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— |. Motivation and Objectives
Motivation: Most LIDARs are vulnerable to
position, poinfing errors, and propagation
effects leading to projection errors on target.
While fidelity of location/ pointing solutions can
be high, determinafion of uncertainty remains
limited. NASA’'s 2021 STV Incubation Study
Report lists vertical (horizontal, geolocation)
accuracy as an associated product parameter
for all (most) identified Science and Application
Knowledge Gops.
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Research Objectives:

* Develop gPCE method for topo-bathymetric
LIDAR Uncertainty Quantification (UQ) as an
alternative to Total Propagated Uncertainty
(TPU) & Monte Carlo (MC) UQ methods

* Quantify & compare performance of UQ
methods, in terms of computational cost &
model fidelity

 Investigate subaerial simulations as validation
to proceed with bathymetric simulation

ll. generalized Polynomial Chaos Expansion
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generalized Polynomial Chaos Expansion (gPCE) framework is analogous to a Fourier Series Expansion
« Truncated infinite series of coefficients & orthogonal basis functions (Karhunen-Loéve Expansion)
gPCE utilizes Askey basis functions (see table below, right)
* Minimized mean squared error and guaranteed to converge, for smooth functions with sufficient terms
The general gPCE procedure (see figure above):
» ICESat-2 Photon Bounce Point Geolocation Algorithm analog is used to generate solution samples, u(y;)
- Multivariate basis functions, ¥;.(y;). evaluated, and W¢ = u inverfed to solve for gPCE coefficients, ¢

« L2 Minimization (L2M, i.e., Ordinary Least Squares) used for inversion (see V. Future Work for details)

y Distribution of y | Askey Polynomial Support
Yo(y;) - Wp(yy) Co u(y,) Continuous Gaussian Hermite (—00, +00)
: : : ~ : Gamma Laguerre (0, +00)
Beta Jacobi ab
Yolyn) - ¥p(yn) cp u(yn) Uniform Legendre {a, b}
Nx(P+1) (P+1)x1 NX1 Discrete Poisson Charlier {0,1,--}
Measurement Matrix Coefficient Vec. Solution Samples Binomial Krawtchouk {0,1--- N}

W. Schoutens, 2000, D. Xiu and G. Karniadakis, 2002
Uncertainty Quantification:

* Inputs, y;, are intrinsically treated as stochastic by the gPCE method
* Modeled as y; = x + w, with deterministic component, x, and stochastic component, w
Novel part of approach is concurrent modelling of deterministic components

* Allows surrogate model to be applied on the point cloud level, rather than at each lidar point.

l1l. gPCE vs. TPU vs. Monte Carlo: Uncertainty Quantification (UQ) Method Comparison
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IV. Topographic LiDAR Simulation Results
» Topographic results are presented due to instability of L2ZM inversion (and anficipated increased instability with Bathymetric
« Stable bathymetric results expected with L1M inversion (see V. Future Work)

Simulation)

- gPCE Coefficients for Bounce Point Height B ) gPCE Coefficients for Bounce Point Height
(Color Indicates Coefficient p Value) i (Color Indicates Sum of Co-moment Orders Squored) R
(i.e. (I.m,n)-th Order Co-moment has strength 12 +m? +n?) i
Potential Coefficient Significance Cut-Off Point i
c - ¥
w0 | O 1
U T ,- .'l.‘ U T - .,'-:g.;:- E
1 L& % % I G &
q) q) q) q) it ‘; %... g.
1o Q@ £ o © : 1418 8]
¢ HARY
T = T C = i : ’E
ERS ‘% C i
10""*0 .C_D O .@ :-f 3;';
o & i bt
O O & ;
E E iy ﬁ
» gPCE found a valid expansion with a small number of coefficients  Relative impact of ignoring covariances (coskewnesses, etc.) terms ' :
» Only ~40 of 4850 terms have a significance >1ppm - -« Blue through yellow terms s 1071° could have a significant impact if ignored (as in TPU)
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.|+ Visualization of the gPCE Model Bounce Point Height, w.r.t. Pitch, Roll Pointing Angle
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» gPCE Enables High Fidelity Assessment of Parameter Input-Output Relationship
» Color indicates polynomial order of coefficients in a particular variable

Model Graph corresponds to a specific LIDAR bounce point in the mountains west of Boulder, CO, at ~40.0N, 105.4W. * Ording’re of figur§§ represents the relatfive strength (/X i) of each coefficient.
(NOTE: The authors recognize that Pitch, Yaw do not represent real ATLAS pointing angles; in the interest of model + Higher y-position indicates greater model significance

Variables used in this simulation are from ICESat-2 ATLO2, ATLO3 data, and span the Region 2 granule. Surrogate

simplicity, Pitch, Roll, Yaw, were varied as a substitute for real pointing data, with other pointing variables held fixed.)
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VI. Acknowledgements

V. Future Research

S N ~ Qol Uncertainty Other statistics |
l ( All three have I 2. Bounce (or Confidence IE:tpezcri:l“v: b .
[QOI Uncertainty] : several steps in : Point Location Inteval on Qol) et e ——
\ common. ] J
Differences are in computational time Per Point Cloud | Per Point »
* TPU, MC: costly steps executed once per data point/group of points (with = inputs) B e T e 11 e 11 el IR0 31 ot e LY Lo Rt L A Fﬁ‘:;'i:‘r";;iy
« gPCE: costs incurred once per point cloud (atf the granule/large data segment Cost Cost
level); Minimal computation for each point Representation of
gPCE finds high fidelity UQ models aPCE High,‘but StOC_héstic Variables,
- Cross-variable sensitivity not fruncated (as a result, sensitivity studies are built-in) Feasible in‘}tfna' Output
« TPU often ignores/truncates these terms aHSHes
Computational cost/time lies between that of TPU and MC TPU Low -
* (MC is prohibitively expensive for similar model per point accuracy) _ e _
gPCE generates a joint-function/model for all input variables ﬁgﬁl\flcﬂ), th'_"?;vely Er(w[s?:remebrl](ejzg) Efopcr:;’:t?;‘i’;;ir;gres

« Additional statistics of interest can be found with little extra computational cost
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10" LTM produced more sparse solution
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