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NSF LiDAR data




Airborne LiDAR System: Overview
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Approaches to Range Extraction
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Figure 1.05: Multiple lidar returns can be generated from a single emitted pulse. Depending on the Figure 1.07: In a waveform lidar, the entire return pulse is digitized and recorded. In a discrete multiple-
detection capabilities of the lidar sensor, two or more of these returns may be recorded as data points. return lidar, only the peaks would be recorded.
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Time-of-Flight Imaging
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Computer Aided Medical Procedures | Technische Universitédt Minchen

Principles of ToF Imaging

Pulsed Modulation

+ Measure distance to a 3D object by measuring the absolute time a light pulse
needs to travel from a source into the 3D scene and back, after reflection

»  Speed of light is constant and known _c = 3-10%m/s
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Full-waveform Range Extraction
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Figure 1.07: In a waveform lidar, the entire return pulse is digitized and recorded. In a discrete multiple-
return lidar, only the peaks would be recorded.
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» Gaussian Decomposition
Hofton et al. 2000, Persson et al. 2005, ...

» Expectation-Maximization Deconvolution
Parrish et al 2007, Figueiredo and Nowak 2003

» Wiener Deconvolution and Decomposition
Jutzi and Silla 2006

» Other methods
Matched filtering
B-Splines Approach
Roncat et al. 2010
Average Square Difference Function
Wagner et al 2007



Gaussian Decomposition




Each LiDAR waveform is a linear combination of
Gaussian components.

Figure 2 Gaussian decomposition of the LMS-Q560 waveform showing the recorded waveform
(points), the Gaussian functions for all four detected echoes (broken lines), and the overall fitted
maodel (solid line). The model parameters of the individual echo pulses are given in table 2.

N
20 Echo 2 ~ 1 2
\ Echo3 y(t) — alexp — _2 (t = Ml)
= Echo 1 . 20_[
8 i=1
a; = amplitude of ith component
o o; = width of ith component
U; = position of ith component
riha 0 455 5 457 0 458 5 4600 461 5 830

Range R (m)

Sources: References 4 and 5



Functional Diagram of Gaussian Decomposition

. Fla
wave quothing Non-negative Impor%ant
form Filter Least Squares Returns

Add
Gaussian

Levenberg
Marquardt

Hofton: Reference 3 and 4




Expectation Maximization

Deconvolution




Given input y[n] which is the received full waveform:

y[nl = hln] * x[n] + n[n]
where
x[n] is the full waveform representation of scene
h[n] is system impulse response (optics, electronics, atmosphere)
n[n] is white Gaussian noise

estimate via deconvolution

x|n]

which is the signal of interest.



Expectation Maximization (1/5)
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EM and Full-waveform (2/5)
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Figure 1.07: In a waveform lidar, the entire return pulse is digitized and recorded. In a discrete multiple-
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return lidar, only the peaks would be recorded.

Figure 7.7 Mixture of Gaussians as
a marginalization. The mixture of
Gaussians can also be thought of in
terms of a joint distribution Pr(z,h)
between the observed variable x and
a discrete hidden variable h. To cre-
ate the mixture density we marginal-
ize over h. The hidden variable has
a straightforward interpretation: it is
the index of the constituent normal
distribution.

SOURCE: ASPRS




I
6 = argmax z log l] Pr(x;, h;|0) dh;
6 :
i=1
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Set a lower bound to the above log likelihood{, A,\:%IS follows:

: Pr(xi,h,;|9) :
E q;(hi)log j dh;| < E log jPr(xi,hiw) dh;
o q;(h;) -

- ~



Set q; (h;) with hidden parameters h; as follows

Pr(x;|hy, 61)) Pr(n;|61th
Pr(x;)

E-step: . qi(h) = P(hylx;, 0') =

and maximize for @ as follows

\lx I

M-step: gle+1] = argmaxz q;(h))log l] Pr(x;, hy|01Y) dh;
o 4
1=1



E step: 20[n] = 2O[n] + hn] * (y[n] — h[n] » 2O [n])
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M step: t+D[n] =

£(®[n] is estimate of signal at nth iteration
2®[n] is estimate of missing data



Wiener

Deconvolution and Decomposition




Given input y[n] which is the received full waveform:

yln] = hln] * x[n] + n[n]
and
x[n] is the full waveform representation of scene
h[n] is system response (optics, electronics, atmosphere)
n[n] is white Gaussian noise
estimate via deconvolution

x|n]

which is the signal of interest



Wiener Deconvolution

y[n] = hln] * x[n]
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Decomposition
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Sensor Coordinates to

Georeferenced Coordinates

<LAT,LON,ALT>ygss,




<lat, lon, height>

NSF LiDAR data




<lat, lon, height>
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Quadcopter and Geometry

M = Local Level Map
Coordinates
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Object in LiIDAR Sensor Coordinates

GPS @

LiDAR Mapping Equation

_ M INS_
rom=Tmnvsm + RMns(R™NSE - 1 + by 1ys)




Sensor: Spherical to Cartesian

X =71sinf cos @
® y =rsinfsing
z=r1cosf

r, = (r, 01 ‘P)L = (x; Yy, Z)L

Source: Velodie Inc.
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Object in LiIDAR Sensor Coordinates

GPS @

LiDAR Mapping Equation
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Local Level (Map) and ECEF
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Local Level (Map) to ECEF
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Diagram: Wang, Huynh, Williamson
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ECEF to Geodetic (Lat, Lon, Alt)

LLA
f ECEF(ro,ECEF , Datum)

T =
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Diagram: Wang, Huynh, Williamson




LiIDAR data: Georeferenced

<34.5 N, 115W, 245 m>




LiDAR Range Extraction and Georeferencing

O

» Utilizes Estimation and Detection theory
o Methods of optimal detection

» Wonderful application of
o Statistics, probability, and linear algebra

» Involves Geodesy
o Mappings between world referenced coordinate systems
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