%‘\As Center of Excellence for UAS Research

Alliance for System Safety of UAS through Research Excellence

LN CAL

uuuuuuuuuuuu

NORTH DAKOTA ANALYTICS

A57: Investigate Detect & Avoid (DAA) Track Classification & Filtering
Final Report

Decembe 6, 2024

vil



NOTICE

This document iglisseminated under the sponsorship of the U.S. Department of Transportation in

the interest of information exchangehe U.S. Government assumes no liability for the contents

or use thereofThe U.S. Government does not endorse productsanufacturersTrade or
manufacturersd names appear herein solely bec
of this report.The findings and conclusions in this report are those of the author(s) and do not
necessarily represent the views o# flanding agencyThis document does not constitute FAA

policy. Consult the FAA sponsoring organization listed on the Technical Documentation page as
to its use.



LEGAL DISCLAIMER

The information provided herein may include content supplied by thireepaktihough the data

and information contained herein has been produced or processed from sources believed to be
reliable, the Federal Aviation Administration makes no warranty, expressed or implied, regarding
the accuracy, adequacy, completeness, lggaliability or usefulness of any information,
conclusions or recommendations provided herein. Distribution of the information contained herein
does not constitute an endorsement or warranty of the data or information provided herein by the
Federal Aviabn Administration or the U.S. Department of Transportatieither the Federal
Aviation Administration nor the U.S. Department of Transportation shall be held liable for any
improper or incorrect use of the information contained herein and assumepowsiielity for
anyoneo6s use oThe Federal Aviatidn ddninisttatioo and U.S. Department of
Transportation shall not be liable for any claim for any loss, harm, or other damages arising from
access to or use of data or information, inclgdinthout limitation any direct, indirect, incidental,
exemplary, special or consequential damages, even if advised of the possibility of such damages.
The Federal Aviation Administration shall not be liable to anyone for any decision made or action
taken,or not taken, in reliance on the information contained herein.



TECHNICAL REPORT DOCUMENTATION PAGE

1. Report No.
All1.L .UAS.100

2. Government Accession No.

3. Reci pientds

4. Title and Subtitle

A57 Investigate Detect and Avoid Tra€Hassification and Filtering

Task 3 Report

5. Report Date
December 52024

6. Performing Organization Code

7. Author(s)

Matthew McCrink, Ph.D.https://orcid.org/000@00322122132

Dhuree Seth, Ph.Dhitps://orcid.org/000@001-77596453

Bouteina Driouche, Ph.Dhttps://orcid.org/000@001-70340930

Bryan C. Farrellhttps://orcid.org/000®00316749043

Kyle B. Ryker

Seunghan Lee, Ph.D.
Asishana Ajayi

Aryslan Malik, Ph.D.
Houbing Song, Ph.D.
Morad Nazari, Ph.D.
Richard J. Prazenica, Ph.D.
Troy Henderson, Ph.D.
Tyler Spence, Ph.D.
Richard Stansbury, Ph.D.
Jichul Kim, Ph.D.

Brady Swann

8. Performing  Organization
Report No.

9. Performing Organization Name and Address

The Ohio State University

Department of Mechanical and Aerospace Engineering

Aerospace Research Center
2300 W Case Rd
Columbus OH 43235

10. Work Unit No.

11. Contract or Grant No.

12. Sponsoring Agency Name and Address

Federal Aviation Administration

13. Type of Report and Period
Covered

Final reportdraft

14. Sponsoring Agency Code
5401

15. Supplementary Notes



https://orcid.org/0000-0003-2212-2132
https://orcid.org/0000-0001-7759-6453
https://orcid.org/0000-0001-7034-0930
https://orcid.org/0000-0003-1674-9043

16. Abstract

This report summarizes the primary sources of error in ground and airborne sensors leading to
misleading tracks being presented to the operator of autonomous Uncrewed Aircraft Systems (UA
primary focus of this research is to demoat® risk modelling strategies to understand the impact of
information on detect and avoid systems currently being developed and deployed for UAS. Thi
documents the proposed encounter scenarios investigated using advanced simulatioss ttoeassgact o

changing clutter fluxdensity

17. Key Words

SUAS, clutter, radar, detect and avoid, false tracks,| No restrictions.

identification

18. Distribution Statement

19. Security Classification (of this report)
Unclassified

20. Secuity Classification
(of this page)
Unclassified

21. No.
Pages
85

of

22. Price
N/A

Form DOT F 1700.7 (§2)

Reproduction of completed page authorized



TABLE OF CONTENTS

INOTICE . ... tttettee ettt ettt e e e e e ettt e e e eamt e e e e s bbb et e e e e e s nsse e s amnmee e e e e e s nsbeeeeeeeeannssamnnsseeeas |
LEGAL DISCLAIMER ..ottt ettt e e e e e et e e e e amnneeeaeeeenas 1l
TECHNICAL REPORT DOCUMENTATION PAGE.......c.cco e L
TABLE OF FIGURES........cciiiiiie et sssinesnnneeee e s s ssnnnneees e s ssmnnssnnnnneens V1
TABLE OF TABLES......oeoiii ittt ettt e eeme e e e ettt e e e e e e e nns s emnre e e e e e e e nnnnees X
TABLE OF ACRONYMS ... eeree et e et e et e e et e e e et e e et e e s ennmeean s Xl
EXECUTIVE SUMMARY ...ttt smme ettt e e e st sammt e e e s e s nnnataeaaeeesnnsssannssees XIl
1 INTRODUCTION & BACKGROUND........cuttiiiieeiiiiiiiiieeseeee e e s siieeeae e e s snnisannssseeeeeeenanes 1
1.1 FiNaAl REPOI OVEIVIEW.........iiiiiiiiiiiiieeeeieeeeittbbteseee e et e e e e e e e s eeemree et e e e e e eaeeeeeeaaessssammnas 1
1.2 Risk Metrics and Encounter DataSetS........cooeeeeeiiiiiiieeeiieie e eeeeceveeeeee e 1
1.3 Simulation Environment and Algorithms..............coooooiiiiiieee e, 1
1.4  Clutter Modeling and Impact ANAlySIS............ooviiiiiiiiiiieeme e s 1
1.5 Experimental Data ColleCtiQn..........cooeiiiiiiiiiiiiee e 1
1.6 Operational Suitability and Safety..............oooiiiiiiimrm e 1
I 0] BRSNS 2
1.8 RISK MEIIICS. ..o iiii ittt e ettt eees ettt e et e e e e e e e e e e e s smmreeeaaaaeaeeeeean 2
S T =l o olo 10 [ a1 =T Y= (S TP 2
1.9.1 Glendale ENCOUNTEE SEL........uuuiiiiiiiiiiiiiieeeiiiiiiiitee e e e e e e e e 2
1.9.2 MIT Terminal Area ENCOUNTEr SEL......ccciiiviiiiiiiiiiieeeiiiviiieeiee e 3
1.9.3 Cooperative Surveillance ParameterS..........ccuviiiiiiiiieeeiiiiieeeeeeeeeeeee e 4
1.10 FastTime Simulation ENVIFONMENL............ouvviiiiiiireeeeiiiiine e e e e eremanne e 4
1.10.1 ENroute ENCOUNTEIS. ......couuiiieiiiiii et e e et s e e e e e e e e e eeennman 4
1.10.2 Terminal OPErationS.......ccccciiiieeeeeiiiiiieeeie et eeme e e e e 5
000 I O O 01 = 1Y/ 4TS 6
1.11.1 Types of Clutter in the Air Picture and Their Operational Impact.................. 6

O O O 11 (= 0 PP PPPTTTRNY 4
1.11.3 Clutter FIUX DENSItY.....ccciiiiieiiiiii e eiieees v eeeeeeane ol
1.11.4 ClULter CIUSTEIING ...ueeeeiiiiiiiiiiiiee et eeee e enenees 8
1.11.5 Navigable FraCtion..........coooooiiiiiiiii e eerer e 9
1.11.6 Clutter RiSK RaAtio Delta............uuuuiiiiiii e eeeeeeeeer e 9
1.11.7 Clutter Probability Of DEteCHON........ccvviiiiieiiiiii e 9
1.11.8 Missed Object and False Track FIUX..........cccuvviiiiiiiieemiiiiiiiiiiiciccceeee e 10



1.11.9 Missed RelevanTraCk FIUX..........ocu oo e 11

1.11.10 Probability of Retained CIULLEL.............uuruiiiiiiis e 11

O T I Y U {1 1 1 = 1 PP PP P PP PPPPPPPI 12

2 SENSOR DATA COLLECTION AND ANALYSIS....ooiiiiiiiiiiiiiiee e icmee e 12
P22 A 1 11 £ To [ o 1o PSRRI 12
22 1 ri s Aut om@sBanmmm.0.5....08.5 B i 12
2.2.1 Methodology and Safety MEaASUIES............ccevuuuiiimimmreieeeeeiiiiiiinne e eeeeeeees 12
2.2.2  CONCIUSIONS. ....uuiiiiiiiiiiiiiiittt e eeeeteee ettt et e e e e e e e e e e s s st e e e e e e e e e e e e e s s s s s s s snnne e e e e aans 14

2.3 EOI/IR Modeling and Analysis EffOrtSs.............uuiiiiiiiiiceeiiciie e 15
2.3. 1 APProaChes USEM..........uuiuiiiiiiiiiiii ettt 15
2.3.2  Case 1: HIgH MaX .......cooiiiiiiiiiiiiiiiimece s eeema s e e e e e e e e e e aees 15
2.3.3  CASE 2: MEAIUM ...ciiiiiiiiiiiieie et erne bbb enennes 20
2.3.4  CASE 3 LOW. iiitiiiieiiiiite ettt e ettt er e et e e ettt e e annaeeaeeanen 24

2.4 Data Modeling and Synthetic Dataset GeneratiQn...............cccevveeeeniieeeeeeeeeeeeenn. 29

3 ENROUTE MOCELING AND SIMULATION RESULTS......ccvvvieeiiiiiiire e 35
3.1 SIMUIALION SEUR.....eiiiieiiiee e e e e eeeer e e e e e e e e e e e e e e e e e eae s nnneaeeeeees 35
3.2  Ground Based Radar RESULLS.........ccouiiiiieiiii e eeeeeeeeeee e 35
3.2.1 Safety Analysis: Nominalllerting EnCounters..............cooooeiieenn e 35
3.2.2 Safety Analysis: 10K Nominally Alerting Encounters.............ccceevvvvieeeeenn... 37
3.2.3 Nontralerting encounters, Full CIUtter...............ooovviiiiiieee e 38
3.2.4  Delayed CIULEL... ..ot e e e e e e e e 39
3.2.5  AGT TrANSIHION . ..cciiiiiitiiiiiiiieee e eeeeee bt re e e e e e e e e e e e eeereeeeeeeeeeeeeeaaeaaseassammneeas 41
3.2.6  Operational Suitability ANAlYSIS...........coooviiiiiiiiiiee e 41

G 0 T @ 7 | (=S U £ 42
3.3.1 MSU Variable Density CIULer..........coooriiiiiiiii e 42
3.3.2  Operational SuitabilitYANAIYSIS.........ccovvuiiiiii e 44
3.3.3 MSU Clutter Data: Safety ANalySIS.........coouviiiieiiiiiieemeeie e e e eneeeens 44

4 TERMINAL MODELING AND SIMULATION RESULTS........ccceiiiiiviieevvieenn . 45
4.1 SIMUIALION SEIUP....eetiiiiiiieee et aenrn e eeeed 45
4.2 GroundBased EO/IR RESUIS.........cuuiiiiiiiiiiiiieeiiiiine e AD
5 CLUTTER IMPACT ON OPERATIONS... ..ot emene e 55
o0t R © 1V = oV 1= S 55
5.2  DesCription Of SYSEMIS......ciiiiiiiii it e e mmmr e e e e e et eeeeeernns 56

Vi



Lo TRC T = =1 (o I T TR 56

5.4 SUIVBYS. .ottt ettt e e e e e ettt e e s 57
5.5 RESUILS. ..t e e e e e 57
5.6 RECOMMENUALIONS ... .uuiiiiiiiiiiiiiiie ettt nees s 58
B  CONCLUSIONS.. ...ttt rrnt e e e e e e e e e s e e e bbe e e e e e s sassaaeeeaeesmmne e s s nssreeeeas 59
6.1 ENroute ENCOUNTELS......cciiiiiiii ettt et ettt e e e et e mmmeeeaa e e e e eeatn e e e eeeannneeees 60
6.2 Terminal ENCOUNTEIS..... oottt ieeee ettt et e e e e e emees 61
6.3  Clutter Impact 0N OPErations............cceevuuuiiuiiimmmeeeeeeeeeieirr e eeerae e eas 62
6.4 Future ResearcCh Needs..........oooi oo 62
A o = o = N [ 64

vii



TABLE OF FIGURES

Figure 1. Glendale alerting €nNCOUNEr SEL........ccceiiieiiiiiiiieeei e 3

Figure 2. Horizontal and Vertical Separation: ACAS sXu Mitigation (cldsed) vsUnmitigated

(o] o<1 (oT0] o ) FH PP PPPPPPPPPP 5

Figure 3.Raspet Detect and AVOId SYSTEM.......cccooiiiiiiiiiiiiieeee e eeeeeeeees 6
Figure 4. |l RIS Automationds Casia G. Sensor
SIERRA Wireless router (FgNt)........coooe oo 12

Figure 5. South farm data collection l0CatioN................ooovviiiie e 13

Figure 6. Rice Hall data collection location...............cooivviiiiieee e 14

Figure 7. Clutter modeling using distributed fitting................uviiiiiicceeee e 15

Figure 8. Scatter Plots among latitude, longitude, and altitude in a high density............ 16

Figure 9. Histograms of (a) Latitude, (b) Longitude, and (c) Altitude in a high density...17

Figure 10. Empirical CDF& latitude, longitude, and altitude in a high density.................. 18

Figure 11. Real EO/IR clutter vs Simulated EO/IR clutter in a-dghsity............cccccvvveeeen. 19

Figure 12. Scatter plots in a medium clutter density environment...............ccccveeeevvvennne. 21

Figure 13. Histograms of latitude, longitude, and altitude in a medium clutter density environment.
......................................................................................................................................... 22

Figure 14. The cumulative density function of latitude, longitude, and altitude in a medium clutter
AENSItY ENVIFONMENL.......cci i er e s e e e e e e e e e e s amans e e e s e eaaaaaaaees 23

Figure 15. Real EO/IR clutter vs Simulated EO/IR clutter in a medium clutter density environment.
......................................................................................................................................... 24

Figure 16. Scatter plots in low clutter density environment.................euvvvimeeniceniennnnennne. 25

Figure 17. Histograms of latitude, longitude, and altitude in a low clutter density enviro@@ent.
Figure 18. The cumulative density function of latitude, longitude, and altitude in a laer clut

ENSILY ENVIFONMENL. ...ttt e e e e eees st e e e e ettt et e e e e e e e e s smamreeeeeeeeaeaeeean 27
Figure 19. Real EO/IR clutter vs Simulated EO/IR clutter in a medlutter density environment.
......................................................................................................................................... 28
Figure 20. Altitude distribution of single clutter dataset, gtfe...........ccccvvviiiicccreeieiinnnns 31
Figure 21. Velocity in xdirection (horizontal) for clutter data, in feet gecond.................... 31
Figure 22. Velocity in ydirection (horizontal) for clutter data, in feet per secand.............. 31
Figure 23. Velocity in airection (vertical) for clutter data, in feet per second.................. 32
Figure 24. Resulting wider area of clutter data, witim80ute length.....................ooooieeee. 33

Figure 25. Various distribution comparisons of field data (left) and simulated data (righ85

Figure 26. Histogram showing differences in LoWC with and without Clutter. Chart orghite
indicates that LOWC is due to early alerting and diverting of the ownship. When a delay to alert
only when in proximity to the intruder (figure on the right), the LoWC rates better align with the

INTFUAEFONIY JALA SEIS.....iiiiiii e errer e e e e et eeanr e e e e e earaans 37
Figure 27. Modification to mask clutter until after intruder triggers alert.......................... 40
Figure 28. Total alert duration and number of split alerts per encounter......................... 42
Figure 29. Number of reversals per encounter with varying levels of clutter................... 42
Figure 30. LOW deNSity CIULIEL........coiiiiiiiieie e 43
Figure 31. Medium densSity CIUTIEE. .........ooiiiii e 43
Figure 32. High density clutter. In these charts, ownship trajectories are shown in blue, intruders
Ta IR C=To IF= Vg o I od (U] (=] g 1o [ == o 1O T 43

viii



Figure 33. Number of split alerts and alert durations per encounter for-ivemked clutter....44

Figure 34. Approach corridor definition for lateral boundaries (top), and vertical boundaries
(010 10 TS 46

Figure 35. Subset of ownship trajectories meeting the missed approach threshold requirements,
shown in pink. Blueracks do not intersect the approach corridor and were discarded....46

Figure 36. Lowrate clutter aw (left), with 3 second filter (middle) and 5 second filter (rigHtJ.

Figure 37 Medium-rate raw (left), with 3 second filter (middle) and 5 second filter (right)47

Figure 38.Mediumhigh rate raw (left), with 3 second filter (middle) and 5 second filter (right).

.......................................................................................................................................... 48
Figure 39. Highrate raw (left), with 3 second filter (middle) and 5 second filter (right).....48
Figure40. Description of symbols used in the trajectory graphs shown helow................ 50
Figure 41. Flightrajectory in chronological order (left to right) of ownsluiply case............ 50

Figure 41. Flight trgectory in chronological order (left to right) of ownship + intruder casél1
Figure 42. Flightriajectory in chronological order (left to right) of ownship + clutter (Low) case.

......................................................................................................................................... sl

Figure 43.Flight trajectory in chronological order (left to right) of ownship + intruder + clutter
(0T I o= T TP OPPPOPPPPPP 52

Figure 44. Flight trajectory of ownship + intruder + clutter for Low/Medium/Medium High/High
(=T (o o] ] o= LT PPN 52

Figure 45. Basic schematic of the primary and the isolated secondary autopilot onboard the large
L TP TTTPPP 56

Figure 46. Word cloud of most prominent words, visualized by larger fonts, used by the research

team when qualitatively exal.uat.i.ng..t.he58DAA sy



TABLE OF TABLES

Table 1. ANAIYSIS MEIIICS... .. ittt emme e ettt smmmreennnnne 2

Table 2. Ownship and Intruder Vehicle Surveillance Parameters.............cccccevvcmeeevvvnnnnnns 4

Table 3. Surveillance SeNSOr UNCEIMAINTLY..........cuviiiiiiiiii e 4

Table 4. Correlation between latitude, longitude, and altitude in a high clutter density environment.
.......................................................................................................................................... 15

Table 5. Correlation between latitude, longitude, and altitude in a medium clutter density
(<] N V71 0T 10 0= o SO PP PPUPPRPPPPPPR 20

Table 6. Correlation between latitude, longitude, and altitude in a low clutter densityneneit.
......................................................................................................................................... 24

Table 7. Analysis for varying levels of clutter. (Note, reduction in safety statatcdue to likely
simulation bias as NOted IN 3.2.L)....ccoieiiiiii e 36

Table 8. LOWC changes based on levédlslotter.(Note, reduction in safety statistics are due to
likely simulation bias as noted iN 3.2.1)......coooiiiiiiieee e 36
Table 9. Analysis including treatment of <clutt
are due to likely simulation bias as noted in 3.2.1)........coooiiiiiiiiiiccee e 38
Table 10. Analysis including treatment of <cl u
in safety statistics are due to likely simulation bias as nat8®R.1)................ccooevvvvvvvieeee... 38

Table 11. Analysis using 65K nerlerting ENCOUNTEIS.........ciiiiiiieeeeeiiiiieeeie e 39

Table 12. Results following simulation modification where clutter is hidden in the simulation until
after there is an aleoin the intruder aircraft.............cooooiiiii 40

Table 13. Statistics using ADB vs AGT DAA interface fointruder.............ccccoevvvvvvvnniceee... 41

Table 14. Summary of encounters using EO/IR sensor data with varying clutteretisties.

OpVal refers to previously published data from MIT for the same encounters, Results are from
simulations conducted in this work, and the Target are the ASTM LoWC ratio and NMAC risk
ratios. (Note, reduction in safety statistics are due toyl&@hulation bias as noted in 3.2.134

Table 15. Analysis using alerting encounters with mdidsked clutter data. (Note, reduction in
safety statistics are due to likely simulation bias as noted in 3.2.1)........ccccceeeiiiieeennnnnnnns 45

Table 16. Clutteflux densities tested in the terminal environment in false track$Amm.....47

Table 17. Number of samples and tracks for different levels of clutter on filtering optiaré3

Table 18. Average of alerts per flight and average of alerts per minuteséwo®d filtered clutter

(0 = - P 53
Table 19. Average of alerts per flight and average of alerts per minutesémo®d filtered clutter
(0 = - P 53
Table 20. Missed approach percentage, LOWC, NMAC, and reversals faiutier case (5s
11 L1 PSP 54
Table 21. Missed approach percentage, LoOWC, NMAC, and reversals foclivtert casdbs
11 L1 PSP 55
Table 22. Missed approach percentage, LOWC, NMAC, and reversals feHIgkgtlutter case
(ST {11 ) TSSO PPPPPRRP 55
Table 23. Missed approach percentage, LOWC, NMAC, and reversals foiciter case (5s
L1 L= o PO PUPPPPRPPPPPN 55



AGT
ART
ATC
ADS-B
CDF
CFD
CPDR
DAA
EO
EO/IR
FAA
FTF
GBR
GCS
IFR
LowC
MROF
MRTF
MSU
NAS
NF
NMAC
osu
rDAA
SUAS
TCAS
UAS

TABLE OF ACRONYMS

Absolute Geodetic Track

Avoidance Required Threshold

Air Traffic Control

Automatic Dependent Surveillan@roadcast
Cumulative Density Function

Clutter Flux Density

Clutter Probability of Detection Ratio
Detect And Avoid

ElectroOptical
ElectroOptical/Infrared

Federal Aviation Administration
False Track Flux

Ground Based Radar

Ground Control Station
Instrument Flight Rules

Loss of Well Clear

Missed Relevant Object Flux
Missed Relevant Tradklux
Mississippi State University

National Airspace System

Navigable Fraction

Near Mid-Air Collision

Ohio State University

Raspet Detect And Avoid
SmallUncrewedAircraft System
Traffic Alert and Collision Avoidace System
UncrewedAircraft Systems

Xi



EXECUTIVE SUMMARY

This report presents a comprehensive evaluation of Detect and Avoid (DAA) systedrefewed

Aircraft Systems (UAS), focusing on their performance and safety in cluttered environments. By
integrating modeling, simulation, and experimental data, the study addresses the operational challenges
of environmental clutter, assesses key risk metrics, and propcosesaale recommendations for
system improvement. The primary objective is to evaluate how DAA systems manage conflicts with
intruder aircraft under varying clutter densities while maintaining operational suitability and safety.

Risk assessments are based on metrics combining the severity and likelihood of hazard outcomes,
including Near MidAir Collision (NMAC) probability and Loss of Well Clear (LoWC). Two key
datasets form the basis of the simulations. The Glendale EncountproSeles 665,000 enroute
scenarios to replicate package delivery flights interacting withwedll Automatic Dependent
SurveillanceBroadcast ADS-B) traffic, while the MIT Terminal Area Dataset focuses on terminal
operations near airports. These datagnable the simulation of diverse operational conditions critical

to assessing DAA performance.

Environmental clutter, defined as nroglevant noise or false targets, significantly impacts DAA system
reliability. Metrics such as Clutter FliDensity, Clutter Risk Ratio, and Navigable Fraction quantify
clutterdos effects, highlighting increased al ert
mitigate these effects, synthetic clutter environments were generated ushwgpreatata, with

densities ranging fronfive false tracks/(nrihr) (rare encounter) to 470 false tracks/Adm), (frequent

and often multiple targets).

Simul ations were conducted using CAL Analyticsé
DAIDALUS DAA algorithms. Enroutesimulations with varying clutter densities reveal that while

clutter alerts are often shdited and do not frequently lead to LoOWC or NMACs, they considerably

raise the total alert duration, potentiaillgpactingremote pilots in commanar Air Traffic Control

(ATC). The study found that the presence of clutter occasionally forced early evasive actions,
inadvertently reducing the frequency of some LoWC events but increasing overall workload and
airspace complexity.

Terminal operations arespecially vulnerable to clutteClutter significantly disrupts flight path
stability and increases the likelihood of missed approaches and erratic guidance cues, even with low
levels ofaverageclutterflux density(< 13 false tracks/(nfehr)). Filteringmechanisms reduced false
clutter alerts but did not entirely address operational challenges kthitiér scenarios.

Pilot surveys from field tests show that environmental clutter, such aselevant tracks and noise,
significantly increases alerttess and operational complexity. Filtering strategies reduce false alerts but
fail to completely mitigate challenges in highutter environments. Field tests emphasize the
limitations of cooperative sensors like AEBS which often generate nuisance alémsn groundbased
traffic.

The report concludes with actionable recommendations to enhance DAA system performance. These
include refining algorithms to dynamically filter clutter, optimizing sensor placement for better
detection accuracy, and equippinggnd control stations with customizable interfaces to reduce pilot
distractions. Future work will expand testing to hignsity airspace and integrate stochastic trajectory
models to better represent reebrld conditions

Xil



1 INTRODUCTION & BAC KGROUND

1.1 Final Report Overview

This report provides a comprehensive analysis of the performance and safety of Detect and Avoid
(DAA) systems forUncrewedAircraft Systems (UAS) under varying operational conditions. It
focuses on the challenges posed byiremmental clutter and assesses mitigation strategies
through modeling, simulations, and experimental data collection. Key components of the report
include the evaluation of risk metrics, encounter datasets, clutter modeling, simulation results, and
operaitonal suitability analyses.

1.2 Risk Metrics and Encounter Datasets

The analysis employs composite risk metrics, incorporating severity and likelihood of hazard
outcomes, to evaluate DAA system performance. Two major dalasetsGlendale and MIT
Terminal Areaencounter sefs are used to simulate realistic operational conditions. These datasets
feature thousands of unique trajectories for both ownship and intruder vehicles, designed to
replicate diverse scenarios suchieaminal operations arehroute flight

1.3 Simulation Environment and Algorithms

Simul ati ons ar e per f ofasrtimedsimulaionangiron@ént, intdgrated y t i C S
with ACAS sXu, a specialized DAA algorithm for small UAS. The Raspet DAA algorithm is also
explored for itsefficiency in conflict detection and avoidance, particularly in complex airspace

with high traffic density. Key metrics like Near Midir Collision (NMAC) probability and Loss

of Well Clear (LoWC) are evaluated to verify the efficacy of these systems.

1.4 Clutter Modeling and Impact Analysis

Clutter is a significant challenge in DAA systems, potentially causing false detections and
increasing the risk of collisions. The report introduces metrics such as Clutter Flux, Clutter Risk
Ratio, and Navigable Fractomt quanti fy <c¢clutterds i mpact. Si
ranging from low to high density, are generated using statistical methods to assess system
reliability. Results reveal that high clutter density reduces navigablé encounters pilesigned

to generate an alert, actually lead to lower alerts due to the aircraft maneuvering ahead of the
encounter. While this is a simulation artifact, it should be taken into consideration for the design
of DAA algorithms to ensure the vehicle returns to its aagcourse in a timely mannespace

These findings point to the necessity of considering specific DAA instantiations when considering
the impact of clutter onverall safety metrics.

1.5 Experimental Data Collection

Field tests utilizing the Iris AutomationaSia G sensor system demonstrate-neald clutter
detection and avoidance. The experiments, conducted in rural and suburban environments,
highlight the importance of sensor placement and the challenges of distinguishing clutter from true
intruder tracks.

1.6 Operational Suitability and Safety

Safety analyses reveal the traafés between operational suitability and risk mitigation. While
clutter increases alert rates and operational workleeainples of usinltering in conjunction
with differentdetectioralgorithms are proposed toprovesafetymarginswithout overburdening
the automated DAA systeros Air Traffic Control (ATC). Terminal operation simulations further
underscore the need for tailored strategies to handlechigfer environments effecily.



1.7 Pilot Surveys

Section5 details pilot survey results fromlimited series of tests conductedMississippi State
University MSU) to assesghe impact of clutter on DAA system usability in the terminal
environmentThese tests supplied researcheith field data on true and false detections to inform
future simulation modeling. After the flight test program concluded, pilots and flight test engineers
were surveyed to gather qualitative feedback on the overall user experience, troubleshooting
challerges, and the impact of clutter on maintaining safe separation from manned aircraft.

1.8 Risk Metrics

Detailed evaluation of risks based on the composite of severity and likelihood of a hazard
outcome, identifying hazardsdhazard outcomes, and evaluatingigations and residual risks.

The primary outcome of interest is reduced separation between ownship and crewed aircraft, with
risk assessments aligned to recent guidance and severity/likelihood tables.

The DAA implementation will first be verified using the metrics (shown in Table 1) by comparing
the results with those obtained in the ACAS sXu operational validation report published by Traffic
Alert and Collision Avoidance System (TCAS) Program Offidge metrics presented in Table 1

will be expanded in Section 3, which are used to assess the impacts of clutter on system
performance and safety.

Tablel. Analysis Metrics.

Primitive Metrics Safety Metrics Operational Suitability Metrics
Horizontal Range P(NMAC) Probability of NMAC Alert Rate
Vertical Range P(LoWC) Probability of LoWC Reversals
Slant Range NMAC Risk Ratio Splits
ClosestPointof-Approach LoWC Risk Ratio Alert Durations

Time of ClosestPointof-Approach

Horizontal Miss Distance

Vertical Miss Distance

Near Mid Air Collision (NMAC)

Loss of Well Clear (LoWC)

Severity of LOWC (SLoWC)

1.9 Encounter Sets

For fasttime simulations, a broad encounter set was chosen to allothdancorporation of
different clutter densities as outlined in the previous sections. Down selection of existing datasets
showed that the TCAS/MITRE dataset used in characterizingr@$ a suitable candidate as the
range of vehicle speeds and altitudes were commensurate with the operating environments
considered in this work. The following sections detail the datasets and sampling used in the
remainder of this report.

1.9.1 Glendale Encouter Set

The encounters used for this task are drawn from the Glendaleahtit®poke encounters
[OPVAL]. These encounters feature an ownship vehicle simulating a package delivery, together
with an intruder vehicle trajectory obtained from actual AutomatpdhdentSurveillance
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Broadcas{ADS-B) traffic observed in th&lational Airspace SystenNAS) and provided by the
TCAS Program Office and MITRE. 20,000 unique ownship vehicle trajectories radiatet@t 20

kts from a warehouse in Glendale, CA, at unifoadings from 0 to 359 degrees over a range of
approximately 3 nm, and a set of 26,845 AB$itruder trajectories are paired with them to form

a total of 1,000,000 encounters that include 4afkeenroute flight, and landing. Horizontal and
vertical missdistances are used to guide the pairing of ownship and intruder trajectories, with the
pairing being rejected if natithin 5 nm and 3,000 feet, respectively. This full set is provided
together with a reduced set of roughly 665,000 encounters that only include the enroute portion
and removal of some duplication. The reduced set was used for this effort.

The encounters were ther reduced by selecting 1) a ralerting encounter set that did not result

in vehicleonvehicle alerting (used to quanti@ynincrease iralert ratedue exclusively to clutter),

and 2) an alerting encounter set that did result in vebitleehicle aleting (used to investigate

both operational suitability and safety metrics). Initial simulations of all 665,120 encounters were
performed resulting in approximately 12,000 alerting encounters. About 2,000 of these alerted
within the first five seconds andere discarded. An additional 10,000 rederting encounters

were chosen at randomaigurel is a composite plot showing the geographic location efdhe

onone encounters, with the ownship trajectories in green and intruders in red.

Encounter Cluster: Horizontal
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Figurel. Glendalealerting encounter set.

1.9.2 MIT Terminal Area Encounter Set

Terminal encounters were simulated using the MIT Lincoln Labs terminal environment datasets.
These encounters were developed usiBgyesian networbased modeadpecifically tailored for
assessinghe safety performance @fAA systems folUAS. The ownship trajectories focus
straightin approaches at singlenway Class D airports. Usirigederal Aviation Administration

(FAA) radar data from 2015, the model ingorates structured correlations between aircraft
trajectories and generates one million simulated encounters for safety analysis. Current
assumptions includiae ownship is anncrewedircraftoperatingunderinstrument Flight Rules
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(IFR) on straightin approach, interactionare limited to a single intrudaircraft either landing or
taking off, and trajectoriesrelimited to 8 NM and 3000 ft above the airfield. The dataset includes
trajectory data in binary and text formats, along with encounter consliindclosest point of
approachnformation.

1.9.3 Cooperative Surveillance Parameters

The surveillance parameters used for the ownship and intruder aircraft are sliabfeid The
ownship vehicle surveillance is modeled as being GPS quality, while the intruder model uses a
lower-accuracy ADSB model.Uncertainty models for track sensors are givehahle3. Of note,
different sensor modalities (such g®undbasedacoustic, onboard radar, etc.) have drastically
different error statistics which will impact the results present&eation5. Hovever, the sensors
presented below represent two common DAA solutions outside of cooperative sensing schemes
with error bounds commensurate with grotased radar and airborigectroOptical/Infrared

(EO/IR) standards.

Table2. Ownghip and Intruder Vehicle Surveillance Parameters.

Lateral Accuracy i
Vehicle Interface Velocity Accuracy Clart (ft) Note
(knots)
(ft)
Ownship WGS84 10 3 15 Gaussian Noise
Intruder | ADS-B 978 UAT 8 1 4.7 Gaussian Noise
Table3. Surveillance Sensor Uncertainty.
. Velocity Accuracy o
Vehicle Interface | Lateral Accuracy (ft) Ualt (ft) Note
(knots)

Ground Range dependent error

ASTERIX 200 10 50 statistics. Averages

based radar presented in table.

Detailedmodeling statistics

EO/IR - 50 12 100 listed in Figure 32.

1.10 FastTime Simulation Environment

1.10.1 Enroute Encouwnters

Simulationswerep er f or med u s i n g-hoGsA fassidulasidn ertviroeneerd built n
around the AFSIM developed by the Air Force Research Lab. CAL hasated@ range of DAA
algorithms, sensor models, and custom -adsl with AFSIM. For the clutter simulations
considered in this work, sXu was the chosen variant of the ACAS, a version of the system
specifically developed fasmall Uncrewed Aircraft SystenfsUAS). This DAA system has been
integrated with CALO®s f a sdlearsefimtion fa sUASSreveeth vi r on
aircraftis 20001t horizontal and 256t vertical with notau componentThe NMAC definition is

500+t horizontal and 104t vertical. Verification of the efficacy of ACAS sXu guidance is given

by showing that separation between the ownship and intruder vehicle increaglesrfarsing the
ACAS sXu mitigation, as shown iFigure2.
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Figure2. Horizontal and Vertical SeparatioRCAS sXuMitigation (closedloop) vs Unmitigatedopen
loop).

1.10.2 Terminal Operations

In this report, the Raspet Detect and Av@idAA) algorithm, developed thouse based on the

core concepts of DAIDALUS, was applied. DAIDALUS provides a robust framework for conflict
detection and resolution in UAS, bus iextensive calculations for each potential conflict can
become computationally expensive, particularly in complex airspace environments with multiple
intruders. To optimize this process, EAA algorithm simplifies the calculation by focusing on

two key elements: the avoidance required threshold and the two crossing points of the intruder's
trajectory. By narrowing down the decistamaking process to these two parameters, the algorithm
reduces the need for intensive, continuous calculations whilerstititaining a high degree of
accuracy in detecting and avoiding potential conflicts.

The rDAA system offers several key features that enhance its efficiency and effectiveness in
conflict avoidance. It determines an "Avoidance Required Threshold" basked midtive speed,
distance, and predicted positions of the ownship and intruder, ensuring that evasive maneuvers are
only initiated when necessary to minimize unnecessary actions and optimize safety margins.
Instead of continuously analyzing the entirgtt trajectories, the algorithm focuses on two critical
crossing points where the intruder's path int
for precise conflict risk assessment and timely avoidance guidance. This approach significantly
redwces computational load, making the Raspet DAA suitable fottireal applications in both

low- and hightraffic environments. Its streamlined design ensures efficient degisaimg, even

in complex airspace scenarios with multiple potential conflictthomt sacrificing accuracy or
timeliness.

Figure3 shows the flowchart of the rDAA, illustrating the alert ranges and operationaépts

This system compares thegition, speed, and heading angle of intruders and clutter within the
seltseparation threshold 0,000 ft) to those of the ownship to prepare for collision avoidance.
When an intruder enters the fixddvoidance Required Thresho(@,500 ft) range, the stem
identifies the intersection between the ART boundary and the intruder's heading vector, generating
a recovery band. It then suggests the midpoint of this band as the desired heading to guide
avoidance maneuvers.
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Figure3. Raspet Detect and Avoid System

1.11 Clutter Metrics

The evaluation of clutter and its impact on UAS navigation and detection performance i$crucial
particularly forDAA systems. This section outlines several key metrics developed for clutter
analysis and their importance in system performance evaluations.

1.11.1 Types of Clutter in the Air Picture and Their Operational Impact

In radarbased air picture systems, clutter can be categorized based on its duration, movement, and
persistence within the monitored space. Understanding these distinctions is critical as different
types of clutter have varying implications for safety apérational performance, particularly in
aviation or airspace management systems

1.11.1.1 Persistent LongDuration Clutter

Persistent clutter refers to objects or signals that remain in the radar air picture for an extended
period of time. This type of clutter ofteesults from stationary or slowly moving objects such as
terrain, tall structures, wind turbines, or atmospheric phenomena (e.g., temperature inversions or
moisture layers) that consistently reflect radar signals.

1.11.1.2 Flux Clutter (Dynamic Entry and Exit)

Flux clutter refers to clutter that enters and exits the radar air picture intermittently. These objects
may appear for short or moderate durations and then disappear. Examples include moving vehicles,
birds, drones, or transient weather events like moangshowers or small storms.

1.11.1.3 Short-Duration Clutter (Sparkle)

Shortduration clutter, often referred to as "sparkle," describes clutter that appears very briefly and
then promptly disappears. Sparkle clutter can be caused by environmental factors such as
electromagnetic interference, fastoving objects (e.g., birds or small drones briefly entering the
radar beam), or temporary reflections from atmospheric disturbances.



1.11.1.4 Comparative Effects of Different Clutter Types
Each type of cluttér persistent, flux, ath sparkl® can have different effects based on where it
occurs in the air picture and how it behaves over time:

1.11.1.4.1Critical vs. NonCritical Zones:
Clutter in the approach path or near navigation zones poses a greater safety risk than clutter located
in noncritical portions of the airspace, where operational concerns are less stringent.

1.11.1.4.2 Duration and Density:

A single persistent clutter track may be easier to classify and mitigate compared to a large number
of small, shorduration clutter tracks moving dynasally. High clutter density (even transient)

can overwhelm radar systems, whereas ddagation clutter may have more localized but
persistent impacts.

1.11.2 Clutter Flux
Clutter Flux quantifies the dynamic behavior of clutter in a given area or volume owerltim
measures how frequently clutter appearsspexific regiorand is calculated as

Ot R

Wherenc is the total number of clutter elements detected in a defined region (area or volume)
during the time interval pt . Clutter flux is
in the operating environment and assessing how dynamic the tlettavior is over time. This
information helps evaluate the overall flow of clutter and its potential impact on UAS operations,
particularly in environments with frequent false or fielevant objects.

Clutter Flux quantifies the overall flow of clutter ana defined region over a given time period. It
measures how frequently clutter elements appear, providing insights into the dynamic behavior of
clutter within the operating environmerf. higher clutter flux means more false objects are
detected intheeni r on me nt |, which can overl oad a syster
Clutter flux is a direct measure of how dynamic the clutter is in the operating environment. It helps
with understanding how clutter changes over time and how it impacts semdtoad. In high

clutter environments, the system could be flooded with false objects, increasing the likelihood of
near misses or collisions, as relevant targets might be obscured byarlatterdance against real

targets is degradedh lower clutter fux generally results in safer operating conditions as the
system can more easily detaod avoideal objects. By monitoring clutter flux, systems can adjust

their detection thresholds or filtering mechanisms dynamically, improving operational efficiency

by reducing false positives. l ncluding clutt
performance in different environments or with different sensors as well as analyzing how clutter
flux correlates with system alert rates and false detection esesntss like a good approach.

1.11.3 Clutter Flux Density

Clutter Flux Density (CFD) measures the intensity of clutter flow in a defined area (or volume)
over time. It provides a normalized rate, indicating how densely clutter elements appear within a
given spacelt helps quantify the amount of clutter a system must process, which directly affects
detection, tracking, and navigation performance.
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Where¢ dis the number of clutter elements in the area or voluiris,the area (or volume) in
whichthe clutter elements are present, argithe time interval over which clutter is measured.

High clutter flux density indicates a cluttered environment where a large number of false objects
appear within a small area or volume in a short time. This leads increased workload for
sensors and detection algorithms, potentially reducing system performance or increasing the
chances of false alarms. Low clutter flux density suggests that fewer clutter elements are present,
making it easier for systems to éet relevant objects and reducing false detections. CFD provides

a measurable way to evaluate how much clutter a system must deal with, enabling comparison of
different environments or sensor performance. For DAA systems, a high CFD may result in more
false detections or missed targets, increasing the risk eammbllisions or near misses. Knowing

the clutter flux density helps with designing better sensor filtering mechanisms and improving
decisionmaking algorithms for handling cluttéaden environmats.

Later in the reportan experiment where growidsed radar and EO/IR systems were used to
calculate clutter flux is discussed.valuesuch as 260 false targets A are reported, as are
the effects of clutter on safety metrics like LoOWC and NBAA his experiment directly applies to
CFD and can provide insights into how clutter density impacts system performance.

1.11.4 Clutter Clustering

Clustering refers to how clutter objects are spatially and temporally grouped together, significantly
impacting opeational safety and suitability. While average clutter metrics provide a broad
understanding of clutter distribution across an entire region, localized clustering highlights areas
where clutter density is exceptionally high in critical zones. These lodatlmsters can occur in
approach paths, navigation corridors, or other operationally significant regions, creating
challenges that may not be apparent when analyzing regional averages alone.

The proximity and density of clutter objects in slmtalized clusters directly reduce the available
maneuvering space for UAS. In these hagnsity areas, sensors may become overwhelmed,
making it difficult to distinguish real targets from clutter and increasing the risk of near misses or
failure to mainain well-clear conditions.

For example, an environment with low average clutter across a region may still have "hot spots"
of high clutter density where UAS operations become unsafe. Assessing localized clustering is
crucial for identifying these criticareas, as they require targeted solutions such as:

1 Strategic sensor deployment to improve coverage intligker zones.

1 Adaptive detection algorithms that focus on critical clusters while ignorinedvgity
regions.

1 Resource allocation adjustments, Isuas prioritizing computational power or sensor
sensitivity in clustered areas.

Understanding both average clutter metrics and localized clustering patterns provides a more
comprehensive assessment of the operating environment. By addressing localitegthglus
systems can mitigate the operational risks posed by dense clutter regions and ensure safer, more
reliable UAS performance.



1.11.5 Navigable Fraction

The Navigable Fraction (NF) represents the portion of the airspace or volume that remains free of
clutter, allowing safe maneuvering. It is given by the ratio of the navigable area or volume to the
total area or volume

0O
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whereAx andVn are the navigable area and volume, respectivelyAaathdVr are the total area

and volumerespectively. This metric is expected to vary with time as the amount of clutter varies
and as the separation between clutter elements varies. AlRigieans more of the environment

is available for safe maneuvering, while a Ib\ indicates clutter is s#ricting movement. This

metric helps assess the usable space for UAS to operate without encountering clutter, aiding in
route planning and maneuverability analysis. A IdW increases the risk of collisions or near
misses as UAS have less space to nasiddaintaining a highNF ensures that UAS can safely
avoid both clutter and other aircraft. Systems canNIsé plan optimal flight paths and avoid
cluttered areas, leading to more efficient operations. Intireal systems, monitoriniyF helps

adjust n&igation strategies dynamically.

In this repord sonclusion an approach where clutter clustering based on sensor data from the
environment is mentioned, which is used to simulate the reductidfiFias clutter density
increases. This shows how clustering affects available space for safe maneuvering.

1.11.6 Clutter Risk Ratio Delta
This metric assesses the change in risk between cluttered amtuttered environments. It is
calculated as

YY'Y Y'Y Y'Y
By comparing the risk ratios, operators can determine how much more likely -anissaor
collision becomes in the presence of clutter, which is vital for safety assessments. A high delta
means clutter significantly increases the risk of incidents, while a low delta suggests clutter has
little impact. It is a direct indicator of how muclutter increases the operational risk, making it
useful for risk assessments and safety planning. This metric helps determine if and when systems

need to deploy more advanced filtering or detection mechasisiist the ability to avoid other
aircraft isnot degraded.

1.11.7 Clutter Probability of Detection
Clutter Probability of Detection Ratio (CPDR) compares the likelihood of detecting an object in a
cluttered environment versus a rdnttered one and is given by
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Here, PD refers to the Probability of Detection, which measures the likelihood of correctly
detecting an object (e.g., an aircraft) in the presence of clutter. A CPDR closer to one indicates



that clutter has minimal impact on detection, while a low CPDRestg that clutter significantly
hinders detection performance, increasing the risk of missed detections and safety violations.

However, it is important to extend this analysis to the Probability of Track (PT). While detection
refers to identifying objecisn t he sensordés field of view, tra
across detections over time to form a reliable trajectory. Tracking systems are often limited by
computational resources or algorithmic constraints and may struggle to differetiatei

clutter and true targets. Issues such as:

Track stealing (where a track intended for an aircraft gets associated with clutter),
Track splits (where a single track mistakenly breaks into multiple tracks), or
Track merges (where clutter and targeedgbns are combined),

can cause disruptions in maintaining reliable tracks. These errors often occur in cluttered
environments where overl|l apping detections c¢h;
accurately.

Furthermore, there is distinction between the Probability of Track and the Probability of a
Classified Track of Sufficient Maturity. Even if a track is initiated, it may not reach the maturity
required to be passed on to highmrel alerting and avoidance algorithms. Matuiityolves
ensuring the track is consistently reliable, veddissified (e.g., as an aircraft vs clutter), and stable
enough to influence operational decisions.

In summary, while CPDR evaluates the raw detection performance in clutter, the Probability of
Track and Probability of Classified Track highlight the added challenges in:

Forming and maintaining stable tracks, resolving clutter from true targets, and Ensuring tracks are
mature enough to contribute to collision avoidance systems.

Systems with low CPDRr low track probabilities in cluttered environments may need to:

Optimize detection and tracking algorithms, Implement filtering techniques to reduce- clutter
induced track errors, and Improve resource allocation to prioritize true targets over clutter.

By addressing both detection and tracking aspects, a more comprehensive evaluation of system
performance in cluttered conditions can be achieved, ensuring operational safety and reducing the
risk of false alarms or missed targets.

1.11.8 Missed Object and False Tk Flux

Metrics such as Missed Relevant Object Flux (MROF) and False Track Flux (FTF) provide insight
into the effectiveness of detection systems. MROF evaluates how many relevant objects are missed
due to clutter, while FTF quantifies how many false tsaeke generated. Both metrics are
calculated using the normalized number of missed objects or false tracks in a given area over time
as
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where¢ ande represent the normalized number of false tracks and missedspbgspectively.

These metrics quantify the rate at which relevant objects are missed or false tracks are generated

in a cluttered environment. High values indicate poor system performance. These metrics are
crucial for evaluating detection and trackirgiability. A system with high MROF may require
recalibration, while high FTF indicates issues with clutter filtering. Missing relevant objects can

lead to serious safety incidents, while generating false tracks increases system workload and may
cause unacessary maneuvering, leading to inefficiency and potential hazards. These metrics help
identify inefficiencies in a systemd0s clutter
and more reliable detection performance. The grepas®d radar and EB systems discussed

herein provided data on missed objects and false tracks, which were analyzed under varying levels

of clutter to determine system performance.

1.11.9 Missed Relevant Track Flux

Missed Relevant Track Flux (MRTF) measures the number of reléranks missed in the
cluttered environment over time (andf@mulatedsimilarly to MROF). This metric is key for
tracking system performance, particularly in dense clutter scenarios where relevant objects may
be difficult to differentiate from clutterA high MRTF suggests that clutter is obstructing a
systembés ability to track real objects. This i
a system, especially in complex or dense environments where clutter may prevent the system from
following important objectsTrack classificationplays a crucial role here, as the ability to
differentiate between clutter tracks (Raincraft) and relevant tracks (real aircraft) directly impacts
MRTF. In environments where the number of fadrcraft trackss significantly higher than real
aircraft tracks, the importance of accurate classification cannot be overstated. Track classification
is essential not only for safety analysis but also for managing the track capacity of the system.
Many DAA systems defineequirements based on the expected number of aircraft in the operating
environment, often underestimating the additional load caused by clutter tvas&ing relevant

tracks can increase accident risk, particularly in environments where constangtrackmuired

for safe navigation. A high MRTF highlights a critical issue in maintaining safe operations. By
monitoring MRTF, tracking algorithms can be adjusted to ensure that real objects are not missed,
leading to more efficient and reliable operations

1.11.10Probability of Retained Clutter

The probability that clutter is retained by the systBaiutt_keptis important for understanding

how often clutter is falsely classified as a relevant object. This metric is closely related to another
metric,Probabilty of Non-Clutter Return Removal, which assesses how often relevant objects are
mistakenly removed by the system. Ideally, both probabilities should be minimized to ensure
accurate clutter filtering and reliable object detection. This metric represeititetimod that a

system fails to remove clutter from its detection or tracking processes. A high probability of
retained clutter indicates poor clutter filtering. It helps whthe v al uat i on of a syst
filter out irrelevant or false objextwhich is essential for reducing false alarms and focusing on
relevant targets. If clutter is retained, false alarms and unnecessary maneuvers can result,
increasing the risk of confusion and collisions. Ensuring low retention of clutter is important for
maintaining safety. Reducing retained clutter improves system efficiency by ensuring resources
are focused on real objects, not false positives.

11



1.11.11 Summary

These clutter characteristics and system performance metrics provide a comprehensive framework
for evaluating the impact of clutter on UAS DAA systems. By assessing factors like clutter flux,
clutter flux densityglustering, and detection probabilities, these metrics enable a thorough analysis
of system capabilities and risk, leading to safer and more reliable autonomous aircraft operations.

2 SENSOR DATA COLLECTION AND ANALYSIS

2.1 Introduction

The following sectionsdetail the collection of field data, modeling, and simulation of clutter in
realistic environments. Data collection spanned several months and was enhanced by various
ongoing DAArelated programs at MSU aride Ohio State UniversityQSU). MSU collected
ground-based and airborne Elect@ptical(EO) DAA sensor data, grourddased small form factor
radar,andgrounrd ased acoustic array data while -OSUOSs
areagroundbasedadar data. The following section discussescthiection of grounebased EO

and radar data but only includes the efforts and resuttedélinggroundbased EO data. Future

work will includemodelingthe remaining other DAA sensors.

22 Il ri s Aut omaG@Semsor6s Casi a

l ris Automationds Casia G was used for the sec
system is a 14in L x 11.5in W x 6in H stationary grotsaded aircraft detect and alert system with

varying mount functionality (wall, pole, etc.) It makeeus a builtin ADS-B system and six

cameras to obtain reime data on multiple tracks (airplanes, helicopters, drones, etc.) It provides
full optical, 360 field of vi ewagdossibilitydoed ect i o
mesh networkdr larger coverage, and unlimited range and maximum single node range of 3024m
(about 1.88 mi).

Figure4. |l RIS Automationés Casia G. Sensor (left), J
wireless router (right).

2.2.1 Methodologyand Safety Measures

Safety risks were minimal for Casia G data collection. Almost all risks were environmental (heat,
insects/bugs, tripping hazards). Most of the data collection that occurred during A57 took place
during a preplanned flight test byrRaspet The researcihebsérvinhgr éac
cooperativeo intruder s, so any part of the 1| o
To achieve this, the timaghenthe ownship entered and exited the test area were recorded. These
matching timestamps were then located in the log files, and that time block was removed. Again,
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this procedure was only done for data collected during a known flight test. This data eetedoll

at two differentMSU-ownedii f ar ms o , North Farm and South Far
Starkville. These sites were chosen bectlisgg ave researchers a chance
environment. Some of the collected data occurred on togefHrall on the campus of MSU. This

site was chosen due to Rice being one of the taller buildings on campus, with mostly unobstructed
views, and also accessible due to ongoing construction. Researchers wanted to test if the Casia
collected any differentlif stationed at a higher elevatidhalso provided researchers with a more
suburban environment as opposed to the farms where a large majority of the collections were
taken.

Figure5. South farm data collection location
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Figure6. Rice Hall data collection location

A small sample of data was collected behind Raspet Flight Research Laacility, on the
grounds of the KSTF airport. This data was more experimental in nature and not used for any of
theanalyses

2.2.2 Conclusions

All of the data collected with the Casia G systems occurred either in Starkville or just on the
outskirts of the town. Due to this, the types of clutter or intruders available were mostly the same
for each testing day. This being said, Starkville does laafarly active airspace. Multirotors
commonly used for research, general aviation aircraft, military aircraft, and large passenger aircraft
can all be seen frequently.

While the Casia G appears to have some inconsistencies, especially when object® digpat

the limits of its detection range, it does provide the researcher with extensive data sets, including
images and recordings. The Casia G system offers a masking function for objects in the field of
view that trigger false detections, but thissweot used during any collections. Iris also offers an
application that can provide real time intruder tracks and Casia G status.

To test if elevation difference played a role in increasing the amount or type of detections, two
Casia G units were placedbnop of a buil ding on MSUGs campus
difference didnot play a significant factor in increasing or decreasing detections. Moreover, it
seems that the sole difference maker in varying data sets was the amount of traffierondfot
airspace on that particular day. Any future data collection should ideally occur in a more populated
area with a busier airspace. This would allow researchers to observe how the system handles a
larger volume and wider classification range ofruders, while also refiningnodeling and
simulation efforts.
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2.3 EO/IR Modeling and Analysis Efforts

This manuscript summarizes MSktdustrial and Systems Engineering Departraeapproach to
modelingEO/IR clutter using statistics and stochastics. Even though the researchers have selected
three different environmental configurations (low, medium, and high) based on the density, the
underlying approach can be consistent. The goal is to simulate tHe &Qtter using the real data

using distribution fittingFigure7 summarizes the proposed approach.

Find
Empirical
Distribution

N Univariate

Scatter Plot C lated?
: Correlation Check orrelated: Distribution Fitting

Multivariate
Distribution Fitting

Use the distribution

Figure7. Clutter modeling using disbuted fitting.

2.3.1 Approaches Used

The first step is to check the scatter plots of all the variables (in this case, they are latitude,
longitude, and altitude). Hio strong correlation is observed among them, one can use univariate
distribution per each vible and aggregate them later. However, if any significant correlations
are observed among latitude, longitude, and altitude, then multivariate distribution should be
considered. For the univariate distribution fitting, the researchers considered 2éhovet
distributions (Normal, Weibull, Beta, etc.). If any of those distributions nedtthis clutter data

set, the closest distributiamasselected to generate simulated clutter. If none of them nthticbe

real data, the team constredthe empirical dtribution (cumulative density function) to simulate

the clutter data set.

2.3.2 Case 1: Highi Max

The first case considers a high cluitlensity environment, and it is required to check any
correlation between all the density variables (Latitude, Longitude, and Altitude) before simulating
clutter.Table4 summarizes the correlation values between all three, and the researchers observed
that there is no significant correlatioffhere is very little correlation observed between latitude

and longitude, while altitudshows a slightly negative correlation with both latitude and longitude.
This is likely because airborne data is more frequently observed at higher altitudes, which differ
from ground clutter trajectories. While the team assumed the independence ofablesar this

model, generalizing it to highly correlated environments would require accounting for the joint
distributions of all three variables

Table4. Correlation between latitude, longitude, and altitude in a high cligtesity environment.

Correlation (r) Latitude Longitude Altitude
Latitude 1 0.02396 -0.1166
Longitude 0.02396 1 -0.1148
Altitude -0.1166 -0.1148 1
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The researchers used the Person correlation coefficient, as defined in Equation (1):

- L (1)
B [B

where"Qepresents the data index, antheans the total number of observations. Variatdasd

ware of interest (in our application, they will be latitude, longitude, and altitude), a bar notation
means thesample average. As the r value is closer to either-1,at means two variables are
significantly correlated. Howevethe researchers fal to observe any significant correlation
among any variables.
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Figure8. Scatter Plotsraong latitude, longitude, and altitude in a high density

Figure 8 also provides the correlation using the scatter plot, demonstrating that no significant
correlations are observed among the three variables. Thusl &a#d andFigure8 support this
approach to handle each variable separately. The team selected-RBomadl distibutions, and

they were fitted; however, none of the distributions were significant enough to demonstrate any of
those three variables Latitude, Longitude, and Altitude. Therefore, the team decided to find
empirical Cumulative Density Functions (CDFstifthree variables to simulate them.
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Figure9. Histograms of (a) Latitude, (b) Longitude, and (c) Altitude in a high density.

Figure9 depcts three histograms of Latitude, Longitude, and Altitude. From those histograms,

one can observe two things: 1) each probability density function shows a combination of (more
than) two distinct distributions, and 2) truncated aredlsai\ltitude probability density function

fail to any distributionsoé fitting. This | ead
demonstrates the procedure to generate random numbers following a specifiOCDF:

Algorithm 1: Random Number Generation Using Empirical CDF

Step 1 Find three Empirical CDOF&®0 ®hI0O  whIO ®

Step 2 Generate three uniform random variab¥EYRY D Y& "Q"Qérip &
Step 3.Using inverse mappin®@ to simulate all the variables

Step 4 Constret Simulated Clutterd ¢hib ¢ &b o

Three graphs ifigurelOillustrate three empirical CDFs of Latitude, Longitude, and Altitude. It

is noted that in the CDF of Altitude, there exists a straight line from 300 to 400 miles. It represents
thattherewes no signals detected in this altitude r
when checkinghe 2D representation of latitude and longitude.
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Figurel10. Empirical CDF9 latitude, longitude, and altitude in a hidansity.

Figure 11 compares real clutter vs simulated clutter based on empirical distribution fitting

methods. The underlying pattern is roughly captured, but in thea |

EO/ I R cl

utter

is observed in the middle of the area. If one decides to incorporate it in the simulated clutter, one

can use a truncated random number generation approach by eliminating any simulated clutter

located in the ellipsoid.
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Sincetheresearchers removed certain altitude ranges to exclude any points due to the aircraft (not
the noise), the truncated simulated clutter generaitigorithm was used. Algorithm 2 summarizes

the details. If one decides to exclude any clutters in a certain range of altitudes, Algorithm 2 can
be used accordingly.

Algorithm 2. Truncated Simulated Clutter Generation.
Step Q Enough number of clutteregerated. Yes> Terminate. Ne> go to Step 1.

Step 1.Simulate Clutter using Algorithm 1.
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Step 2.Is the clutter located in the ellipsoid?
Yes-> Remove it and move to Step 1. NadKeep it and move to Step 1.

The medium and low levels of cluttécase 2 and case 3) are also considered, and the same
techniques are applied.

2.3.3 Case 2: Medium

Like the first case, it is required to check whether any significant correlations are observed. As
Table 5 shows, there are no significant correlations betweitudiatand longitude. However,
altitude and latitude show a certain level of correlation. Thus, when one generates a clutter with
altitudes, the joint densityCato ) will be considered.

Table5. Correlation betweelatitude, longitude, and altitude in a medium clutter density environment.

Correlation (r) Latitude Longitude Altitude
Latitude 1 0.03976921 0.35365983
Longitude 0.03976921 1 -0.04997897
Altitude 0.35365983 -0.04997897 1

Figure 12 shows the scatter plots of all the variables. One can find that there exists a slightly
positive correlation between altitude and latitude, meaning that a#timide value grows, the
latitude value also increases. Therefore, the joint density will be considered, when simulating
clutter along with altitude information.
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Figure13. Histograms of latitude, longitude, and altitude in a medium clutter density environment.

To simulate the clutter in a mediuctutter density environment, the team selected 22 kvedivn
distributions, andhey were fitted; however, none of the distributions were significant enough to
demonstrate any of those three variables. As shovwigure 13, none of the three stiograms

show any specific patterns matching any known distributions. Therefore, the researchers decided
to find empirical CDFs of all three variables to simulate them.
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Figure14. The cumulative density function of latitude, I@ngde, and altitude in a medium clutter density

environment.

The threemagesn Figure14 show three CDFs for all three variables. Using all the CDFs as well

as revese mapping described in Algorithm 1, the team successfully simulated clutters in a medium
clutter density environment, as showrFigure15. It is found that the relative frequency is well
incorporated in the simulated clutter. The same approach has been applied to the last configuration

(low-level density environment).
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Figurel5. Real EO/IR clutter vs SimulateddAR clutter in a medium clutter density environment.

2.3.4 Case 3: Low

Since it is required to check whether any significant correlations are observed before clutter
simulation, researchers checked the correlation values. Interestingly, As Table 6 shows, a
sigrificant positive correlation between latitude and longitude is observed (0.48). Moreover, the
altitude is correlated with both latitude and longitude, which implies that all the joint densities
(Qadtdo AQait AQait ) should be considered.

Table6. Correlation between latitude, longitude, and altitude in a low clutter density environment.

Correlation (r) Latitude Longitude Altitude
Latitude 1 0.4800939 0.1673565
Longitude 0.4800939 1 0.3086017
Altitude 0.1673565 0.3086017 1
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To have a better understanding of all three correlations, all the scatter plots are developed in Figure
16. The positive correlations are observed in all three pairs, so all three joint densities should be
derived. Moreover, it is also fourtkat the altitudes between 200 and 400 and longitudes between
-88.78 and-88.77 are omitted, which were excluded in-precessing. Those points were not
considered clutters but the results of the aircraft operations.

BRETH BETE BRATY .BBETE B8BTS
i i i
= o .1
o@ o - Q
£ =] - (=3 E—T
- & .
Lat 2 g ° a, ® 2
o , @ .
ﬁ [
- i{ﬁ t o &% 2
& &% & o
o
["p}
- 3
[
o & i Lo}
- -
® s o . @ ° a =
F- . =
L o mw® ce @ Long E2ome
@
oo @ ] LS
- F— "
[+ - = L.
o
[=] [i] H
[ =]
@ * = o
o B o
L e e A @ =]
(ral & (=1
o “ s * .Inl“ &
o 2 e & @
Wt @ Ye o - vo s o s o @ &
‘:I:a
@ & e
T T T T T T T T T
I3.460 34T 13 480 J00 400 800 800 1000

Figurel16. Scatter plots in low clutter density environment.
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Figurel7. Histograms of latitude, longitude, and altitude in a low clutter density environment

To simulate the clutter in a loalutter density environment, the team selected 22-kvedivn
distributions in highand lowclutter density environments. As shownHRigure17, none of the
distributions were significant enough to demonstrate any of those three variables, meaning that
none of them matched any known distributionso
decided to find empirical CDFs of aliree variables to simulate them, as showrRigure18.
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Figurel18. The cumulative density function of latitude, longitude, altitide in a low clutter density
environment.

The threemagesn Figure18 show three CDFs for all three variables. Using all the CDFs as well
as reverse mapping slribed in Algorithm 1, the researchers simulated clutters in a lower clutter
density environment, as shown kigure 19. In this simulation, the joint density has not been
considered yet. The researchers identified it as a future work: the team will incorporate all the joint
densities and simulate the cluttérsa low clutter density environment.
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Figure19. Real EO/IR clutter vs Simulated EO/IR clutter in a medium clutter density environment.

Future work will include incorporation of trajectories using stochastic modeling. Thewglam
include trajectories of the clutter using Stochastic medsleh as Brownian Motion. The
following tentative algorithms will be applied:

Step 1. Define the Parameters:
Initial positions(Xo, Yo, z0) are selected from the initialized distribution.

Diffusion coefficient (D): A constant related to the magnitude of randomness in the motion.
Anot her way too Reaslelarictheirs iwdrlilf tcal cul ate aver

Step 2. Generate Random Displacements:
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Brownian motionnvolves adding random displacements to the current position at each time step.
The displacements will be drawn from a normal distribution with mean zero and variance
¢ 'O Yo. One can use a random number generator for this purpose. The random
displacemets can be generated as follows:

2.1Generate two random numb&f&E0QIY®, which are sampled from the empirical distribution of
the collected/chiVeo

2.2Update the position at each time step:
0o Yo wo Yo,wo Yo wo Yo
Step 3 Repeat for Multiple Time Steps Continue updating the position of the object as

researchers reach to the enough steps as needed. The distribution of all the simulated trajectory
lengths will be the same as the empirical distribution of real trajectory lengths.

Compldion of implementing and applyiragorithmswill generate enough trajectories, capturing
dynamic behaviors of clutters in the observed area.

2.4 Data Modeling and Synthetic Dataset Generation
Step 1: Clean data.

The field data was collected at various sitevary the rate and density of clutter. A few steps

were taken to ensure that the only data digested by the following process was clutter data. First, a
description of some of the nuances of B@/IR Groundbased DAA system was discussed. The

DAA systemused attempts to classify the detected intruders as birds, deoewsgdaircraft, or

ot her more specific classes. The team, t hroug
performance, determined that a few filters were necessary to ensurelyheltitier data was fed

into the simulated clutter generator. The first filter removed any data where the researchers knew
acrewedaircraft was present within the surveillance volume of the system. This usually occurred

with data that was taken from fiktests for various ASSURE and related projects. The second
filter then removed any <classification of A B I
operationsTheremaining clutter data then had only detections and tracks forthlattisreatened

the safety of the operatipwhile still including tracks of fixedwing aircraft, rotorcraft, or other

aircraft that were not explicitly identifiees crewedlt should be noted, that in reabrld systems,
misclassifications of birds as aircraft maiil occur, and such cases would not necessarily be
removed by the systenAs described earlier, three representative datasets were selected for
processing. These datasets range from the lowest observed clutter rate, defined as clutter tracks
per hour, tadhe highest observed clutter rate.

Step 2: Characterize data.

Once the data was appropriately filtered, researchers characterized the behavior of the clutter data.
Various approaches were used to understand the relationships between elements. The final
approach used simple distributions of range from sensor, altitude, and velocities. The data had the
following characteristics. The following cartesian coordinate system is used for the following
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described dataseX represents the nortio-south position okach trackZ represents the eatst-
west position of each track, aldrepresents the vertical position of each track.
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Figure20. Altitude distribution of single clutter dataset, in feet.
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Figure22. Velocity in ydirection (horizontal) for clutter data, in feet per second.
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Figure23. Velocity in zdirection (vertical) for clutter data, in feet per second.
Step 3: Initiate a point

Once the distributions of the dataset were understood, the first step in forming new clutter tracks
was the initialization of a point in-x-z space. The ra@e from sensor distribution influenced a

vari abl e, r, that would be used with a relati
and the sensordéds north heading. The research
at which clutteloccurred was dependent on the presence of physical objects detected during field
data collection. One major assumption of the simulated clutter dataset is that, for convenience,
thereis assumed to ba uniform possibility of a clutter track initiating awpere within the
surveillance volume but constrained by the range from sensor distribution.

Therefore, a single clutter track was determined by selecting a random range from the range from
the sensor distribution, selecting a random angle from a unifostritlition from 0 to 360,
selecting a random altitude from the altitude distribution, and then converting4pacartesian
coordinate.

w i zAT10
® i z0E1
G WwaoQooQQ
Finally, researchers determingtt the length ofthetrack for each field data clutter track could
be used to interpolate each clutter track. Kinematic equations were used to extrapolate a single

initial data point to a track with a representative length as determined by randontiydsetes
from the length of track distribution.

The following data was sent to the next steps within the process.
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Yoo p 0 WY
In the above, tis the lengthtbfetrack, and [x y z] represent the initial position of the clutick.

The process then takes representative velocities in the X, y, and z directions and attaches them to
the initial state vector for a clutter track. This further expands the initial state as below:

Yo®O p 0WWAW W W
Step 4: Interpolate

Researchers kinematically interpolated the initial state vector for the length of track, t. Researchers
determined that assuming zero acceleration, while convenient, did not produce tracks that appeared
to behave like the field data. 8sarchers added a small acceleration based on a normal distribution

in the horizontal and added a small vertical acceleration based on a normal distribution. The
resulting simulated dataset appeared more realistic as a product of the small acceleration.

Step 5: Expand toa larger area

As the intent of the clutter data collection and analysis process is to simulate the effect of clutter
on UAS attempting to avoidrewedaircraft, the dataset needed to be expanded to a wider area.
While the sensor hadaneanda-half nautical mile range at best, the encounter set spanned up to
10 miles horizontally. To use this simulated data, the approacledieeproduce a larger area of
clutter data. To do this, researchers assumed there were 25 evenly distributed sensoré@cross a
by 10 nautical mile volume. The approach for simulating datsthen repeated 25 times for each
unique sensor location for 30 minutes of simulated data and produced the following result.

33°30'N F

33°25'N

Latitude

33°20'N 1

Longitude

Figure24. Resulting wider area ofwter data, with 3@ninute length.
Step 6: Compare back

Researchers then compared the distributions of the real data versus the simulated data. The
following charts visualize the likeness of the two datasets. Since the simulated data covered 25
times the eea of the field data, the distribution formed with a much larger dataset.
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Figure25. Various distributiorcomparison®f field data (left) and simulated data (right).

The synthetic clutter was then passed along tAB¥% simulation team for fagtme encounter
simulations to understand theodeledc | ut t er 6 s ef fect on operati ons:

3 ENROUTE MODELING AND SIMULATION RESULTS

3.1 Simulation Setup

The encounters used for this task are drawn from the Glendaleahtit®poke encounters
[OPVAL]. These encounters feature an ownship vehicle simulating a package delivery, together
with an intruder vehicle trajectory obtained from actual AB8affic obseved in the NAS and
provided by the TCAS Program Office and MITRE. 20,000 unique ownship vehicle trajectories
radiate at 2210 kts from a warehouse in Glendale, CA, at uniform headings from 0 to 359 degrees,
and a set of 26,845 ADB intruder trajectoriesra paired with them to form a total of 1,000,000
encounters that include takéf, enroute flight, and landing. The reduced set of roughly 665,000
encounters onlyncludedthe enroute portion and removal of some duplication. The reduced set
was used for il effort.

Initial simulations of all 665,120 encounters were performed resulting in approximately 12,000
alerting encounters. About 2,000 of these alerted within thdifiesseconds and were discarded.

An additional 10,000 nealerting encounters weohiosen at random, resulting itcaéal of 20,000
encounteraised in the following analysis.

3.2 Ground Based Radar Results

3.2.1 Safety Analysis: NominalhAlerting Encounters

The safety analysis in Tablerevealed the unexpected result that the total number\WWQ.was
reducedwhen clutter was added to the emr@one encounterg\s noted previouslythe reduction

in LoWC is an artifact of the simulation setup in which the ownship was biased towards an
encounter, so any motion induced by clutter would have theffeet of reducing the likelihood

of encountering the original intruder. This should be considered when architecting DAA
simulations as it has a firstder effect on the resulting safety statistics and airspace usability
assessmentt the table, the nation used are:

No DAA: Unmitigated (ownshigloes notfollow sXu guidance)
With DAA: Mitigated (ownshipdoesfollow sXu guidance)
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OpVal: ACAS sXu Operational Validation Report (Sept 2022)
Results: Current CAL Results

Target: Target Safety Value

Table7. Analysis for varying levels of cluttefiNote, reduction in safety statistics are due to likely
simulation biass noted irBection3.2.1)

RR RR
S o
90;_ e m_ Lowe NMAC (LowC) (NMAC) < T * =
o = 8 7 ~ = Z B v
530 S 2 | (with paas | _(With OpVal ) -
ST 35 noDAa) | DAA/NO (% > B 2 |g =2
59(0_) g % DAA) Results \S? 8 F 0= 0
= ° Target
0.0900 0.0045
None 9791 2592879 1/224 0.0235 0.0045 0.0254| 9.8e5 | 8.55 0'3?001
0.4000 0.1800
0.001
47 10092 2422879 2/224 0.0841 0.0089 0.0238| 1.9e4 | 8.36 10
0.000
79 10145 23812879 1/224 0.0827 0.0045 0.0234| 9.8e5 | 8.56 08
0.001
106 10171 1892879 0/224 0.0656 0 0.0186 0 9.26 10
0.001
260 10176 1702879 1/224 0.0590 0 0.0167| 9.8e5 | 10.17 20

Table8. LoWC changes based on levels of clufidote, reduction in safety statistics are due to likely
simulation bias as noted in 3.2.1)

Clutter Flux Density Lowe Lowe LowC Net
Alerts i
(False tracks/nni-hr) (with DAA/ no Subtract(_ad from Added to Nominal change
DAA) Nominal
None 9791 259/2879 - -
47 10092 2422879 158 141 -17
79 10145 2382879 178 157 -21
106 10171 1892879 202 132 -70
260 10176 1702879 207 118 -89

For this clutter setotal number of LOWCs areeducedas more clutter is added. Some LoWCs
are added, but more are subtracted, thus the obseevestiuction in LoWC with the addition of
clutter, as shown in Figui6. Consider introducinghediscussio hereabout the simulation bias
and that this is not believed to be a real effetttan artifact of the simulation settiat is biased
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towards creating encountefdternatively, mention that the reduction in LoWC will Biscussed

later and that these resudte believed to be a simulation artifact.
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only when clutter was added alerted
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when in proximity to the intruddfigure on the right), theoWC rates better align with the intrude

only data sets.

LoWCs reduce with morelutter likely because:

1. Particular clutter tracks are relatively shiived (order of tens of seconds), so likely to
cause alerts but NOT LoWC,

Encounters are set up such that an intruder is likely to cause an alert, and
3. Increased clutter causes the ownship to maneuver away from the intruder sooner than it
effort

no

woul d ot her wi

To address item 3, one needsstthh o w

s e, and

t hat

thereds no

RAO s

i ssued befgrean n st

t

(0]

alert would have occurred against the intruder, thus causing the ownship to maneuver in a random

direction with respect to the intruder

3.2.2 Safety Analysis: 10K Nominally Alertingncounters

The LOWC/NMAC analysis was applied to ttlatter as though the clutter tracks represented real

vehicles. This was done only as an exercise to demonstrate the increased track density in the

airspace. The LOWC/NMAC statistics in the two rights columns of Tables-20 do not
represent safety statistics as typically defined veete computed to aid in understanding the

conditions in the airspace.
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Table9.Anal ysi s
due to likely simulation bias as notedSection3.2.1)

ncluding

t r e a(Nategraduction ih safetly statistios are a s

Ownship+Intruder Ownship+intruder+clutter encounter statistics
encounter statistics (Clutter treated a
Clllgt:aer:sli:tyx Alerting L((;v\f\t/: . NMAC LowC NMAC
(False Encounters | paa/no (W'tgiAAf/ MO | (with DAA/NODAA) | (with DAA/no DAA)
tracks/nm?2-hr) DAA)
None 9791 2592879 1/224
47 10092 2422879 2/224 15813937/ 62/288
79 10145 2382879 1/224 27845472 109424
106 10171 189/2879 0/224 426017420 123605
260 10176 1702879 1/224 62628621 138822

Tablel0.Anal ysi s
statistics are due to likely simulation bias as note8eiction3.2.1)

ncluding

treat ment (Note, reddction in safety a s

Ownship+intruder

encounter statistics

Ownship+intruder+clutter encounter
statistics

(Clutter

treated

Clutter Flux
Density i
Alerting LoWC (%) NMAC(%) LowC NMAC
Encounters
(False
tracks/nm2-hr)
None 9791 9 0.4 - -
47 10092 8.4 0.9 40.2 21.5
79 10145 8.2 0.4 50.9 25.7
106 10171 6.6 0 57.4 20.3
260 10176 5.9 0.4 72.6 16.8

3.2.3 Non-alerting encounters, Full Clutter

Discussions regarding the early alert conjecture included reference to the fact izt tleeencounters
under study werepréi sposed to alerts
maneuver (due to clutter abdforeownshipvs-intruder interaction) to inadvertenthppear toncrease

|l eadi ng

O R

0 R

to 6encount e

safety by steering the ownship away from the intrgdlematurely in the simulatiofo further

investigate this, the results in Table 11 showréseilts forintruders that were not on a conflicajectory
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with the droneNo DAA alerts occurvhen there is no clutter because aircraft are not on trajectories that
would create a conflict. However, when clutter is admeithe simulationthe clutter results in a DAA
alert causinghe droneo avoidthe clutterwhich onoccasionnducesanencounter with the intruder
aircraft. A significant percentage increase in LOWC is nofeablel11. Analysis using 65K ncalerting

encounters.
Ownship-intruder Ownsh|p+|ntruderfrc!utter
encounter statistics
encounter statistics (Clutter treate
Clutter Flux
Density LowC NMAC LowcC NMAC
Alerting Encounters (with
(False tracks/nn¥- (with DAA) (with DAA) (with DAA)
DAA)
hr)
None 0 0 0
260 38100 9 1 8731 216

Note that when intruders are not on a conflicting trajectory with the drone and there is no clutter,
no LowC or NMAC events occur. However, when clutter is introduced a significant increase in
LoWC and NMAC events occuwyith intruder aircraftLoWC goes from zero to 9 eventéiwhis

more thana 900% (or 9x) increaseWhat is even more striking is the number of Lo\&@&nts

with intruders and clutter tracks that are treated as aircraft. The perceived LoWC events rises to
8,731 Both a significantncrease in real NMAC even{g9) that increases the potential for a mid

air collisionand an even greater increase in perceived NMAC eyeBT31)many of which are
illusionary and increase operational burdeosurs due to the introduction of clutter.

3.2.4 Delayed clutter

Discussions regarding the decrease in LOWC once the Ground Based Radar (GBR) clutter was
introduced lead to the conjecture that early alerts by the clutter tracks were precluding the ownship
vs. intruder encounter. The simulation was medifias shown in Figur27,to mask the clutter

traffic until after the ownship versus intruder alert commenced.
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own /\ end

s.tart time
time

intruder causes alert
intr intr

start \Vi end

ownState.clutter_offset A 3
time ownState.clutter_startTime time
clutter /

N S S SO S S S S S S A

clutter
end time

start
time ‘ 4

N clutter is ‘hidden’ from sXu until

clutter data offset sec clutter_startTime which is
- - - ———— predetermined and defined in the
| ownState structure that is input to
the RunManager

processor_startTime_delay_sec
Figure27. Modification to mask clutter until after intruder triggers alert.

Using this modified configuration, the conjecture of early alerting precluding the ownship versus
intruder encounter was confirmed by the results shown in Table 12. That is, the number of LoWC
increased with the addition of clutter so long as the ownggue intruder alert happentedelp
compensate for the simulation artifacts and deficiencies discussed &éoliervork on this topic

to improve clutter analysis in simulations is recommended as an area for future research.

Tablel2. Resultsfollowing simulation modificatiorwhere clutter ididden in the simulatioantil after
there is an alert otheintruderaircraft

Ownship+intruder+clutter

Ownship+intruder encounter statistics
encounter statistics Clutter treat
vehicle)
Clutter Flux Density Intruder LowC NMAC LowC NMAC
Alerting

(False tracks/nn?-hr) | Encounters (with DAA) (with DAA) (with DAA) (with DAA)
None 9233 234 1 - N/A -N/A
260 9206 318 1 3813 148

By comparing the top rowith the bottom row when only considering events with real intruders,
the intoduction of clutter resulted i818/234 =35% more LoWC eventdhis indicates that the
introduction of clutter had a significant impact keeping aircraft separatedore datas needed

to estimate the percent increase in NMAC events mnitinders due to the introduction of clutter
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By examiningthe bottom rav, the delayed clutter resulted iaughly 3813/318 2,200% (120x)
moreperceived.oWC eventswith the clutter thamactually occurreavith intrudes. It also resulted
in roughlyl4,80®6 (148x) morereportedNMAC eventswith the clutter tharactually occurred
with intruders The addition of the clutter had a significagerational impacon the number of
perceived andecorded eventwith mostof theperceived eventseing illusionaryoccurring with
the clutter rather thaanactual intruder

The introduction of clutteresulted in a significant percentage increaseesiuced separation
eventsin the simulation as well a much largeincrease in perceiveevents and operational
burden.More work on this topic to improve clutter analysis in simulations is recommended as an
area for future research.

3.2.5 AGT Transition

Initial simulations of both the alerting and Ralerting encounter sets with clutter were configured
such that the intruder aircraft utilized the AIBSnterface to ACAS sXu. Discussions with the
ACAS development team concluded that the choitesing ADSB as the interface for the
intruder while using thé&bsolute Geodetic TrackAGT) interface for the clutter might affect the
results, since the DAA algorithm would treat the intruder and the clutter traffic somewhat
differently. To investigatehis issue, the simulation was modified so that the intruder used the
AGT interface as well, and the safety statistics were compared. Table 13 shows the comparison
showing no significant difference in the results.

Tablel3. Statisfcs using ADSB vs AGT DAA interface for intruder.

Clutter
Flux m LowC NMAC
. > > - = ~ W0 ~ 0
Density | § & | (with (with RR RR S 0 = - | 38 &5
(Fase | 55 |DAA/no| DAAnO | (Lowe) | (NMAC) | 3 = Sk
T2 | pap) DAA) = = =0 =0
tracks/nm? | &
-hr)
A'\lgog‘; 9791 | 2592879 |  1/224 0.0899 | 0.0045 | 0.0254 | 9.8e5 | 855 0.00130
None
AGT 9935 | 27602879 |  0/224 0.0959 0 0.0271 | © 7.73 0.00120
oo | 10176 1702879 | 1224 | 0.0590 0 0.0167 | 9.8e5 | 10.17 | 0.00120
A1§$ 10177 | 1692879 | 01224 0.0587 0 0.0166 | 0 9.83 0.00110

3.2.6 Operational Suitability Analysis

Operational suitability analysis was performed on results using the alerting encounters together
with the GBR clutter data. Figug8 shows that increased clutter leads to a longer time spent in an
alert state, but that tienis split over multipleseparatealerts.
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Figure28. Total alert duration and number of split alerts per encounter.

The results in Figur29 show that the varying clutter levels had only a small effect on the number
of horizontal reversals p&ncounterand virtually no effect on the number of vertical reversals.
Of note, in these figures, full clutter represents 28@ets/(nr-hr) and the ighth represents 47
targets/(nri-hr) appearing in the preceding tables.

Number of Horizontal Reversals by Encounter (Mitigated) Number of Vertical Reversals by Encounter (Mitigated)
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Figure29. Number of reversals per encounter with varying levels of clutter.

3.3 EO/IR results

3.3.1 MSU Variable Density Clutter
Three sets of clutter data were produced and injected into the simulation Bg@2show the
overlay of the clutter data on the alerting encounter set.
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Figure32. High density clutterin these charts, ownship trajectories are shown in blue, intruders in red,
and clutter in green.
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Table 14 gives a summary of the safety statiswvith each of the clutter datasets provided by
MSU. Details for the clutter statistics can be found in Section 2.

Tablel4. Summary oencounters using EO/Ifensor dataith varying clutter characteristic®pVal
refers topreMously published data from MIT for the same encounters, Resatsom simulations
conducted in this work, and tiargetarethe ASTM LoWC ratio and NMAC risk ratgo (Note,
reduction in safety statistics are due to likely simulation bias as noted in 3.2.1)

RR RR
(5: > LowC NMAC (LoWC) | (NMAC) by g ~o| o
Clutter S 2 (with (with opval 5 = 35 @ &
Level 35 DAA/no DAA/no = 2 > 2| %
) DAA) DAA) e 8 =01 =0
Target
0.0900 | 0.0045
None 9233 | 2342716 1/213 0.0862 | 0.0047 | 0.0253 | 1.08e4 | 8.62 | 0.00140
0.4000 | 0.1800
Low 9092 | 271R716 1/213 0.0998 | 0.0047 | 0.0294 | 1.le4 9.50 | 0.0018
Medium | 9193 | 273R2716 2/213 0.1005 | 0.0094 | 0.0296 | 2.2e4 8.52 | 0.0017
High 9169 | 251R716 2/213 0.0924 | 0.0094 | 0.2720 | 2.2e4 | 9.460 | 0.0014

3.3.2 Operational Suitability Analysis

The operational suitability analysis was repeated using the rbadetl clutter data and showed a
noticeable effect using the MSU clutter data. Figg8shows that the EO clutter led to a significant
increase in alert duration and a noticeable increasieeimumber of split alerts. Neither clutter
data set caused a significant increadeoiizontal orvertical reversals.

9.2K Mitigated: Number of Split Alerts 9.2K Mitigated: Percent Alert Duration per Encounter

encounters
encounters

Clutter Source 0 Clutter Source

Figure33. Number of split alerts and alert durations per encounter for rivadeld clutter.

3.3.3 MSU Clutter Data: Safety Analysis

The safety analysis performed on simulation results obtained using the MSU clutter data was
similar to what was obtained using the OSU GBR clutter. The EO ctattseda relatively small
increase in LOWC while themodelbasel clutter caused a relatively smd#écreasen LowC.
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Tablel5. Analysis using alerting encounters with meldaked clutter datéNote, reduction in safety
statistics are due to likely simulation bias as notesation3.2.1)

RR RR
> z '-(OWhC N('V'_AhC (LowC) | (NMAC) | R 2 e | ve
= 3 wit Wit [y w 5
@ OpVal o o o
Clutter Level 2o DAA/no DAA/no Rp m 2 > § S| €=
2 DAA) DAA) esults \Q 8 =z 0O 0
Targe
0.0900 | 0.0045
None 9233 | 234p716 1213 | 0.0862 | 0.0047 | 0.0253 1&8‘* 8.62 | 0.00140
0.4000 | 0.1800
EO 9201 | 2790716 2/213 | 0.1027 | 0.0094 | 0.0302| 9.4e3 | 9.18 | 0.00140
Synthetic 9203 | 1812716 2/213 | 0.0666 | 0.0094 | 0.0196| 2.6e4 | 8.97 | 0.00130
EO/IR Data

4 TERMINAL MODELING AND SIMULATION R ESULTS

4.1 Simulation Setup

From theonemillion trajectories, 20,000 were selecteddol ut t er testing i n MSI
simulation system. Dowrsampling wasaccomplished by defining an approach corridor
corresponding to a fulicale deflection of thapproach indicators used for precisiostrument
Landing System (ILSdr Area Navigation (RNAV)approaches. Details for the geometry of this
corridor are provide in Figure34. During the simulated encounters, if the aircraft penetrated this
boundary, the approach was terminated and tabulated as a missed approach. lestaiattithat
adopting the corridor width corresponding to a full deflection ofthdance cues provided during
standard IFR operations is somewhat dubious. This wioleidor boundaryused in simulation
allowed for using more trajectories in the MIT als#t owing to the Bayies framework they were
generated withThe number of deviations resulting in the ownship aircraft departing the corridor
boundarydue to a DAA alerareexpected taunderrepresent the number of actual departures out
of anactual ILSapproactthat had a more realistic corridbéfowever, the results presentediie
following sections can still be interpreted in a way that makes the impact of clutter oiovibes
trends surrounding missed approaches, LoWCegegtn thougimpactsmay be underrepresented
Figure35 shows the resulting dowsampled approaches in pink, superimposed on a larger subset
of the trajectories in bluérhe next section dails the modeling andimulationresults obtained
usi ng shkh8lationenvironment with these ownship and intruder models with varying levels
of clutter provided by grountdasedDAA sensors.
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Figure34. Approach corridor definition for lateral boundaries (top), and vertical boundaries (bottom)

Lateral: £ 2.5 deg, Vertical: 3+ 0.5 deg Lateral: £5 deg, Vertical: 3+ 1 deg

Figure35. Subset of ownship trajectories meeting the missed approach threshold requirshwemtsin
pink. Blue tracks do not intersiethe approach corridor and were discarded.

4.2 Ground-Based EO/IRResults

Figure 36 to Figure 39 illustrate four levels of clutter data (Low, Medium, Medium High, and
High) distributed within an approximate 10,000 ft radius from the origin, identified as the airport.
In these figuregthe clutte-flux densityds similar to the previous enroute fegtand summarized

in Table16. Each figure is organized from left to right, beginning with unfiltered raw data and
followed by data processed through two typesitdrs. These two filtered views of the data are
based on the assumption that clutter is significant if the radar has maintained tracking for at least
threeor five seconds, respectively. This approach allows for distinguishing meaningful clutter
from trarsient dataTable 17 provides a summary of the total number of samples and tracks
associated with each filter type and indicates the impact of filteFimg total nunber of samples

in Table 17 represents the amount of data collected by the sensor ovairau89dperiod, and the
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number of tracks refers to the count of sequentially meaningful data points assigned arbitrary
identifiers within the collected datBlotably, differences across clutter levels are observed, with

an approximate variation of 600 samples and around 50 tracks per level, reflecting how filtering
can reduce noise and improve the clarity of significant radar returns.

Table16. Clutterflux densities tested in the terminal environmerfaise tracks/(nrkhr).

Filter | High | Med-high | Med | Low

None | 437 315 188 85
3s 113 83 53 21
5s 68 52 31 13

Figure37. Mediumrateraw (left),with 3 seond filter (middle) and seondfilter (right).
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Figure39. High-rateraw (left), with 3 seond filter (middle) and seondfilter (right).

Table17. Number of samples and tracks for different levels of claitefiltering options

Clutter Leves Filter Number of samples | Number of tracks
No filtering 862 256
Low 3s filtering 645 64
5s filtering 566 41
No filtering 2013 564
Medium 3sfiltering 1546 160
5s filtering 1310 93
No flittering 3197 946
Medium High 3s filtering 2394 250
5s filtering 2069 156
No flittering 4266 1311
High 3s filtering 3125 340
5s filtering 2652 204
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This report conducts a detailed analysicdf ut t er 6 s i mpact by examini

incorporate one intruder and varying levels of clutter across four configurakange 40
provides a key to the symbols used in the graphs shown in Figures 41 through 45. In situations of
Loss of ST or Loss of ART, the colors of the information related to the ownship change, and
when clutter enters the ART, it is represented by red rectangles with an indication of the direction
of movement, which is a notable feature. In a Loss of ART situatiordesieed heading of the
ownship points to the midngle of the recovery bandsigure 41 throughFigure 44 depict the
chronological progression of flight trajectories for each of these configurations: (1) ownship only,
(2) ownship + intruder, (3) ownship + clutter, and (4) ownship + intruderttecllAn example
scenario featuring a certain encounter set withlewel clutter is provided for clarity in assessing

the influence of variables and to enhance the reliability of the findingsiglme 41, the flight
adheres to a funnshaped landing approach typical of the ownsinty scenario, demonstrating

a direct and stable approach paftonsider adding a description of the approach corridor
represented byhe gray wedgea dotted track taila ghost path that the droreattempting to

follow for the ILS approachand helping the reader to interpret what the forward projected black
and blue lines ard.ikewise considehelping the reader wittlescriptivetext to know what the red

lines are for the intrudety notice how ownship lines change colors with alerts, etc. | had to study

it for a whileand still have a few questign§igure42throughFigure44 provide a more complex
picture; in the second and third graphs of each, the timing and nature of evasive maneuvers
executed to avdithe intruder or clutter are displayed, with the final graph showing the trajectory
as the ownship approaches the targ@gure 45 expands this analysis to illustrate the final
trajectories under varying levels of clutter for the most complex case: ownship + intruder + clutter.
As clutter intensity increases, the freqogrand complexity of evasive maneuvers intensify,
resulting in highly intricate flight paths that significantly diverge from the standard approach,
underscoring the substantial influence of clutter on flight path behavior as the ownship attempts to
reach is target.
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Figure40. Description of symbols used in ttrajectory graphs shown below.

Figure4l. Fight trajectory in chronological ordé€left to right) of ownshiponly case
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