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NASA STI Program

Since its founding, NASA has been dedicated
to the advancement of aeronautics and space

science. The NASA scientific and technical
information (STI) program plays a key part in
helping NASA maintain this important role.

The NASA STI program operates under the

auspices of the Agency Chief Information Officer.
It collects, organizes, provides for archiving, and

disseminates NASA’s STI. The NASA STI

program provides access to the NTRS Registered

and its public interface, the NASA Technical

Reports Server, thus providing one of the largest
collections of aeronautical and space science STI
in the world. Results are published in both non-
NASA channels and by NASA in the NASA STI
Report Series, which includes the following report

types:

e TECHNICAL PUBLICATION. Reports of

completed research or a major significant
phase of research that present the results of
NASA Programs and include extensive data

or theoretical analysis. Includes compila-
tions of significant scientific and technical
data and information deemed to be of
continuing reference value. NASA counter-
part of peer-reviewed formal professional
papers but has less stringent limitations on
manuscript length and extent of graphic
presentations.

TECHNICAL MEMORANDUM.
Scientific and technical findings that are
preliminary or of specialized interest,
e.g., quick release reports, working
papers, and bibliographies that contain
minimal annotation. Does not contain
extensive analysis.

CONTRACTOR REPORT. Scientific and
technical findings by NASA-sponsored
contractors and grantees.

... in Profile

CONFERENCE PUBLICATION.

Collected papers from scientific and
technical conferences, symposia, seminars,
or other meetings sponsored or
co-sponsored by NASA.

SPECIAL PUBLICATION. Scientific,
technical, or historical information from
NASA programs, projects, and missions,
often concerned with subjects having
substantial public interest.

TECHNICAL TRANSLATION.
English-language translations of foreign
scientific and technical material pertinent to
NASA'’s mission.

Specialized services also include organizing
and publishing research results, distributing
specialized research announcements and
feeds, providing information desk and personal
search support, and enabling data exchange
services.

For more information about the NASA STI
program, see the following:

Access the NASA STI program home page
at http://www.sti.nasa.gov

E-mail your question to help@sti.nasa.gov

Phone the NASA STI Information Desk at
757-864-9658

Write to:

NASA STI Information Desk
Mail Stop 148

NASA Langley Research Center
Hampton, VA 23681-2199
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Background & Motivation

- NASA Ames Research Facility is home to the largest wind tunnels in the world,
at the National Full Scale Aeronautics Complex (NFAC)

80" x 120" and 40’ x 80’ test sections
Powered by 40’ diameter fans on 23,500 HP motors (6 of them!!)
Really really huge

- The facility started in the 1940’s and showing its age; regular inspection
ensures safe operation. Current inspection methods require high amounts of
time and manual labor, including skilled inspectors and trained rope climbers

- Defects of interest include cracked or missing panels and failing/missing rivets,
among others

- Funded by an Internal Research and Development (IRAD) grant proposed by
Dr. Murakami

National Aeronautics and Space Administration UAV Inspection



Background & Motivation

https://www.nasa.gov/centers/ames/multimedia/images/2005/nfac.html
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Solution: UAV and Machine Learning

- The NFAC is largely composed of empty warehouse-like sections, many
stories tall. This environment lends itself to small UAVs flying an automated
mission

- A drone equipped with a high resolution camera can capture diagnostic
images of entire walls suitable for analysis via photogrammetry and machine
learning

- Early proof of concept walkthroughs used a handheld camera rig capturing
images at a fixed rate, walking along tunnel section

* Fellow team member, Nicholas Califano, working on ML portion

* Properly identifying missing and non-missing fasteners

National Aeronautics and Space Administration UAV Inspection



Environment Challenges

« GPS and Magnetometer Denial

« Typical autonomous drone: GPS and Magnetometer
* Very low light (pitch black in some sections)
* Poison Walls

* Foreign Object Damage

National Aeronautics and Space Administration UAV Inspection
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Hardware Architecture / Payload

System uses two cameras:
« High resolution (12MP) camera for taking images
* Low resolution (2MP) for localization (more on that later)
- High intensity LEDs + driver circuitry
- Pixhawk flight controller (plus standard drone components)
« Onboard IMU, controllers, position filters
« Intel NUC onboard computer for main processing

- Sensor package: long- and short-range LIDAR distance sensors serialized
via Arduino

- Target payload weight: 1kg

National Aeronautics and Space Administration UAV Inspection



LED Drivers

Intel NUC

.......

Arduino Controls

National Aeronautics and Space Administration UAYV Inspection 8



Software Architecture: ROS

- ROS is a common middleware layer facilitating
programming of robotic and other systems

- Consists of interconnected executables (nodes)
communicating across specific channels (topics) using
standardized data types (messages)

- Highly modular and widely supported

National Aeronautics and Space Administration UAV Inspection



Software Architecture: ROS




Localization: ORB-SLAMZ2 library

- We need to know and control our position without GPS or magnetometer

- ORB-SLAMZ2 is a camera-based Simultaneous Localization and Mapping
(SLAM) solution using feature detection and triangulation

Other SLAM options include lidar, sonar

- Generates a 6-DOF position/attitude estimate (collectively, ‘pose’) and an
internal point cloud map

« Use pose estimate in conjunction with Pixhawk position controllers to fly
to desired locations

National Aeronautics and Space Administration UAV Inspection
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jmadams3@MyUbuntu: ~/.ros
File Edit View Search Terminal Tabs Help

Z: 0.742637623461

orientation:
X: 0.099036641017
y: 0.00743494839151
Z: -0.119155409887
w: 0.987895973405

header:

seq: 679

stamp:
secs: 1569615205
nsecs: 192743703

frame_id: "map"

pose:

position:
X: -0.0677128722463
y: -0.24433233656
Z: 0.744330547443

orientation:
X: 0.0994986573993
y: 0.00846379006924
Z: -0.119592360425
w: 0.987788465775

SLAM MODE | KFs: 17, MPs: 989, Matches: 382

National Aeronautics and Space Administration UAYV Inspection
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ORB-SLAM2 in the real world

- Issues:
 Home coordinate frame is set arbitrarily upon initialization

« True scale cannot be determined with only one camera, and is
thus also arbitrary (monocular vs. stereo vision)

« Therefore all pose coordinates are relative to fully arbitrary basis

Solutions:
« Learn quaternions

« Use IMU data to rotate SLAM attitude into an gravity-down
reference frame

» Use distance sensor data to scale SLAM position into meters

National Aeronautics and Space Administration UAV Inspection
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Initially developed system on handheld

)
b
)
)
)
Y
)
)
§
)
)
W,
N

prototype using aluminum extrusion

Prototype platform allowed incremental
testing of each component and software

module

Mounted onto cart and taken into NFAC for

testing and data collection

National Aeronautics and Space Administration UAYV Inspection 15



Activities [ SLAMVIZ ¥ Thu 13:39 @

SETPOINT HANDLER
SLAM VIZ

CURRENT SETPOINT:

X: 2.8811

y: 0

ZEROR7I3TS

CURRENT POSITION:

X: -0.116389

y: -0.500487

z: 0.142399

Distance to setpoint: 3.038¢

CURRENT SETPOINT:

X: 2.8811

y: 0

z: 0.7375

CURRENT POSITION:

X: -0.141764

y: -0.491639

z: 0.154517

Distance to setpoint: 3.062¢

Setpoint handler in action (NFAC)

Images taken at regular(ish) spacing

PIX4D rendering by
N. Califano

National Aeronautics and Space Administration UAYV Inspection 16



PIX4D dense point cloud rendering by N. Califano

National Aeronautics and Space Administration UAV Inspection 17



Flight Testing

- Began flight testing to tune the controllers and determine any issues with the
system

- Found some vibrational issues during manual testing

 Future tests will further tune the controllers and start working with the
payload

« Currently on hold

National Aeronautics and Space Administration UAV Inspection
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Conclusions & Future Work

- Work performed during this internship developed a UAV payload platform suitable for
collecting data for building inspection while demonstrating a localization solution and
its viability in the target environment

- There exist many other applications for this type of automation

- The team generated a new dataset within the NFAC for analysis, which showed
strong results

 Future work for this project includes:
« Continuation of flight testing

* Fine-tuning of the orb-slam conversion algorithms or exploring other localization solutions,

as well as improving position filtering within px4

» Flight missions within the NFAC

National Aeronautics and Space Administration UAV Inspection 19



Personal Impact

This project served as a strong foundation and the culmination of my
graduate career as a student of robotics and control

Explored and utilized the full range of topics relevant to the implementation of
an autonomous and usage of topics such as ROS, OpenCV, UAV controls,
and attitude estimation

| learned many professional engineering skills including best practices,
electrical workmanship, effective troubleshooting, and professional
communication

There was a lot of difficulty, but a lot of meaningful growth, connections,
lessons, and fun

National Aeronautics and Space Administration UAV Inspection 20
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Setpoint Comparisons

- Generate setpoint stream using simple python script. Spacing is determined
by calculations by Nick Califano to achieve, eg, 25 pictures per fastener
dependent on lens/resolution characteristics

- Use Pixhawk’s position controllers to fly to the setpoint

- Snap picture at each setpoint, then move on

National Aeronautics and Space Administration UAV Inspection
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ORB-SLAM2 in the real world

- Attitude solution: generate a correction factor using Inertial
Measurement Unit (IMU) and apply it to incoming SLAM
measurements to rotate them into a gravity-down frame

* Using quaternion magic

* Rotate position measurements by the same correction

» Scaling solution: use onboard distance sensors to scale position to
an absolute scale by moving a set distance and recording deltas

« Multiply all incoming position measurements by this scale factor

- Final result: SLAM measurements are processed into true-scaled,
gravity-oriented pose readings. Last step of processing allows for
‘homing’ the system

National Aeronautics and Space Administration UAV Inspection
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Introduction

- Aviation safety is critical aspect in the aerospace industry

- ldentifying precursors for anomalies would decrease the fatal incident

~ 2500ft: 13 miles Out — 1500ft, 5 miles Ollt
*  Turn to final R

‘ Flaps not set
* Speed reference set incorrectly

* High engine speed

Altitude 1000 ft. 3 miles out

Speed Exceedance

3000 | (adverse event)
2500 + ~ 3500ft, 25 miles out
2000 | All variables normal ST t
~ , 8 miles ou

1500 | Speed reference corrected
1000

1.0}

05}

0.0 | Probability of . . R

adverse event Flight tlmellne‘

[Ref.] V. Janakiraman, Explaining Aviation Safety Incidents Using Deep Temporal Multiple Instance LearnTng KDD 2018

National Aeronautics and Space Administration
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Background of Project / Literature Review

- This project is to leverage a deep reinforcement learning techniques to identify precursors for

operationally significant anomalies

=  We specifically focus on the anomaly during take-off, i.e., Airspeed drop

- The data is recorded as high-dimensional time-series of Flight's Operational Quality Assurance

@

(FOQA\) data.

B %

3
-
*

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection



Research Questions

- Can we build a data-driven model from the amount of data?
=  What kind of model should we design?

= What types of model representation?
- Can reinforcement learning approach provide an assurance in Aeronautics?

= How to design reward to train the agent properly?

= How does it link to design a precursor?

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection



Methods

- Develop data-driven model

= Define state-space model

= Train the model with DASH-link data

WION-2Q 7 Japodag

= Validate the prediction performance

Data-driven Model

- Reinforcement Learning

» Train the agent in order to avoid the anomalies reward, 14,
_ » Environment |
= Use Agent as a precursor for anomalies state, S+
action, a; = (s¢) Agent
(policy)
Deep-Reinforcement Learning for Anomalies Detection 5
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Findings/Data

s5:Air Speed

- Data Analysis for DASH-link FOQA data

s1:Pitch Angle

s3:Angle of Attack

0 10 20 30 40 50 60 0 10 20 30 40 50 60

s2:Roll Angle
s4:Drift Angle

0 10 20 30 40 50 60
Time [sec]

Time [sec]

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection



In [11]:

In [12]:

Findings/Data

- Data-driven Flight Simulator (DFS)
DASH GYM

In this tutorial, we show how Data-driven Anomaly Detection Simulator (DADS) is working on the Gym environment.

import numpy as np
import logz

import gym

import gym dash
import pandas as pd
import ipdb

# Load simulator
env = gym.make("dash-ve")

print("Action space is discrete?:", env.discrete)
print("size of states: {}".format(env.observation space))
print("size of actions: {}".format(env.action_space))

# Initialize the states with time-series data
example_data_name = './all _drop DF/658200206070849.csv'
example data = pd.read_csv(example data_name)
init_states = env.reset(example_data name)

Action space is discrete?: False
Size of states: Box(5,)
Size of actions: Box(37,)

/home/saehong/miniconda3/envs/shp 1/1ib/python3.6/site-packages/gym/logger.py:30: UserWarning:

warnings.warn(colorize('%s: %s'%('WARN', msg % args), 'yellow'))

def extract state action from csv(data):

# States

sl = data['PITCH ANGLE LSP'].tolist()

s2 = data['ROLL ANGLE LSP'].tolist()

s3 = data['CORRECTED ANGLE OF ATTACK'].tolist()
s4 = data['DRIFT ANGLE'].tolist()

s5 = data['COMPUTED AIRSPEED LSP'].tolist()

# Actions

al = data['AILERON POSITION LH'].tolist()

a2 = data['AILERON POSITION RH'].tolist()

a3 = data['ELEVATOR POSITION LEFT'].tolist()
a4 = data['ELEVATOR POSITION RIGHT'].tolist()
a5 = data['RUDDER POSITION'].tolist()

a6 = data['T.E. FLAP POSITION'].tolist()

a7 = data['N1 COMMAND LSP'].tolist()

-n AesaTiuTan fArEAT T Sa1 2o

National Aeronautics and Space Administration
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Findings/Data

- Reinforcement Learning

= Actor-Critic Approach

CRITIC Testing Performance

~
1
1
1
1
1
(o0}
o

()]
o

ACTOR(Pqucy) SYSTEM ) Reward, 7}
Action,a; | (Environment)

State, s

N
o

Cumulative Return [-]
N
o

v —— DDPG

0 1000 2000 3000 4000 5000
Episode Number

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection 8



sl: Pitch Angle

s4: Drift Angle

Findings/Data

Design a precursor

= A RL GYM Trajectory

=+ Mean RL GYM Trajectory

= HUMAN GYM Trajectory

= Truth Trajectory o
[@)]
C
<
o
o
N
7))

0 10 20 30 40 50 60
Time [sec]

=—— A RL GYM Trajectory
Mean RL GYM Trajectory
= HUMAN GYM Trajectory
= Truth Trajectory

30 40

Time [sec]
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—— Truth Trajectory % —— Truth Trajectory
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<C
(¥ —
© 2
QL
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<C
@ -2
-4
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Time [sec] Time [sec]
220 —— A RL GYM Trajectory 4{ —— ARL GYM Reward
=+ Mean RL GYM Trajectory = Mean RL GYM Reward
= HUMAN GYM Trajectory = HUMAN GYM Reward
—— Truth Traject
8 200 ru rajectory 3
o °
o ©
L 180 =2
< o
N o
n
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Findings/Data

- Design a precursor

O
o

o]
o

~
o

[=)]
o
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U
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D
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Discussion/Conclusions

- Construct a data-driven model from a large amount of time-series data
- Build a simulator to test RL algorithms
- Train agents to avoid the anomaly and use their actions to design a precursor

- Validate the proposed framework for NASA DASH-link data

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection
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Future Research & Implications

- Improve the simulator in terms of long-term prediction
= Hybridize the first principle and data-driven model
= Explore the NN architectures for data-driven model, i.e., recurrent neural network
= |nvestigate the noise/disturbance for FOQA data
Develop RL+Precursor algorithms

= Combine the long-term prediction and RL-guidance to develop a precursor

National Aeronautics and Space Administration Deep-Reinforcement Learning for Anomalies Detection
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/ Abstract \

Reliably sourced Small Unmanned Aerial System (sUAS) platforms provide unmatched
versatility and utility in research and practical applications. Our project goal was to research
and design an sUAS for use in U.S. Coast Guard (USCG) Search-and-Rescue (SAR) missions. The
SUAS design had to meet USCG criteria on system capabilities and mission parameters. It also
had to comply with strict USCG sourcing guidelines. We divided our system into its constituent
subsystems and worked on them in subteams. The subteams were: Chassis, Propulsion,
Control, Ground Station, and Camera/Payload. Each subsystem was thoroughly researched
and designed throughout the course of the summer. This project will continue in the Fall with
the goal of physically prototyping all SUAS subsystems to refine them into a mass-producible

(ircraft for the USCG mission toolbox. /
Chassis \

* Requirements: Robust construction, bright (visible) color, beacon and navigation lights, must
enclose and protect all avionics, resilient to minor accidents.
* Design Choice: Custom carbon fiber chassis.
e Characteristics:
* Folding design minimizes storage space when sUAS not in use.
e Sensor mounts and avionics casings made from 3D printed ABS plastic.
* Extraneous hardware components machined from aluminum.
\-Waterproofing: Foam enclosure and conformal coating on electronic components.

Figure 1: Chassis components. (Left) Arms lock outwards for deployment. (Center) Foam
enclosure provides waterproofing and mild impact resistance. (Right) Beacon and
navigation lights enclosed in custom waterproof housings and fastener to chassis exterior.

/ Propulsion \

* Requirements: 40-minute flight time in ideal conditions, operable in 30-knot wind
conditions, ability to carry 5-Ib payload.
* Design Choice: Quadrotor configuration with 18” propellers.
* Characteristics:
 T-Motor MN5006 motors (300 RPM).
e 18650 Lithium lon Cells (24-count).
* Prototyping and Testing: The propulsion system was developed based on theoretical

/ Control \

* Requirements: Semi-autonomous sUAS capabilities, digital signal transmission, NDAA
compliance.
* Design Choice: Auterion Skynode Flight Controller.
* Characteristics:
* Provides complete control over a sUAS, utilizing the PX4 Enterprise firmware.
 NDAA compliant. Government version manufactured in the U.S.

\calculations done in eCalc motor simulation software and thus requires physical testing. /

WwWWw.nasa.gov

\ * Provides all-in-one complete control solution and fleet management.

/
/ Ground Station \

* Requirements: Easily pilotable from a moving and rocking boat, detachable screen, ability to
input search coordinates.
* Design Choice: Custom all-in-one ground control unit.
* Characteristics:
* 8" Touchscreen monitor.
* Digital video transmission.

K * First Person View (FPV) video display.

/

. Location
Data
UAV 5 E
Commands

Waypoint and Flight
Data Transnission

User
interface

Software Video
f_°r transmission
- aa%e, Manual
. " /’ IR+RGE Control of
camera =3 yav

Figure 2: Flow diagram for subsystem communications and overall sSUAS control.

/ Camera \

e Camera Requirements: 4K RGB Camera, IR Camera for identifying people in water,
weatherproof construction, stable footage.
* Design Choice: FLIR Hadron mounted on custom gimbal.
e Camera Characteristics:
e 2-in-1 RGB/IR: Allows for sensor image integration.
* 4K+ RGB Camera, 320 x 256 IR Camera.
* Requires use of Raspberry Pi Zero companion computer.
* Gimbal Characteristics:
e 3-axis gimbal provides full range of camera stabilization and actuation.

e Costs around $300 which is competitive to non-Chinese off-the-shelf models.
\° Carbon fiber and machined aluminum frame is sturdy and lightweight.

Figure 3: A FLIR Hadron 2-in-1 RGB/IR
camera will be mounted on a custom 3-
axis gimbal to the bottom of the sUAS
chassis. Vibration dampers isolate the
camera and gimbal from high-frequency
vibrations affecting the rest of the sUAS.
Actuation along roll, pitch, and yaw axes
stabilizes video feed and allows for
manual control of camera orientation.

/ Payload

* Requirements: Accurately drop Type-5 Personal Flotation Device (PFD) and waterproof two-
way radio to a person awaiting rescue in the water below the sUAS.
* Design Choice: Spiral hook mechanism actuated by a waterproof servo.
* Characteristics:
* Payloads hang on spiral hook until electrical actuation at moment of release.
\ * Minimal torque required since mechanical load close to servo’s axis of rotation.

/

Figure 4: Payload components. (Left) Two-way radio and Type-5 PFD are deployed in
rescue operations via (Right) servo-actuated spiral hook mechanism

/ Sourcing

Our system was originally intended to be built solely with U.S. sourced parts and 3D-printing.
The USCG changed this sourcing requirement after initial trade-space exploration yielded a
substantial lack of US-manufactured sUAS parts (most notably motors, servos, and gimbal
controllers). Our current sourcing criteria allow parts that comply with the National Defense
Authorization Act (NDAA) and USCG procurement guidelines. Our sUAS design is fully compliant

\with these conditions. /

4 N

Project Impact:

* Our design is a powerful new tool in the USCG’s search-and-rescue toolbox.

* Increased operational flexibility will save lives.

* Reliable supply chain reduces U.S. reliance on foreign parts.

* Low-cost solution makes our design easily sourced.

 Work on sourcing transferrable to other sUAS applications (i.e. NASA, DOE, etc.).
Future work for this project includes:

* Physical prototyping of several of the subsystems to refine their design.

* Fine-tuning of physical components to ensure a well-balanced sUAS.

* Final production and electronics integration of complete sUAS prototype.
!est flights with the USCG to analyze mission performance.

/
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Dr. David Murakami (NASA), Jonathan La Plain (NASA),
Dr. David Bell (USRA), Saba Hussain (USRA), Zeal Panchal (USRA)
\For their valuable contributions of time, guidance, and mentorship.

Conclusion & Next Steps

AN

Acknowledgements

NASA AERONAUTICS
RESEARCH INSTITUTE

VIRGINIA

'S CalPolyPomona TECH

| R



National Aeronautics and Space Administration

Predicting Flight Delays with Supervised Machine Learning

Abstract

Flight delays cost passengers and air carriers money and time.
An accurate delay prediction model would reduce the harmful

effects of flight delay by enabling improved planning and
awareness. The goal of this project is to train supervised
machine learning models to predict departure delay and to
determine the accuracy of each model.

Data

Overview:

A total of 65 continuous and categorical data features were
extracted from the US Bureau of Transportation and NOAA
Local Weather datasets from April 2019.

Air Carrier £
4
/ 30.3% Late Aircraft
| 39.5%
ll
!|l
o 5.4%
Weather \, 8.9%
\ 15.9%
\“\ ,
OtheF“‘-~--..-_\_______ //
T NAS

Reported Delay Causes, BTS

Model Selection:

1. Data normalization and missing value imputation

2. Split into 80% training and validation, 20% testing
3. 5-fold, cross-validated hyperparameter optimization

Assumptions:

* Flights with over 200 minutes of delay filtered out

* Flights involving an airport with less than 10,000 flights in
the dataset filtered out

WwWWw.nasa.gov
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- Various linear and non-linear models were tested. Figures below show results
~ for one linear model (ridge regression), one non-linear model (random
~ forest regression), and a naive baseline model which predicts each flight's
~ delay to be the average delay at its origin airport in the preceding hour.
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Feature importance plots reveal which features are most heavily
weighted by each model.
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Conclusions

The random forest regression model achieved:

 Mean absolute error = 10.8 min
« R2=0.48
* 46% reduction in MSE compared to baseline

Key features: turnaround time, previous flight departure delay.

The random forest classification model with random over-

sampling achieved:
« F1=0.60

Future Improvements

« Use deep neural networks to capture complex non-linear
relationships

« (Gather more data including features like “aircraft arrival
acceptance rate”

Impact
- Spark new questions and ~ + Improved Python coding
ideas for flight delay ~and readability
prediction ~ + Learned highly-applicable
- Adopted for Aviation Data ~ data science and machine
Science Course ~learning techniques

Thank you so much to my mentors Milad Memarzadeh and
Tyler Ngo, to the NAMS Student R&D program’s Saba
Hussain, Zeal Panchal, and to Dr. David Bell for this
awesome opportunity.
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Introduction: What is a computer?

CLASSICAL QUANTUM
O O O O o0 o Initial register of bits o O o O o0 o

Logical gates

Ex: CNOT

Final readout

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers 2



Introduction: Quantum computers have errors

CLASSICAL QUANTUM
O O O O o0 o Initial register of bits O O 1 0 O0 O

Logical gates

Ex: CNOT

Final readout

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers 3



Introduction: How to determine just the gate errors?

Ideal outcome | Measured result Solution: Consider longer sequences!

11 > ? “||
E 000
1 O 1 1 Eg
A

Is the error from:
* Initialization?
e Applying the gate?
* Reading the result?
e A combination? Shape of the curve is due
only to gate errors!

Probability —
correct

Number of gates
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Background of Project / Literature Review

- Methods to relate the shape of the probability curve to the gate error are called

Randomized Benchmarking [1-4]
A

Probability
correct

Number of gates

- Randomized benchmarking only works for certain groups of gates, but work is
being done to extend it to other groups[5-9].

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers



Research Questions

- Is there a way to relate the shape of the probability curve to gate errors for arbitrary

groups of gates?
A

2 . |
—_ O

29

_QB < >

8 [

Number of gates

- When is this relation useful? What additional gates can be characterized with this
method?
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Methods

Probability
correct

Generalize the representation theory method developed in [9] to find functional forms for the

probability decay curve

p(n) = AA™ + By™ 4+ C6™ + -+ < >

— Probability correct

Number of gates f(A,B,C,AYy,6,)

Find specific groups where the number of parameters A, B, C,A,v, 4§, -+ is small enough to be

experimentally determined

Perform simulations of a quantum computation to verify the method

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers 7



Findings/Data: Preliminary example

- Honeywell recently studied a group of gates that could not be benchmarked by traditional

methods [11]

« Using our method, we can determine their gate errors

St+s Sts
.33 .08
— Fit
— EXact
¢ Data

28 } 041
-23 T T T .oo T T T
Sst St.
.08
.10 }
041 }
.05 A
.00 T T .00 T T T
5 10 15 5 10 15
N N
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1.00

0.98 A

Estimated Fidelity

0.94 - +
0.92 - + +

0.90 +-

0.96 - + +

0.90 0.92 0.94 0.96
Exact Fidelity
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Discussion/Conclusions/Future Work

- We have developed a method for benchmarking arbitrary groups

- We are currently studying examples of groups that have not been previously benchmarked, but
where our method is feasible

- Future work involves expanding the number of examples and exploring the robustness of the
method

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers



Lessons Learned

- Learned about the state-of-the-art for benchmarking quantum computers
- Learned about error models for quantum computing
« Learned about the quantum computing research community

- Developed code for modelling quantum computers

National Aeronautics and Space Administration Improving randomized benchmarking for quantum computers
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* Feasibility: Is it possible to predict urban noise
levels with a satellite imagery model?

* Accuracy: Does the model predict urban noise with
reasonable accuracy?

* Transferability: Can the model predict well on
multiple cities? Can it predict accurately on unseen

cities?

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery



 dB - Decibels, a logarithmic
measurement of sound pressure
Intensity

« dB(A) — A-weighted Decibels,
weighted according to how loud they
sound to the human ear

« 70 dBA is the U.S. D.O.T. noise

abatement criteria

« 40 dB (at night) is the lowest observe

adverse effect (via W.H.O.)

National Aeronautics and Space Administration

140 - Threshold of Pain
130 - Jet Taking Off {200 ft. away)

120 - Operating Heavy Equipment

=110 - Night Club {w/ music)
e 100 - Construction Site

b 90 - Boiler Room

b= 30 - Freight Train {100 ft. away)

70 - Classroom Chatter

60 - Conversation {3 ft. away)
50 - Urban Residence

40 - Soft Whisper {5 ft. away)
30 - North Rim of Grand Canyon
20 - Silent Study Room

10

0 - Threshold of Hearing {1000 Hz)

A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery



* L¢q—sound level averaged over time, usually measured in
dB or dB(A)

* LDEN - time-weighted noise level, an average of L, over
the 24-hour period, with a 5dB(A) penalty for evening

noise and a 10dB(A) penalty for nighttime noise

\/

( +10dB(A) @ No Penalty

I\
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« Highly detailed urban noise models are available (with large
data requirements)
* Land use regression noise modeling

« City block-scale physical noise models

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery



igd ¢

Sound Propagation Noise

Creation ) ——— Perception
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igd <

Sound Propagation Noise

Creation ) ——— Perception

Traffic Water and Topography Time of day
Industry Building size and shape Sound sensitivity
Trains and airplanes Impervious surfaces and
Wildlife roadways
Wind and rain Soft surfaces (vegetation, soil)

Urban density

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery 7



Object Detection via CNN (Shape
Characteristics)

« Buildings and building shadows

» Impervious surfaces and roadways
* Vegetation and soft surfaces

* Noise barriers, highway buffers

National Aeronautics and Space Administration

- WBH
Image Convolutions
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Object Detection via CNN (Shape

Characteristics)

« Buildings and building shadows

» |Impervious surfaces and roadways

« Vegetation and soft surfaces

» Noise barriers, highway buffers

Multiband Characteristics

» \Vegetation health or greenness

» Soil and impervious surfaces
detection

« Shadow detection

National Aeronautics and Space Administration

e D
Image Convolutions
I e

Band Indices (NDVI)
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Object Detection via CNN (Shape - e

Image Convolutions |

Characteristics) a1

« Buildings and building shadows

» Impervious surfaces and roadways

* Vegetation and soft surfaces

* Noise barriers, highway buffers

Multiband Characteristics

* Vegetation health or greenness

« Soil and impervious surfaces
detection

« Shadow detection

Ancillary Data

* VIIRS nighttime radiance imagery

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery 10



Target Data - Vancouver
 Incorporates roads, traffic volume, aircraft flight paths,
train data, topography, building shapes, etc.

« 2010 annual

estimate, LDEN A na— _
" Vancouver - Traffic, Air, and Rail, LDEN dB(A)
« Two modeled data R NN AN

products:

« Traffic only

e Traffic, air, and

rail

~ HEMo

. 22

o | f4_4 {

¥ 6

“ mm

ERE EEE . =

“\‘\\, ¥
Vancouver
Lden_treffic_rail_air .
|
—
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« Study Year: 2010 * Architecture:

« Location: Vancouver, BC - VGG pretrained weights
* Input Imagery: 2.5m - Fully connected layers:
resolution WorldView 512, 32, 1
« Patch Size: 100m x 100m
(40 pixels)

Fully Connected Layers

Target Data VGG 1 Noise

—»  Convolutional ' 512 32 0 Prediction

Satellite Imagery Layers

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery 12



Target Data
600 -

500 A

400 A

300 A

200 A

100 A

0 10 20 30

70

800
Predicted Values
700 -
600 -
500 -
400 -
300 -

200 -
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Model 1 — Initial Results

— ftraining_rmse
— val_rmse

16 A
14 A
—_— 12 i
S 10-
Model 1: Error (y_pred - y_actual) ¢
6 o
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100 125 150 175 200
epoch
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Model 1 — Error by Land Type

2011 Generalized Land Use Classification

Road Right-of-Way -

Rail, Rapid Transit, Other Transportation, Utility and Communication -
Residential - Mobile Home Park -

Cemetery -

Undeveloped and Unclassified -

Commercial =

Residential — Rural -

Residential - Single Detached & Duplex -

Agriculture -

Mixed Residential Commercial - Low-rise Apartment -
Port Metro Vancouver -

Mixed Residential Commercial - High-rise Apartment -

Land Use

Institutional -

Recreation, Open Space and Protected Natural Areas -
Lakes, Large Rivers and Other Water -

Residential - High-rise Apartment -

Industrial -

Protected Watershed -

Residential — Townhouse -

Residential - Institutional and Non-Market Housing -
Industrial — Extractive -

Airport/Airstrip -

Residential - Low-rise Apartment -

1

IN
o -
N

mean (pred-actual), dBa

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery 15



« Study Year: 2010

 Location: Vancouver, BC

* Input Imagery: 2.5m

resolution WorldView

« Patch Size: 100m x 100m

(40 pixels)

Target Data

Satellite Imagery

>

National Aeronautics and Space Administration

VGG
Convolutional
Layers

e

 Architecture:

- VGG pretrained weights

- Fully connected layers:
512, 32, 1

Fully Connected Layers

1

32
512

1N0d0dd

—» Regression

A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery

- Dropout included

e

Noise
Prediction
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« Study Year: 2010

 Location: Vancouver, BC

* Input Imagery: 0.5m

resolution WorldView

« Patch Size: 100m x 100m
(200 pixels)

Target Data

Satellite Imagery

>

National Aeronautics and Space Administration

VGG
Convolutional
Layers

e

 Architecture:

- VGG pretrained weights

- Fully connected layers:
512, 32, 1

Fully Connected Layers

1

32
512

1N0d0dd

—» Regression

A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery

- Dropout included

e

Noise
Prediction
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Model 1 Model 2 Model 3
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* Imagery and CNNs is a feasible noise prediction method

 However, additional spatial context is needed

 Incorporate ancillary data, such as VIIRS Night Light

« Use a pretrained SpaceNet network for land use segmentation
« Saliency mapping to examine what features the model picks

out

National Aeronautics and Space Administration A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery 19
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2011 Generalized Land Use
Classification

“Metro Vancouver’s 2011 Generalized Land
Use map was compiled using a consistent
interpretation of all available information.
Every effort was made to depict land use
activities accurately and consistently across
all of the region’s municipalities. Land use
classifications were assigned at the
municipal cadaster geography wherein each
cadaster lot was assigned one single land
use classification. Exceptions to this rule
occurred in instances where cadaster lots
clearly have more than one discrete land
use activity which did not fit into one single
classification thus requiring the cadaster lot
to be split to accommodate multiple land
use polygons (e.g. school property — where
buildings were classified as ‘institutional’
and playing fields as ‘recreational’)."

National Aeronautics and Space Administration

Land Use Classification

I Road Right-of-Way

[IPort Metro Vancouver

[ Protected Watershed

[ Rail, Rapid Transit, Transportation, Utility and Comm.
7] Recreation, Open Space and Protected Natural Areas
[JLakes, Large Rivers and Other Water

I Institutional

[ commercial
[T Mixed Residential Commercial - High-rise Apartment
[IMixed Residential Commercial - Low-rise Apartment

[ Residential - High-rise Apartment

[JResidential - Institutional and Non-Market Housing
[_JResidential - Low-rise Apartment

[JResidential - Mobile Home Park

[IResidential - Single Detached & Duplex

I Residential ~ Rural

[ Residential - Townhouse

[JAgriculture

[ Airport/Airstrip

[ Industrial

[ Industrial - Extractive

[ Harvesting and Research

[ cemetery

[ Jundeveloped and Unclassified
I <all other values>

A Machine Learning Approach to Predicting Urban Noise via Satellite Imagery

185
!
T

inl

3 Km.
1

24




Imagery Metadata

Input Imagery
Parameters

" Generate , Patch

Target Data

.~ Arglist Processing

Satellite Imagery

Noise
Prediction

> Modify & | Predict with
Train Model Model
Input Model
Parameters

A ‘ B ‘ @ ‘ D

lon lat value

-123.274 49.37354 0.386608
-123.272 49.37354 0.330052
-123.271 49.37354 0.085471
-122.891 49.37354 0.001065
-122.889 49.37354 0.034955
-122.873 49.37354 0.03389
-122.871 49.37354 0.00221

0 N O LA W=
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Model 1 — Initial Results: Relationship with Night Light

Average Radiance
From VIIRS, 2014
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MOTIVATION 40

In order to handle the expected increase in air traffic, the next 3
generation of transportation system will transform from a
centralized architecture to a more distributed version. In this
architecture, aircraft gains more authority in determining their 2
routes rather than following “freeways” specified by ground

based-control centers.

In a decentralized scheme, each agent will gain a higher
degree of autonomy in mitigating foreseen disturbances. Our 10

research focuses on

approach to routing a vehicle in highly dense and congestive
traffic so that the vehicle can reach its destination in the most

1Georgia Institution of Technology, °“NASA Ames Research Center

Advanced Urban Air Mobility
Mitigating Unforeseen Risk via Preserving Trajectory Flexibility

Fanruigi Zeng', Dr. Husni R. Idris?

MAIN RESULTS

40 40
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flexible way while mitigating unforeseen risk.

Fig.1 Flexibility Ideation.

BACKGROUND

The Trajectory Flexibility Metric is defined as an aircraft’s
ability to abide by all constraints imposed on it while mitigating °
risks that results

its exposure to
constraints.[1]
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Fig.2 Computation of flexibility metrics.

Trajectory Planning Algorithms

o Vi(xe, ye)
* 9e(Xe, Ve, Xer1, Ver1) = 1

Vi(xe, yt) = Min(Veyq(Xp41, Yer1) + interest)

Xe+1 Yer1:9e () = 1

Www.nasa.gov

—Maximum Flexibility: —f (x¢, ¥¢, Xt 41, Vi+1)

—Shortest Path: distance(x¢, V¢, Xt 41, Ve+1)

The minimum cost of proceeding from cell(x;, y;) at t.
If cell(x+41,Vs+1) IS reachable from cell(x, y;) at t.
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Fig.4 Risk Map - Unforeseen risky events.
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Fig.8 Failed mission.

DISCUSSION

e Conclusion

Fig.9 Comparison of mission success rate.

Given an airspace associated with certain congestion levels and unforeseen disruptive events, if an aircraft
makes routing decisions by maximizing trajectory flexibility metrics, there is a higher chance for the vehicle to
complete the mission. However, if an aircraft makes route decisions based on minimizing distance, the aircraft
may run into situations where there are no feasible trajectories to chose from, resulting in a lower success rate.

 Reflection

-The current definition of flexibility metric is restricted by discrete choices of vehicle headings and speeds. Once
additional degrees of freedom introduced, for example alternative landing sites, the flexibility metric should be
defined and estimated in a new way to account for a more complex solution space.

-How do we compare the flexibility metrics of two different aircrafts with different maneuverability?

-From an algorithmic viewpoint, even though an aircraft only takes M steps per planning horizon, preserving the
T-M trajectories with a certain confidence level may further facilitate air traffic coordination.

[1] Idris, Husni, Nola Shen, and David Wing. "Complexity management using metrics for trajectory flexibility preservation and constraint minimization."
In 11th AIAA Aviation Technology, Integration, and Operations (ATIO) Conference, p. 6809. 2011.
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Fig.10 Unforeseen risk mitigation experiment set up.
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Introduction

- Water and the search for evidence of
life/conditions of life on Mars has been a major

driver of NASA’s Missions to Mars.

- Mars in the past had abundant surface water,
evidenced by its valley networks, outflow
channels, paleolakes and oceans. Most recently,

glaciofluvial channels and gullies.

- Where has the surface water gone today?

Subsurface reservoirs, Surface near the poles,

Atmosphere.

Image: Cornell SPIF / Google Earth

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models 2



M A R &%‘FSK MARS.NASA.GOV

®
TEMPERATURE p—

araqe and high/low ranges 51" F 7926 miles 4220miles 2159 miles

126°F

|
‘ [

81°F [water freezes]

ATM O S P H E R E The land area of Earth is similar to that of Mars.
characteristics and approximate

SER THAN MARS’ ATMOSPHERE

TILT / SEASONS

4 Similar tilts mean that Mars has seasons just 25
[l 9¢ carBoN DIOXIDE like Earth. But since Mars’ year is almost
TB% NITROGEN twice as long, its seasons are longer too.
<25 ARGON
21% OXYGEN Because of Mars’ elliptical orbit, some
=2% NITROGEN seasons are longer than others. (The
¥ OTHER northern hemisphere has a longer spring
<1% OTHER and summer, while the southern hemisphere [Northern hemisphere
has a longer autumn and winter.) seasons shown]

Image: Mars.NASA.gov
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Background of Project / Literature Review
Obliquity Past & Present

50
OBLIQUITY OF MARS . 45
a ; - 40
2 3
g a0
Calculated 3 25
hlSlDI‘I_E: tili* 20 |-
0.12
> 0.10
2 o008
=
E 0.06
X . o004 §
.J.-Glblil:ll.lit'f {El]liiil_" tiult::l is predic:ted to d 0.02 F
move beyond 60 HASA 0.00
500
450
“the transport and redistribution of water between ground ice, surface ice, and atmospheric 5 ;W
reservoirs appears to be largely sensitive to orbital parameters. ... during periods of high Z agg
obliquity (>40°), large quantities of polar ice could be sublimed and transported away to the E o5 MTLYY
tropical regions where it becomes stable (Jakosky and Carr, 1985, Jakosky et al., 1995). ... It is fgg R _ :
remarkable that the present value of the obliquity of Mars (~25.19°) is very far from its mean iod G _
value...” [~37.62°] “This suggests that the present dry and cold martian climate is probably 20 15 -10 -5 o 5 10

not representative of the past current environmental conditions.” time (Myr)

— Laskar et al., 2004

Image:
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Background of Project / Literature Review
Water on Mars Today

Images:
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Background of Project

- Gully Database

- Bamberg Crater (39.71N, 356.9E)
Dichotomy Boundary
Gullies on its central peak/pit

Phyllosilicates (Gross 2012)

National Aeronautics and Space Administration

Image:

Erosional Studies of Mars Using Digital Terrain Models




Research Questions

1. Is/Was there water in Bamberg? Would it be ‘stable’ at the surface today or in the past?
2. How are gullies in Bamberg different/similar to other gullies we’ve studied?

3. How was the setting shaped over time?

Overarching questions:

What processes form gullies on Mars? Can we determine key process based on gully

morphometry/morphology? Can we identify global gully trends? Where is the water?

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models 10



DTEEC_010301_2200_006794_2200_A01

Methods

- Gully Data: ArcGIS, ENVI (HiRISE Imagery/DTM)
Diagram Drainages
Study Erosion/Deposition

Measure Morphometries

NASA/JPL/University of Arizona MRO/HIRISE

product_id rationale_desc left_observation_id | right_observation_id

DTEEC_010301_2200_006794_2200_A01  Gullies within central pit of Bamberg Crater = PSP_010301_2200 PSP_006794_2200

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models 11



Methods

- Site Data: IMARS (TES, THEMIS)
Acquire Pressure/Temperature data
Quality control

Record, Analyze Values

National Aeronautics and Space Administration

Erosional Studies of Mars Using Digital Terrain Models
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Data — Bamberg Peak Gullies

Length [km, avg]
Incision [m]
Overall Slope [deg]
Alcove Slope [deg]
Apex Slope [deg]

Channel Slope [deg]
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Temperature

Frequency

Max THEMIS Temperatures, Bamberg Crat
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Data
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Pressure by Season Q-Q Plot
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Seasonal Temperature & Pressure
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Bamberg Crater: Present-Day State of H,O0 and CO,

Temperature (K)
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Data — Bamberg Crater

Elevation [km] ~-4.2

Max Surface Pressure [mbar] 9.45 (623 TES data points; 39
individual days)

Max Surface Temperature [K] 270 (75 THEMIS of acceptable
quality)

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models
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Discussion/Conclusions

- Surface Pressure in Bamberg today [max ~9.5mbar] is above that of water’s triple point
[~6.1mbar].

- Peak temperatures here [262K THEMIS / 279K TES] could enable temporary surface meltwater

flows before evaporation, infiltration, and freezing.

- Surface temperatures & pressures vary on Mars largely due to changes in obliquity. In the

present-day, we see that Bamberg temperature varies ~100K & pressure varies ~3mbar.

- Bamberg Crater has been modified by surface ice and its meltwater. Terrain textures indicate
much ice has been lost at the surface, yet an abundance of water remains accessible as ice in

the subsurface, and in the moraine-like arcuate ridges below the gullies.

- We propose meltwater is the leading process behind the formation of Bamberg’s gullies, and
that the gullies could have formed recently in the Late Amazonian. Some of this meltwater is

preserved within the gully aprons it infiltrated.

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models 28



Future Research & Implications

- Gully Database & Statistics
Which factors contribute to the formation of various gullies, and which are most important?
How does water play a role?

Identify global gully trends.

Crater Gullies: Asimov, Bunnik, Corozal, Moni, Palikir, Bamberg, Selevac, Dunkassa, Istok,

Triolet, Galap, Unnamed Craters in Sirenum Fossae, Noachis Terra, Arabia Terra.
Megadune Gullies: Matara, Kaiser megadunes
Central Peak Gullies: Lyot and Hale.

High Lat gullies: [refer to Rowan Huang’'s Summer abstract].

National Aeronautics and Space Administration Erosional Studies of Mars Using Digital Terrain Models
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Questions

Thank you!
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Abstract

Gullies on Mars are usually defined by a source alcove and a single channel that shallows into a debris apron. This holds true formany of gullies, especially those in southern latitudes. However,

several gullies in northern high-latitudes (>50° N) show complex forms with more than one prominent channel. Initial detailed morphometric analysis of two northern high-latitude sites was established
in a previous study. This study expands on that work in addition to conducting the same analysis on another northern high-latitude site. Morphometric comparison of these gully morphologies and their
spatially associated landforms can give insight to different gully forming processes and provide clues to past environmental conditions in the Martian northern hemisphere.

Introduction Crater NE of Tantalus Fossae Crater in N Lyot Ejecta
e | . Gullies on Mars are usually defined by three parts Crater -Z 63080 N 292030 E Crater 2 53'60 N 26'30 E

(Fig. 1): The alcove, the channel, and and the apron. This crater is located to the northeast of Tantalus Fossae. It is ~16.3 km in diameter and contains numerous This crater is ~4.5 km across, and is located on Lyot Crater’s ejecta blanket. While all its slopes contain gul-
They are com monly found on crater WallS, but can poorly developed gullies on its eastern and western interior slopes. One exceptional gully displays a braid- lies (Fig. 5), only two have distinct aprons. The first has several indistinct channel-like forms on its thick

also form on dunes, central crater peaks, mesas, ed morphology in which deep channels incise the entire thin, light-toned apron (Fig. 3). This morphology apron. Its alcove shows escarpments suggesting episodic flow (Fig. 6). The latter consists of several gullies
mountains or montes, and valley systems on Mars may be due to unconsolidated sediment composing the crater slopes. At the deepest part of its alcove is an merging into a lobate apron. Pitted features on the apron’s surface (Fig. 7), consistent with sublimation
, [ ]

: : . intriguing, elongated 12-m high mound, which is eroded along its downslope trend. We interpret this to be processes, suggest high-volatile subsurface volumes within the crater. These gullies are possibly more
In this study, we are focusing on crater-wall gullies. a dust-covered snowpack (Fig.4). This gully has a gentle overall slope of ~11.91°. recent with overall slopes of 23.055° and 23.195° respectively.

woe soe mee e ave smee o ae we  we me e Fig. 3: Side-by-side comparison of the apron of the gully of interest (left) and inter- & 07y T //gure 6: The most well-developed gully
[ ' ' e — — | = — preted channels (right). Note the bright nature of it (perhaps due to icy composi- £ & v 4 NL & = Vi alas on the northern rim of the crater. This
| tion or recent deposition) as well as the complexity of the networked channels, not Rt .4 b iwm = A S BLPY /mage ?hOWS the transect method,
| unlike a terrestrial braided stream. The center stream line (deepest and most - AR | R a7 g @ i which is gsed to determine the volume
| continuous channel, highlighted in red) appears to anastomose and change, sug- i ” &\ , ' A F 0 e ofmater/a{ rempved from the alcove
| gesting multiple episodes of erosion. i ) f ESnage ./ ) and deposited in the apron. On the
| CTXimage P21_009222_2440_XN_64NO67W overlain by HiRISE orthoimages . .-\ N O ) 2Vl ) nght profiles of selected transects show
| PSP 008141 2440 and PSP 0074269 2440, , ok . b R / the vertical expression of the formation.
i - - - - N N N R i ' Note the scalloped appearance of the
B i AR R R AT LA {55473, T 7 e O ' embankment on the left. This suggests
Fig. 4: Detail view of the feature in the ‘ R T R 1 AT 5 multiple episodes of erosion. It also has
alcove of the gully of interest. Contour' b 7, Vi g | N ’ : - athickapron with possible inverted
lines show the positive reliefof thelil~ §( s/~ | EESSEESETt Y vy - E = channels.
mound, as well as its situation within the [ ) PIRe el p—" T Image from HiRISE orthoimages
deepest and likely shaded part of the 8 o R A P i = ESP_027231_2340and
alcove. The mound is also being exca- | G R i ‘ ‘ ESP_019438_2340
A b A vated (black-and-white inset). There is a RS R | ‘
Fig. 2: Harrison global map of gullied landforms (Harrison et al, 2015, Icarus). The cra- ; el | : lack of channels on the surface of the
ters studied in this project are starred to highlight the scarcity and high latitude of the e y ) mound, suggesting subsurface volatile
the study areas. Ly e e e presence more recent than the incision

I I I |
240°E 270°E 300°E 330°E ° 2 2 i iz 150°E 180°E

Ve B Figure 7: Image of pits on the apron of a gully on the west
e gt 0 B b - that f?f med the alcove. // Loy __7: e side of the crater. An average diameter of the pits is about 50
While most gu llies are found in the mid-latitudes of N gl s GRS Contour image and hillsahde from DTM & , i T, R SN R T R R meters. These show the pits have an average depth of about

1.4 m. These pits resemble sublimation pits, the presence of

Mars, especially those in the southern hemisphere P T 3 F O g _ inset image from HIRISE orthoimage s 55 ’\ | - Bl vhich would suggest an original volatile content of the
. . . . S . DR - A : PSP 008141 2440} = L : “ apron has been lost.

(Fig. 2), this study concentrates on those in northern i = o e A

high latitudes. It is an entirely different environment e o M v W £SP_019438_2340

W at lower elevations with different rock types and

BT  processes shaping the landscape.

o
g. 1: ' f fi ' C f d
R R i rater NE ot Arcadia Dorsa
dal ins have been defined in bl
s wellas s CSL (centerstrearm lne) inred Crater 3: 60.20° N 236.27°E
This crater is our new site. It is 3.13 km in diameter with a unique

micro-environment likely due to differing insolation (Fig. 8). Its NW R |
Fig. 8a: Here, we see that while these gully

" ::,. X 4‘ ) | Ry ; L;. s ¥ 7 / :W'{ %2 ‘ 1 ;&:
Slo pe An a lySI S slope is devoid of gullies, although there are a series of lobate fea- channels are numerous, they do not forrm Pl LR L — Vb — -l* < d t
. . . . . . : e 5 AR .ol very or m r nin
tures pointing downslope, suggesting frost creep or gelifluction complex networks like QZ/ZTFZTJZ?IC%LCGST iy N lotof ce or more recent deposition. This
The slope of a gully can be indicative of the gully’s age as well as the process that formed the gully. Pre- (Fig. 8b). All other slopes, especially the NE and SW, contain gullies b o o (MR Mokes avery clearly-defined apron.
liminary results show that the Crater 1 gully has an alcove slope ~16° and apex slope ~11°, while the two with somewhat deeply incised channels. These gullies form lateral- A B e > :

Crater 2 gullies studied have higher alcove slopes (~30° and 27°) and apex slopes (20° and 20°). ly extensive tributary systems (Fig 8a) While most gullies in this

crater have poor--if any--aprons, there are several bright, discrete
| aprons on the N and E slopes (Fig. 8r). Gully alcoves form in the
heavily degraded, crenulated crater rim. :
Images from HIiRISE orthoimages ESP_027065_2405 and AT Hub
ES P_0265 64_2405_ Fig. 8b: Frost creep, in which material is |

heaved downhill from variations in soil tem-
perature and thaw, is visible as lobate forms |

1

Normalized Elevation

Elevation (m)

NE Tantalus Fossae

0.25 0.5 0.75 2,000 2,500 3,000

Normalized Downstream Distance Horizontal Distance (m) ‘ o n C lu s I o n

Fig. 9: Normalized gully center stream line profiles. Fig. 10: Gully center stream profiles placed corresponding to their respective elevation

Straighter profiles, such as N Lyot 2, have more dry with accurate center stream lengths. This is helpful in comparing gully environment We have mapped these gully systems and have delineated their drainage basin areas. Currently, we are analyzing their detailed morphologies, slopes, and morphometrics to

flow character, while more concave profiles such as N based on elevation as well as the length of the center stream lines. . . . . . . . . .

Lyot 1 are associated with fluidized flow. compare these systems with other Martian gully systems. Based on its channel morphology and the slope analysis, fluid flow is a likely emplacement mechanism for this gully.
The crater 2 gullies are more uncertain, and their origin may be more clearly determined using ENVI transects and volumetric analysis. Crater 3 results are forthcoming, as

Www.nasa.gov future work involves detailed analysis of volumes, drainage and slope for this site.
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Course Syllabus Course topics include fundamentals I' bl d I' h

: s€1op Deliverables and Accomplishments
| nt rOd uction Simulation of aviation operations of air traffic control, models of

Week 2: Models of air traffic control (Single aircraft to Global traffic) aviation Operati()ns’ aircraft

: " : : Introduction to Machine Learning _ I . N .
UC Berkeley and USRA are collaborating to develop the course “Aviation traiect dicti d AssignmentX LR s o i gk o e s Suwtesmg
raJ eC Ory pre IC Ion a n Fall 2020 ending track point far from airport. Airport coordinates data is available from BTS ;‘;‘1 7 erent clustering algorithms on the dataset we got from p ) in this

L and can be found in csv file ‘ATRPORT_COORDS .csv’. You may use 0.5 as the
Due: xx/xx/2020 -

Week 3: Aircraft trajectory prediction and optimization

Data Science” to be taught in the Fall 2020 semester at UC Berkeley. The Aviation Data Sources

[ ] [ ] L] L]
internship is to support the development of the course curriculum. Prof Week 4 and 5 : Conflict detection and resolution: Use of synthetic data to design CD&R ... : : e il noce ci , _ o jcoris v : o et
' ' algorithms aviation, overview of data science S (NS, i o 4 e e i e ¢ R e e b ey s . e DBSCAN ot st e sttt e i .
. ; . . i s oints are more nautical miles (Use Great Circle Distance ) e - b 2 Flakr s
M ar k H ansen at U C B er ke | ey W| I | b et h e res p on Si b | e fa cu |ty fO rt h e course Supervised Machine Learning (Logistic regression, Trees, Feature selection) . . for each ight o hi stodsy v cbraned Sight racks S Boston Logan | Ee“"e%n track poiats) . , paramaters with  a0ge). Chiose e best Chateiag seole o get by DBSCAN
' methods, role of data science in e e el Aot (A " o g 027 st s pr s B N e e e

Week 6 and 7: En Route Traffic Management (Dynamic Weather Routing) The data can be found in csv file *flight_trajectory_BOStoIAH.csv". Data * Remove rajectories with the eatire flight trajectory length is far less than matsix of the PCA components you got to get a better clustering results.)

d h . | | b h | d . h h b | . d H P H P 1 y H M ° ° M description is shown below. c. Play wi e clusterin, gori! s and show the best clustering results you got.
D r. Ba n ava. r .S rl a r WI e t e ea I n St rU th.) r. T e CO U.rse . a S ee n |Ste Supervised Machine Learning (Support Vector Machines) SO IVI n g p ro b | e m S I n aVI at I O n \‘_m:;les — You may also do other data cleaning. Visualize trajectories after data cleaning. i?gi;z%?g;ﬁfsggﬁfg{‘ﬁ:iiﬁﬁ‘%‘;ﬂ; Yfa"uma}l-tz{mergsﬁtck
O n t h e Offl C I a | Be rke | ey CO u rse Cata |Og We bS |te S h Own | n F |g u re 1 . Week 8 and 9: Traffic Flow Management (Trajectory grouping and Classification; Delay 21%; izf:lmafrpﬁm Track points information is recorded every minute. Each flight trajectory has ];:szecmcmsmmg: ehfedoids Clostering (PAND, Mean Shif Clustering aad

FID Unique flight ID 3) Track Points Resampling u can try other algorithms
L] L]
O e ra t I O n S S u C h a S C O n f | I Ct 'POSIT TIME Time at each track point different flight length and different number of track points. Clustering requires
Modeli ng) IAT Latitude at each track point same number of features for each data observation. In this part, we will resample

LON Longitude at each track point track points to make sure we have the same amount track points for each flight.

cutoff threshold of both latitude and longitude difference from the airport location.) a. Perform Kmeans clustering algorithm on the dataset you got from problem 4).

t 1 1 t 1 d t 1 In this assignment, we will work on flight trajectory clustering. We will look at b. Remove trajectories that are discontinued spatially and temporally. Select proper number ofclusters.. (You may try a few values for nmbers of

O p I I I l I Z a I O n ) a a S O u rC e S I n different possible flight paths of the same departure and arrival airports. Trajectory Requirements: clusters or tune the parameter with a range. Optional: you may use silhouette
clustering in this homework is related to the research topics that analyze what ) ) ) ) . analysis or elbow method to select number of clusters). Choose the best clustering

features will influence changing flight paths and trajectory prediction. The flight- e Remove trajectories with travel time between any two adjacent track results you get by Kmeans and plot trajectories on map colorcoded by cluster

Great Circle Distance between departure and arrival airports

Unsupervised Machine Learning (Clustering, Dimensionality reduction) ALT Altitude at each track point (Hint: You may interpolate the trajectory in terms of distance traveled for latitude,

> detection and resolution, traffic it i L i o Sample 00 g
V4 “isualization - - -
2020 Fall CI ENG 290 002 = LEC 002 Week 10 and 11 : Arrivals Management : Effect of Winds and Aviation Weather) S 4) Principal Component Analysis (PCA)

. Visualize all the flight trajectories from BOS to IAH in the dataset on the map.
LT 2TV (Recommend: Basemap in Python. Use Mercator projection if you are using Now we have latitude, longitude and altitude information of 100 track points for
Neural Networks fI O W l I | a n a g e I I I e n t’ a r r I Va | S Basemap.) each flight. In other words, each flight has 300 features for clustering. The number
. of features is very large and different features (track points location) are correlated
W k 12 A l . F | I 2) Data Cleaning to each other. We need to perform PCA to the dataset. When you perform PCA,
ee - Airline operations: Fuel example You need to clean the data before clustering. This dataset contains incomplete standardize the data before PCA. You may pick the number of components that
H : I I I a n a g e I I I e n a n S u r a C e flicht trajectories. - P can explain 90% variance cumulatively. Plot both trajectories before and after PCA
Reinforcement Learning gt i and compare. Comment on two figures.
o [} | [} [} f |
Week 13: Aviation Safety operations, airline operations, tue
Data Science in Aviation Anomaly Detection

Week 14: Urban A Mobility efficiency, global aviation.

COURSE DESCRIPTION CLASS DESCRIPTION CLASS NOTES RULES & REQUIREMENTS RESERVED SEATS TEXTBOOKS ASSOCIATED SECTIONS

Advanced Special Topics in Civil and Environmental Engineering

Figure 4 Trajectory Clustering Assignment Set Write-up

Mark Hansen

@ M Course Catalog Description

4:00 pm - 7:00 pm Original Resampled Trajectories Trajectories based on PCA with 11 factors

Davis 544 This course covers current topics of interest in civil and environmental engineering. The course F Ig u re 2 CO u rse Syl | a b u S 50 50
Class #: 32975 content may vary from semester to semester depending upon instructor.
Units: 3 45 45 4
Instruction Mode: Hybrid--Has in-person meetings Class Description M h s L H T h H M | d M t | t .
P dacnine Learning iecnniques Iinciude regression, trees, ciustering,
Offered through Civil and Environmen tal Engineering 40 40
The course will be centered around analyses of a set of aviation data sets and will enable the o o . o ay -
students to become familiar with data science applications to aviation. Aviation topics to be covered CO n St ra I nt O pt I m I Zat I O n ) n e u ra | n etWO r k . 5 5
CURRENT ENROLLMENT mclude': fundgmen}als ?f air traffic .co.ntro[, modells .Of G.\'IGtIOI’I . o . 35 4 35 4
operations, aircraft trajectory prediction and optimization, data sources in aviation, overview of : ; ¢
Total Open Seats: 30 data science methods, role of data science in solving problems in aviation operations such as L 1 . 52 o
conflict detection and resolution, traffic flow management, arrivals management and surface 30 - 30 : e T
Enrolled: 5 Waitlisted: 0 operations, airline operations, fuel efficiency, global aviation [ [
Assignment Design Workfiow
] L] ] ] ] L] | ] ] ] ] ]
No Reserved Seats -100 -95 -90 -85 -80 -75 -70 -65 -100 -95 -90 -85 -80 ~75 -70 -65
Class Notes Lon Lon

HOURS & WORKLOAD

This class is for 3 credits; when enrolling, be sure to put in 3 credits.

OTHER CLASSES BY MARK HANSEN / Figure 5 PCA Results Comparison of Flight Trajectories

- ===

Course will likely include a mix of synchronous and asynchronous elements. Instructor will provide

details. Clustering on PCA mode matrix

Assighment sets have been developed during
the internship. An assighment example of
trajectory clustering is presented in Figure 4. It
shows the write-up of the assignment including
research topics related to homework problems,
data descriptions and detailed problems. Figure
5 and Figure 6 present the assignment solution
using PCA and DBSCAN clustering algorithms.

Figure 1 Aviation Data Science on official Berkeley course catalog website

Objectives and Tasks [ | | 23

The objective of this internship is to help develop the course curriculum

including following tasks: XI ‘f

 Identify aviation databases and Machine Learning Techniques for [ | ] p— I I p— —

assignments
J Incorporate NASA data into the course curriculum as case studies , , _
Figure 3 Assignment Design Workflow

J Design assignment problems in aviation domain with data science Figure 6 Trajectories Clustering Results
application The course has five following assignments in total:

- Design discussion course sessions Use linear regression to analyze features that influence the angle of ACknOWIGdgement

- Design term project and collect example ideas or resources attack of flight trajectories. This course development work acknowledges the excellent guidance of Dr. Banavar
Cou rse Syl Iabus Use logistics regression and decision trees to detect nominal and Sridhar and Prof. Mark Hansen.

anomalous flights The internship and the course are funded and supported by USRA.
The course will be centered around analyses of a set of aviation data sets Use optimal control to optimize trajectories This work acknowledges the data support from Dr. Milad Memarzadeh
and will enable the students to become familiar with data science

Use different clustering algorithms to group flight trajectories of same
applications to aviation. The developed curriculum will include extensive departure and arrival airport pair REfe rences
content on air traffic management concepts and machine learning

Use Neural Network to predict flight location and trajectories. B. Sridhar, “Applications of Machine Learning Techniques to Aviation Operations:
techniques. The course syllabus with time schedule for each topic is Five assignment sets involve various operational datasets provided by USRA Promises and Challenges,” 2020 International Conference AIDA-AT.
presented in Figure 2. and NASA, including flight-level TBFM trajectory data around ZAU control Y. Liu, M. Hansen, D. J. Lovell, M. O. Ball, “Predicting Aircraft Trajectory Choice — A
center from Sherlock database, FOQA data from Dashlink, trajectory data Nominal Route Approach,” 2018 ICRAT Conference.
from TFMS.
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MORPHOLOGIC AND SLOPE STUDIES OF CRATER GULLIES IN
THE HIGH-NORTHERN LATITUDES OF MARS

R.l. Huang', V.C. Gulick?3, N.H. Glines'3
National Aeronautics and Space Administration 'NASA Ames Research Center Summer internship, 2NASA Ames Research Center, 3SETI Institute

Abstract

Gullies on Mars are usually defined by a source alcove and a single channel that shallows into a debris apron. This holds true formany of gullies, especially those in southern latitudes. However,

several gullies in northern high-latitudes (>50° N) show complex forms with more than one prominent channel. Initial detailed morphometric analysis of two northern high-latitude sites was established
in a previous study. This study expands on that work in addition to conducting the same analysis on another northern high-latitude site. Morphometric comparison of these gully morphologies and their
spatially associated landforms can give insight to different gully forming processes and provide clues to past environmental conditions in the Martian northern hemisphere.

Introduction Crater NE of Tantalus Fossae Crater in N Lyot Ejecta
e | . Gullies on Mars are usually defined by three parts Crater -Z 63080 N 292030 E Crater 2 53'60 N 26'30 E

(Fig. 1): The alcove, the channel, and and the apron. This crater is located to the northeast of Tantalus Fossae. It is ~16.3 km in diameter and contains numerous This crater is ~4.5 km across, and is located on Lyot Crater’s ejecta blanket. While all its slopes contain gul-
They are com monly found on crater WallS, but can poorly developed gullies on its eastern and western interior slopes. One exceptional gully displays a braid- lies (Fig. 5), only two have distinct aprons. The first has several indistinct channel-like forms on its thick

also form on dunes, central crater peaks, mesas, ed morphology in which deep channels incise the entire thin, light-toned apron (Fig. 3). This morphology apron. Its alcove shows escarpments suggesting episodic flow (Fig. 6). The latter consists of several gullies
mountains or montes, and valley systems on Mars may be due to unconsolidated sediment composing the crater slopes. At the deepest part of its alcove is an merging into a lobate apron. Pitted features on the apron’s surface (Fig. 7), consistent with sublimation
, [ ]

: : . intriguing, elongated 12-m high mound, which is eroded along its downslope trend. We interpret this to be processes, suggest high-volatile subsurface volumes within the crater. These gullies are possibly more
In this study, we are focusing on crater-wall gullies. a dust-covered snowpack (Fig.4). This gully has a gentle overall slope of ~11.91°. recent with overall slopes of 23.055° and 23.195° respectively.

woe soe mee e ave smee o ae we  we me e Fig. 3: Side-by-side comparison of the apron of the gully of interest (left) and inter- & 07y T //gure 6: The most well-developed gully
[ ' ' e — — | = — preted channels (right). Note the bright nature of it (perhaps due to icy composi- £ & v 4 NL & = Vi alas on the northern rim of the crater. This
| tion or recent deposition) as well as the complexity of the networked channels, not Rt .4 b iwm = A S BLPY /mage ?hOWS the transect method,
| unlike a terrestrial braided stream. The center stream line (deepest and most - AR | R a7 g @ i which is gsed to determine the volume
| continuous channel, highlighted in red) appears to anastomose and change, sug- i ” &\ , ' A F 0 e ofmater/a{ rempved from the alcove
| gesting multiple episodes of erosion. i ) f ESnage ./ ) and deposited in the apron. On the
| CTXimage P21_009222_2440_XN_64NO67W overlain by HiRISE orthoimages . .-\ N O ) 2Vl ) nght profiles of selected transects show
| PSP 008141 2440 and PSP 0074269 2440, , ok . b R / the vertical expression of the formation.
i - - - - N N N R i ' Note the scalloped appearance of the
B i AR R R AT LA {55473, T 7 e O ' embankment on the left. This suggests
Fig. 4: Detail view of the feature in the ‘ R T R 1 AT 5 multiple episodes of erosion. It also has
alcove of the gully of interest. Contour' b 7, Vi g | N ’ : - athickapron with possible inverted
lines show the positive reliefof thelil~ §( s/~ | EESSEESETt Y vy A E . S Channels.
mound, as well as its situation within the g;. L7 A A ] - . - Image from HiRISE orthoimages
deepest and likely shaded part of the [} o R A P A = [ESP_027231_2340and
alcove. The mound is also being exca- | G R i ‘ ‘ ESP_019438_2340
A b A vated (black-and-white inset). There is a RS R | ‘
Fig. 2: Harrison global map of gullied landforms (Harrison et al, 2015, Icarus). The cra- ; el | : lack of channels on the surface of the
ters studied in this project are starred to highlight the scarcity and high latitude of the e y ) mound, suggesting subsurface volatile
the study areas. Ly e e e presence more recent than the incision

I I I |
240°E 270°E 300°E 330°E ° 2 2 i iz 150°E 180°E

Ve B Figure 7: Image of pits on the apron of a gully on the west
e gt 0 B b - that f?f med the alcove. // Loy __7: e side of the crater. An average diameter of the pits is about 50
While most gu llies are found in the mid-latitudes of N gl s GRS Contour image and hillsahde from DTM & , i T, R SN R T R R meters. These show the pits have an average depth of about

1.4 m. These pits resemble sublimation pits, the presence of

Mars, especially those in the southern hemisphere P T 3 F O g _ inset image from HIRISE orthoimage s 55 ’\ | - Bl vhich would suggest an original volatile content of the
. . . . S . DR - A : PSP 008141 2440} = L : “ apron has been lost.

(Fig. 2), this study concentrates on those in northern i = o e A

high latitudes. It is an entirely different environment e o M v W £SP_019438_2340

W at lower elevations with different rock types and

BT  processes shaping the landscape.

o
g. 1: ' f fi ' C f d
R R i rater NE ot Arcadia Dorsa
dal ins have been defined in bl
s wellas s CSL (centerstrearm lne) inred Crater 3: 60.20° N 236.27°E
This crater is our new site. It is 3.13 km in diameter with a unique

micro-environment likely due to differing insolation (Fig. 8). Its NW R |
Fig. 8a: Here, we see that while these gully

" ::,. X 4‘ ) | Ry ; L;. s ¥ 7 / :W'{ %2 ‘ 1 ;&:
Slo pe An a lySI S slope is devoid of gullies, although there are a series of lobate fea- channels are numerous, they do not forrm Pl LR L — Vb — -l* < d t
. . . . . . : e 5 AR .ol very or m r nin
tures pointing downslope, suggesting frost creep or gelifluction complex networks like QZ/ZTFZTJZ?IC%LCGST iy N lotof ce or more recent deposition. This
The slope of a gully can be indicative of the gully’s age as well as the process that formed the gully. Pre- (Fig. 8b). All other slopes, especially the NE and SW, contain gullies b o o (MR Mokes avery clearly-defined apron.
liminary results show that the Crater 1 gully has an alcove slope ~16° and apex slope ~11°, while the two with somewhat deeply incised channels. These gullies form lateral- A B e > :

Crater 2 gullies studied have higher alcove slopes (~30° and 27°) and apex slopes (20° and 20°). ly extensive tributary systems (Fig 8a) While most gullies in this

crater have poor--if any--aprons, there are several bright, discrete
| aprons on the N and E slopes (Fig. 8r). Gully alcoves form in the
heavily degraded, crenulated crater rim. :
Images from HIiRISE orthoimages ESP_027065_2405 and AT Hub
ES P_0265 64_2405_ Fig. 8b: Frost creep, in which material is |

heaved downhill from variations in soil tem-
perature and thaw, is visible as lobate forms |

1

Normalized Elevation

Elevation (m)

NE Tantalus Fossae

0.25 0.5 0.75 2,000 2,500 3,000

Normalized Downstream Distance Horizontal Distance (m) ‘ o n C lu s I o n

Fig. 9: Normalized gully center stream line profiles. Fig. 10: Gully center stream profiles placed corresponding to their respective elevation

Straighter profiles, such as N Lyot 2, have more dry with accurate center stream lengths. This is helpful in comparing gully environment We have mapped these gully systems and have delineated their drainage basin areas. Currently, we are analyzing their detailed morphologies, slopes, and morphometrics to

flow character, while more concave profiles such as N based on elevation as well as the length of the center stream lines. . . . . . . . . .

Lyot 1 are associated with fluidized flow. compare these systems with other Martian gully systems. Based on its channel morphology and the slope analysis, fluid flow is a likely emplacement mechanism for this gully.
The crater 2 gullies are more uncertain, and their origin may be more clearly determined using ENVI transects and volumetric analysis. Crater 3 results are forthcoming, as

Www.nasa.gov future work involves detailed analysis of volumes, drainage and slope for this site.
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