     [5] 

where CTFeye(ξ) is the eye contrast threshold function and MTF(ξ) is the modulation transfer 

function of the system, which measures an imaging system’s resolution in terms of the spatial 

frequencies it can transmit. The second half of equation 5 describes the sensitivity of the imager. 

SCT is the scene contrast temperature and describes the range of radiant flux to which an imager 

is sensitive. σ(ξ) is the noise filtered by the display in Kelvin-root seconds and α is a 

proportionality factor (169.6 root-Hertz).  

Once the TTP is calculated, the result can be compared to the V-number corresponding to a 

specific task, generating the probability of accomplishing that task at a certain TTP value. V-

numbers are based on human perception experiments, since human perception still represents the 

gold standard in terms of signal processing [70]. 

In NVIPM, detailed camera specifications were imported for the six cameras, each in a different 

file. For each file, target and background data differed based on the illumination condition for the 

measured contrast. To reflect this, each sensor simulation was looped over target and background 

measurements for the eight illumination angles observed.  

The typical V-number used for a detection task is V = 2. This was determined by perception 

experiments where humans attempt to detect a target against the ground. This application is 
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slightly different because detection against a mostly uniform sky is an “easier” task to 

accomplish than detection against the ground. To revise the V-number for detection against the 

sky, V-number was correlated against the chosen metric of 4 pixels-on-target with a very high 

contrast, as suggested by our research sponsor. When inputting a target with high contrast, the V-

number corresponding to 80% probability of detection (this is the standard for good probability 

of detection) was found at the range where the target covered four pixels of the imager. Table 3 

shows the results for each sensor. 

 

Table 3.3. V-number corresponding to high contrast 4 pixels-on-target for each sensor 

 

Sensor V-number 

VIS U-240 1.03 

VIS U-507 1 

VIS U-2040 0.91 

SWIR 1.11 

MWIR 1.08 

LWIR 0.96 

 

Based on these results, V = 1 was chosen as the representative V-number for detection against 

the sky. For each model, the range for 80% probability of detection is calculated using V = 1 in 

both a desert and a maritime atmosphere. NVIPM uses MODTRAN to calculate the effect of 

different atmospheres on imaging performance. Figure 3.12. shows the results of this analysis for 

desert and maritime atmospheres. 
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Figure 3.12. Range performance simulation results for desert and maritime atmospheres. Range 

performance estimate accounts for degradation of signal as it propagates (MODTRAN) and combines 

contrast and resolution parameters to estimate range of detection (NVIPM).  

 

3 . 5 .  Discussion 

As expected, the reflective band sensors (VIS and SWIR) saw strong variations in target-to-

background contrast as a function of illumination angle. VIS imagery displayed a bimodal target 

signal for all illumination angles, meaning that there were two spikes in the signal histogram: one 

bright and one dark. This bimodal signal was caused by VIS radiation conveying information 
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about the varied colors of aircraft material (metal, paint, glass, etc.). Imagery of the directly 

illuminated and backlit aircraft (90⁰ and 270⁰) showed the strongest contrast, with the directly 

illuminated aircraft showing positive contrast and the backlit aircraft showing negative contrast. 

The contrast reversal between direct illumination and backlit illumination suggests low target-to-

background contrast at oblique illumination angles (0⁰ and 180⁰), which may create detection 

difficulties for long-range imagery with few pixels on target. Despite low contrast in average 

signal at these angles, on-target signal variations still provided detectable signal, as suggested by 

the non-zero RSS-delta results.  

While aircraft-to-sky contrast also varied significantly as a function of illumination angle in the 

SWIR imagery, contrast remained positive across all illumination angles. The target signal was 

bright over the entire target in each image analyzed, suggesting minimal dependence of SWIR 

signal on varying material colors or types. The strongest contrast case for SWIR appeared in the 

SW-facing imagery (225⁰). Reviewing the corresponding image (see Figure 3.8.) shows that the 

contrast outlier reflected a strong signal from the aircraft signal light, or perhaps from glare off 

the glass window covering the light. Barring this outlier data point, SWIR imagery of the directly 

illuminated aircraft showed the highest contrast. This vantage maximized the brightness of the 

target signal and minimized background sky path radiance. The weakest contrast appeared in the 

backlit imagery, which minimized the brightness of the target signal and maximized background 

sky path radiance. Overall, SWIR imagery aircraft-to-sky contrast was low relative to contrast in 

VIS imagery. 

Aircraft-to-sky contrast in MWIR imagery showed minor dependence on illumination angle, 

with similar results to SWIR imagery, showing lower contrast for the backlit aircraft and higher 

contrast for the directly illuminated aircraft. This minor dependence was expected, as MWIR 

sensors record some reflected radiation as well as emissive radiation. Aircraft-to-sky contrast in 

LWIR imagery showed no significant dependence on illumination angle and the same positive 

contrast as SWIR and MWIR imagery. Contrast in the LWIR band appeared much weaker than 

in MWIR. 
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Slight variations in aircraft-to-sky contrast could be seen in the RSS-delta results for the LWIR 

imagery, and these variations were explained by small differences in aircraft altitude for imagery 

at each angle for a range-to-target of 1000 m. Differences in altitude across imagery in all bands 

slightly affected the contrast analysis, but the influence of altitude was insignificant relative to 

the influence of illumination angle for all cases except the LWIR. Still, this result raises an 

important point: imager performance will vary significantly as a function of the relative altitude 

of the UAV on which a detection avoidance imager is mounted and any aircraft which is a non-

cooperative collision risk. Sky near the horizon appears much brighter in all bands studied (VIS, 

SWIR, MWIR, and LWIR) than sky further from the horizon.  

The results of the contrast study showed that VIS and MWIR imagers were most sensitive to the 

signal of the C-182 aircraft against a clear-sky background in a desert atmosphere. The NVIPM 

analysis took this result and considered the combined effect of sensor sensitivity and resolution 

to simulate the range performance of each imager for the task of aircraft detection. It is important 

to understand the simulation results were particular to the sensors chosen for this study, and these 

sensors were chosen primarily for the task of comparing the sensitivity of each band to the signal 

of the aircraft against the clear sky rather than for maximizing resolution or range performance. 

Both the desert and maritime atmosphere simulations showed that the VIS sensors would expect 

the best range performance in most cases, with the higher resolution sensors detecting at longer 

ranges. At oblique illumination angles (0⁰ and 180⁰), the low-resolution VIS sensor was 

estimated to perform similarly to the LWIR sensor. The next best performer was the LWIR 

sensor (1024 by 786 pixels), offering a longer detection range than the more sensitive but lower 

resolution MWIR sensor (640 by 512 pixels) and the less sensitive but higher resolution SWIR 

sensor (1280 by 1024 pixels). The difference in performance between desert and maritime 

atmospheres was minimal for the SWIR, MWIR, and LWIR sensors. There was some 

degradation to range performance in the VIS for the maritime atmosphere. This aligns with 

theoretical expectations, as VIS shows significantly reduced range performance under degraded 

atmospheric conditions (like high water content, as in a maritime atmosphere) relative to longer 

wavelength bands like SWIR, MWIR, and LWIR. Still, the VIS sensors’ higher resolution 

detectors mostly outperformed the SWIR, MWIR, and LWIR sensors by a significant margin. 
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The MWIR sensor used in the study was the lowest resolution by far, and it can be expected that 

using a MWIR detector of a similar resolution to the LWIR and SWIR sensors used would 

outperform these sensors and the low-resolution VIS sensor at oblique angles, if not also the 

moderate resolution VIS. 

In summary, the contrast of the studied Cessna 182 aircraft against a clear sky in a desert 

atmosphere was found to be strongest in VIS and MWIR imagery, considering variations in 

target and background signal due to illumination and target characteristics. The advantage of 

MWIR over VIS was its consistently high and positive contrast, whereas VIS displayed a 

contrast reversal at oblique illumination angles which may pose difficulties for long-range 

detection. VIS performance may degrade or improve for different colored aircraft and in water-

rich atmospheres. These factors make VIS a less reliable choice for the task of aircraft detection 

than MWIR from the perspective of imager sensitivity to aircraft signal. However, the relative 

affordability, accessibility, and low-SWAP of VIS sensors compared to MWIR sensors make 

VIS a potentially suitable choice for an aircraft collision avoidance system on a small- to mid-

size UAV system. The two sensors may also be used in tandem to increase system performance 

and flexibility. Many aviation EO/IR gimbals include both VIS and MWIR sensors. These 

gimbals may be strong candidates for adaptation to DAA surveillance. 

Choice of imaging band for the EO/IR component of a DAA system may also be informed by 

system specific requirements on minimum detection range, UAV SWAP capacity, and operation 

environment (low- versus high-altitude, urban versus rural, etc.). For systems with the capacity 

to perform initial detection at long range, such as those that employ acoustic sensors, variable 

FOV and scanning capabilities for the EO/IR system may be beneficial. This would increase the 

range performance of the EO/IR system and enable utility immediately after initial detection. 

The collection of additional aircraft-to-background contrast data for EO/IR sensors across bands 

of interest, for different targets, and under various illumination, atmospheric, and background 

conditions would greatly support the informed design of DAA sensors for UAV operations. 

Moreover, this data would be invaluable to testing and developing detection algorithms with real 

EO/IR imagery. Due to these benefits, additional research may be pursued comparing EO/IR 
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band performance at night, at and below the horizon line (high path radiance sky and ground or 

sea backgrounds), and under different atmospheric and weather conditions. Research on the use 

of zoom capable EO/IR sensors alongside other initial detection instruments, such as acoustic 

sensors, may also be beneficial to optimizing the optical design of EO/IR sensors for the task of 

aircraft collision avoidance.  
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CONCLUSION 

This study suggests that the VIS and MWIR sensors provide stronger aircraft-to-sky contrast 

than do SWIR and LWIR sensors under clear sky and daytime illumination conditions. The 

availability and affordability of high resolution, low-SWAP VIS sensors make them a strong 

choice for aircraft collision avoidance systems, while the consistent positive contrast and lower 

dependence on illumination angle and aircraft characteristics are strong benefits for MWIR 

imagery. MWIR imagery also may perform better under degraded atmospheric conditions due to 

its sensitivity to longer wavelengths. Due to their differing strengths, VIS and MWIR sensors 

may be fused to create a high performing and adaptable EO/IR detect and avoid system.  

Range performance simulations based on contrast study results showed that the resolution of the 

EO/IR detector remains critical to the minimum range of detection, with the low-resolution 

MWIR sensor performing the worst out of all study sensors despite strong sensitivity to the 

aircraft signal. One solution to the limit imposed by detector resolution may be the use of optical 

zoom. Additional research may be performed investigating the use of zoom-capable scanning 

EO/IR sensors for collision avoidance.  

This study serves as an initial investigation into aircraft-to-background contrast for the purpose 

of EO/IR design for aircraft collision avoidance, providing a method for collecting calibrated 

EO/IR sensitivity data under varied illumination conditions. Interpretability of study results 

would improve greatly with further research into aircraft-to-background contrast during the 

night, for near- and below-horizon imagery, with various ground and sea backgrounds, and under 

different weather and atmosphere conditions. The systematic and rigorous collection of imagery 

under these conditions will be invaluable to developing, testing, and validating the performance 

of EO/IR sensors and detection algorithms under diverse conditions for UAV-based DAA 

systems.  
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APPENDIX A.   

Additional Figures and Tables 

 
 

Appendix A. includes supplemental tables and figures that were omitted from the main body of 

the thesis, but which still ought to be available for reference and examination. 

 

 

 

 

 

Figure A.1. During the test flight, the pilot was directed to begin a gradual and even descent when they 

reached 3000 m from the testbed, ending at approximately 200 m above ground level when 500 m from 

the testbed. This flight pattern was repeated for approaches over all cardinal and ordinal directions. 
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Figure A.2. Screenshot of ADS-B data as-recorded throughout test flight. Timestamps on recording were 

correlated with timestamps on recorded imagery, allowing each image to be associated with a 

corresponding GPS reading on the aircraft. 

 

 

Tables A.1. and A.2. provide information used to identify the frames of interest for the contrast 

study. The initial study (Marana) used ADS-B data to track aircraft, and GPS data from ADS-B 

measurements were tagged to the corresponding imagery via synchronized timestamps. During 

the second study (Picture Rocks), the study aircraft was broadcasting ADS-B data on an 

unexpected frequency, and so it was not recorded. To identify frames at 1000 m range for the 

contrast study, a ground sample distance-based (GSD) method was used. This method was first 

validated against the GPS-tagged data to ensure accuracy at a range of 1000 m.  

Table A.1. shows the testbed sensors, each of their IFOVs, the corresponding GSD at 1000 m, 

and the number of pixels expected across the 11-meter wingspan of the C182 aircraft. Table A.2. 

shows a comparison between GSD-based range estimation and GPS-based range measurements 

for the high-resolution visible imagery. Results show that the GSD method consistently estimates 

the plan to be 100 m closer to the sensor than do ADS-B GPS measurements. This discrepancy is 

expected given aircraft speed of 50 to 75 m/s and ADS-B delay of 1 to 2 seconds. 
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Table A.1. GSD at 1000 m and pixels-across-wingspan calculations for testbed sensors 

Sensors V U240m V U507m V U2040m VSWIR MWIR LWIR 

IFOV 

(mrad) 
0.2875 0.2156 0.1096 0.4167 0.6000 0.4860 

GSD at 

1000 m 

(m) 

0.2875 0.2153 0.1096 0.4167 0.6000 0.4860 

Pixels 

across 

wingspan 

38 51 101 26 18 23 

 

 

 

 

Table A.2. Comparison between GPS-based and GSD-based range estimation 

Frame Number 

Frame 1: 

8:54:45 

ama 

Frame 2: 

8:54:55 

am 

Frame 3: 

8:55:05 am 

Frame 4: 

8:55:15 am 

Frame 5: 

8:55:25 am 

Frame 6: 

8:55:34 am 

Expected # 

Pixels 
43 54 67 93 158 530 

Actual # Pixels 45 57 75 103 184 436 

GPS Range (m) 2323 1852 1476 1071 627 187 

GSD Range (m) 2200 1740 1322 960 540 227 

aTimestamps refer to time of capture from Marana test flight. 
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Figure A.3. [Left] Principal dimensions of C-182, which were used to calculate target 

characteristic dimension in pixel on target calculations and range performance simulations. 

[Right] Photograph of C-182 aircraft flown for contrast study. 
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