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why it’s hard

— physical hazards

— lack of natural
resources

— human factors

— $$$
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Ground Penetrating Radar (GPR):
Basic Components

Pulse Timing
Unit
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Transmitter Receiver
Electronics Electronics

— Display

— External Data
Storage
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antenna antenna opertor v
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(T) Transmission: propagation
without attenuation

(A) Attenuation: decay in signal
amplitude

(F1) Reflection: change in signal
direction at interface

(Fr) Refraction: change in signal
direction and speed
at interface

(D) Diffraction: spreading and in-
terference of waves at discontinuity

Ground Penetrating Radar:
Wave Transformations




Antennas

antenna radiation patterns




GPR for Glaciers




— 70 kg + GPR

— differential drive, articulating
chassis

— untethered, 9 battery bay (48VDC)

- — 3 to 6 hour range, 7 km

— radio link, GPS (Novatel)

— waypoint following using
principal integral control




~
15
O
=
g
o]
75}
~
=
N
o
O
o

direction of travel

Radargrams

>

<

300

distance (scans)

~30 meters
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Crevasse Radargram Features
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Machine Learning

Computational models perform:
1. Learning

2. Inference

3. Prediction

Comprised of:

1. Training examples
2. Model/mapping
3. Testing examples

To evaluate learning:
1. Build model
2. Test

3. Calculate error, adapt




Support Vector Machines

class 1

class -1

1 4
arg min —w w

w,b

subject to ¥ (w'x' +b) > 1

[Cortes 1995]




Support Vector Machines

successful classification depends on:
— mathematical separability of example data
— note there are technically three “classes” of scans: void,
diffractions, and firn

— soft margin for non-separability

— evenly distributed training data

— number of training examples

[Cortes 1995]




Processing




GPR Processing: Literature

— texture mapping [Torrione 2007]

— down sampling [van Kempen 1999], [Hsu 2002]

— image inversion™® [wilson 2007]

— feature-based (wavelets, fuzzy sets) [Cassidy 2009]

— adaptive algorithms (kalman filter, contrast stretch™) [Torrione 2006]
— edge histogram detection™ [Torrione 2007]

— spectral analysis™ [wilson 2007]

, ¥ requires entire radargram




Processing

“down-sampled” radargram
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raw radargram

depth (samples)

distance (scans) distance (scans)

etue feature codig adapted from [Torrione 200]






each block: one crevasse

example x'

each array: one “leave-
out” iteration

total iterations = number
of crevasse examples

Model Validation:
Leave-one-out Cross Validation (LOOCYV)

gray block: testing example
rest of blocks: training examples,
concatenated

LOOCYV approximates the generalization
error when averaged OR

how the model will perform on an inde-
pendent test data set




“Down Sampled” Training Set
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Results:
Texture Feature Number SVM

Texture Feature Number (TFN) Cross Validation Results

s Predicted Class

180 200

texture feature number (TFN)

2

wemn Predicted Class




Results:
SVM Probability Extimates

Texture Feature Number (TFN) Cross Validation Probability Estimates

scan number (~ 6 meters)

N
>

> | depth (~12.5 meters)

texture feature number (TFN)



Next Steps
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Shallow Strike Angle

crevasse

>

dir. of travel




Strike Angle
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near-perpendicular (wide) strike angle

near-parallel (shallow) strike angle




Rosettes

_>‘ I'ObOt Path [Trautmann, 2011]
— — - strike angle w.r.t. reference
——> crevasse angle = reference

question: will crevasse spacing interfere?




Strike Angle: 0 degrees (estimated)

crevasse-free start parallel: estimated end parallel: crevasse-free
firn s11720 signature: $13240 firn
s12371

200 m



Strike Angle: 30 degrees (estimated)
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[Rabiner 1989]

Hidden Markov Models for
Strike Angle

B — siate trarsition probabilities
b — output probaebilities

[ ]— observations

()— states
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