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Project Motivation and Goals

* A number of methods have been developed and evaluated over the
last decade for designing mobile in situ sensing of field quantities in
applications from acoustics to ocean sampling, among others.

* In the context of using UAS to sample quantities of interest in an
atmospheric spatiotemporal field, a sparse sampling situation arises.

* The goal of this effort was to enable quantitative comparisons of
candidate sparse dynamic sensor networks for planning the logistics
of atmospheric flight campaigns.

* The approach was to identify candidate strategies from the literature,
including characteristics and metrics, then evaluate the most
promising using CM1 simulations.
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Cloud Model 1 (CM1) Simulations

MAP

* Two simulations were available from
Houston and Keeler, ISARRA 2017 and
“The impact of sensor response and
airspeed on the representation of the
convective boundary layer and airmass
boundaries by small unmanned aircraft

systems,” accepted Journal of

Atmospheric and Oceanic Technology.

* Convective Boundary Layer (CBL)

Domain: 24 km x 24 km x 5 km

Insolation: Mid-day, April 15, 40°N

* Airmass Boundary
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Domain: 244 km x 5 km (2D x-z)

Insolation: Mid-day, April 15, 40°N

Initial cold block: -15 K
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Literature Review

* The identified literature included 45 papers from which applications,
methods, and metrics were summarized.

* Two classes of methods are widely used for the optimization

D. Paley; Frontiers of Engineering: Reports on Leading-Edge i
Engineering from the 2016 Symposium; 2016, Autonomy Under
Water: Ocean Sampling by Autonomous Underwater Vehicles SERREER:

* Covariance-based trajectory optimization (field estimation)__..

N.E.Leonard et al.; Proceedings of the IEEE Vol. 95, No. 1, January 2007,
2007; Collective Motion, Sensor Networks, and Ocean Sampling
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Covariance-based trajectory optimization

* Scalar field is a random variable in space and time, Quantity Q(ry, 7, t)
* P measurements @, at discrete points k

e Find an estimate Q (r, t) that has minimal least square uncertainty.
* Assume background covariance based on decorrelation scales of Q

2 2
_||r—r'|| _||t—t’||
e B(r,t,7',t'") = e o2 T2
e g and T are the decorrelation scales of Q

a posteriori Error Variance of Q around Q

P
A(r,t,r',t") =B(r, t,r',t") — z B(r,t, 1y, ty ) Coi" B(1y, t, 7, £)
e 1=1

IV’V
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Covariance-based trajectory optimization — minimal error variance

Optimization problem: minimize ®

P
¢ — # B(T', t,r,,t,) — z B(T', t, 1, tk)Ck_llB(T'l, L, 1, t) dr dt

k,l=1
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Spatial decorrelation

* As an example, a spatial decorrelation scale could be defined as the
distance along a rod from the heated end (Point A, left) to the point where
there is no correlation, i.e., no increase in temperature (Point B)
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(a) high thermal conductivity (b) low thermal conductivity
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Spatial decorrelation

* Estimate decorrelation scales from prior measurements or field knowledge

Example: decorrelation scale
determined from airmass
boundary simulation

* See related: Hemingway, Frazier, Elbing, Jacob, “Vertical Sampling Scales for
Atmospheric Boundary Layer Measurements from Small Unmanned Aircraft
Systems (sUAS), Atmosphere 2017, 8, 176; doi:10.3390/atmos8090176
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Implementation in Python

MAP

Number of integrals to be solved
increases with P?.

scipy integrate
matplotlib.pyplot plt

matplotlib.patches pat
time

used modules

Omitting integral dt decreases
calculation time by factor of 10.
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second integrand(r 1, r j, k, L, 1nv msrmt cov):
result = (np.exp(-(((r i-k[0])**2)
+ (r_j - k[1])**2)

¥ inv msrmt cov

* (np.exp(-(((L[O]

P
.[.[ z B(T', t’ rk' tk)Ck_llB(rlJ tll r, t) dT dt

k,l=1
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Parameterization of candidate flight paths — families of ellipses

* Reduce dimensionality of problem sampling ellipses
by a parameterization of Q, 1000 1 7
. c ere 750 4 frtr e
e Synchronous sampling (initially) 77 TN
. . . 500 - / \
* Ellipse parameterization - i/ 11\
E 250+ -z f// "Q:
* Center 2 s 4 \ N
= 0 1 :
* Semi-major and —minor axes 5 N \ // /
» Orientation — o \\h”\ T,
semi-minor axls vertex. 2001 \ - A /
;2 ,,.Jl I' focus_ Fl..\.‘_\’ e \ | /
center Ilnear eccentricity i d
—1000 A
S semimajor axis ~1000 750 -500 —250 0 250 500 750 1000

https://en.wikipedia.org/wiki/Ellipse#t/media/File:Ellipse-def0.svg x-coordinate [m]
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Discussion of results — cost map

* Create parameter space for

measurements Ellipse circumference [m] 6000
* Calculate cost map for ellipsis 5000
param eters _
sampling ellipses é‘ 400 4000
§ 600 3000
E E
g o E \\ 3
: NN H A4 2000
NN
. 1000
oooooo S —— 200 400 600 800 1000

-250 0 250 semi-minor axis [m]
x-coordinate [m]
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Discussion of results — case 1

MAP

e square domain, isotropic spatial
decorrelation gy;4p

normalized performance metric
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Centroid circle emerges as close to optimal.
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Discussion of results — case 2

e square domain, isotropic spatial -

. lized perf tri

d@COfTElatlon O_lOW normalized perrormance metric 0 oare
200 - 0.9970
0.9965

400
0.9960
00 0.9955
_— 0.9950

Coverage is worse than for ap;4p.
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Discussion of results — case 3

MAP

e square domain, anisotropic

. . Ohigh
spatial decorrelation —2= = 10
Olow

Strong anisotropic behavior also
flattens minimum.
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MAP
Discussion of results — case 4
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Discussion of results — case 5

e square domain, isotropic spatial
decorrelation, multiple ellipses 1000 -

* smallest circle has diameter 10m 750

Distributed point measurements
still provide good coverage.

normalized performance metric 500 A
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y-coordinate [m]

200
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x5

—750 4

provide better coverage than
singular big ellipse.
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Conclusion and Outlook

* A Covariance-based trajectory optimization approach originally developed
for undersea sampling gliders was adapted for atmospheric sampling UAS.

* Decorrelation scales available from prior measurements, simulation, or
field knowledge are needed.

* Flight trajectories are parameterized as families of ellipses in order to
guantitatively evaluate candidate flight networks.

e Cases of varying decorrelation isotropy, domain shape, and multiple-
versus-one UAS were compared demonstrating the potential of this
approach to determine logistics for optimal field estimation.

* Additional examples, adding temporal factors, examining flight data spatial
decorrelation scales will be considered in the follow-on effort in Fall 2018.



