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Remote Sensing
Imagery from satellite and airborne sensors

“The vast majority of our current knowledge on the geology of solar system
objects has been derived from remote sensing measurements.” [Bell et al. 2001]

Earth Science Applications:
» Global climate change monitoring
» Natural resource management
» Assessment of natural hazards

| » Disaster recovery efforts

Planetary Science Applications:
» Analysis of geologic processes
» Finding conditions hospitable to life
(e.g., liquid water)

N y A 8 Identifying materials from imagery
Figure: Univ. Valencia, IPL crucial to all of these applications
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Hyperspectral Imagery

Atmosphere

Captured in hundreds of bands in the visible
& near-infrared portion of the
electromagnetic spectrum

400 800 1200 1600 2000 2400
Wavelength (nm)
Soil

Pixels (“spectra”) capture detailed
material characteristics

400 800 1200 1600 2000 2400
Wavelength {mm)

Each image contains millions
of high-dimensional pixels

Modern missions produce
Terabyte-sized datasets

400 8OO 1200 1600 2000 2400
Wavelength {(nm)

Automated methods necessary
to summarize material content iqure: [Plaza 2004 h
and flag interesting observations R i i

Refleclance
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Thesis Objective and Contributions

Objective: develop adaptive, task-specific similarity
measures for automatic material identification in remotely-
sensed hyperspectral imagery

Contributions:
» Material identification with library-based spectral matching
» Intra-domain material identification
» Hybrid-LDA: method to combine several similarity measures
» Evaluation of Mahalanobis metric learning techniques
» Inter-domain material identification
» New framework for supervised/unsupervised domain adaptation
» Comparisons to multitask learning/manifold alignment methods
» Demonstrated results in practical, real-world classification settings
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Material Identification as Multiclass Classification

Source domain (D)

Target domain (D)
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Intra-domain Material Identification

Source and target spectra captured under identical
conditions = D°=DT

good source classifier = good target predictions
1

2

Target Test Error |

Source Train Error -

tréining data — oo

Figure: Blitzer, DANLP ‘10
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Material Identification Fundamentals
Absorption Features and Continua
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Figure modified after: [Clark 90]
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Library-based Spectral Matching
Cl vs. CR Distances

Distance between CI spectra Distance between CR spectra
dCI(Xiaxj) — dCR(X’i?Xj) —
X, X CR(x;) CR(x;)
=il x4 ICR(x:)[|  [|CR(x;)]]

ine = ¢: C (Tennis Court) Tt = c: E (Rooftop)

--== 1{: Gv Epiphyte Lichen ) --== | : Roof Comp Shingle Dark Tan New
e === 1{: Gv Epiphyte Lichen 1200 -== 15 : Roof Comp Shingle Dark Tan New
I : Gv Epiphyte Lichen I : Roof Comp Shingle Dark Tan New

e P

_______
-

Y

" |Poorly captures
spectral shape

Blue line=target signature, dashed lines=best matchng source signatures

CI Normalized Reflectance
CI Normalized Reflectance
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Spectral Representation
Continuum-Intact vs. Continuum Removed

Solution: measure Cl shape and CR absorption features

dCICR(Xi7Xj7 04) — (1 o a)dCI(X’iv Xj) + adCR(X??7Xj)

e ¢: C (Tennis Court) o= ¢: C (Tennis Court)

1400
d(_ '1 ~== I : Gv Epiphyte Lichen == [ : Roof Wood Shingle
1200 === I : Gv Epiphyte Lichen === [ : Roof Comp Shingle Gray Old
I : Gv Epiphyte Lichen I} : Roof Wood Shingle Old

(-”\—'

ClI Normalized Rgﬂectunce

1400 = «: E (Rooftop) == ¢: E (Rooftop)
= 1{ : Roof Comp Shingle Dark Tan New === 1! : Roof Wood Shingle
1200 === 1;: Roof Comp Shingle Dark Tan New === I : Roof Wood Shingle
I; : Roof Comp Shingle Dark Tan New I : Roof Wood Shingle Old

~

CI Normalized Reflectance

B. Bue: Adaptive Similarity Measures

Tuesday, April 16, 2013



Hybrid-Linear Discriminant Analysis (LDA)

Example: Adaptive CICR

[Bue and Merényi, IEEE GRSL 2012]

Goal: Learn scalar vveight parameter o from labeled data

dCICR Xza Xj,

ﬁ/ CI spectra /L'

Ck)dCI (Xi, Xj) —+ OédCR(XZ', Xj)

LDA objective: calculate

Coninum removal | OrOjeCtion matrix W* maximizing

Between-class separation

o0
=
n
n
o)
O
o
3, CR spectra
S
a¥ v v
L2 normalization L2 normalization

W™ = argmax

|WT§43W|
'WT My, W]

/ W

Measure d;, dg

between-/within-class
separation

v

LDA

Normed CIl Normed CR
spectra spectra

Select w=[w;, W]
maximizing LDA objective

L
/ [1-a,0] = w/|[w]|, /

Within-class scatter
[Fisher, 1936]

Solution: [1-a, o] = w/[[w]|,
= largest eigenvector
of M‘;}MB

10
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Hybrid-LDA
Within and Between Class Separation

For distance measures di(xi, x;) and dz(xi, X;):
| K
[MW]LZ — [MW]2,1: N Z Z dl(Xz'aHj)dQ(Xiaﬂj)
j=1iyi=j
= d1 VS. do compactness

K
1 _ _
[MB]LQ — [MB]QJ — N Zdel(”j7“)d2(”j7“)

j=1
= d; VS. d> separability

K = # classes, N = # samples, N, = # samples in j class,
1 = 7" class mean, @ = mean(u,)

11
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Evaluation on Ocean City AVIRIS Image
Minor/Major/Combined Absorption Scenarios

AVIRIS nyperspectral image, 158 spectral bands

Minor Absorption Scenario:

» / classes of flat spectra
with few albsorptions

» CR representation

i uninformative (a—0)

—
—
lE I E = = = = = =N

Major Absorption Scenario:
\» 7 classes with several
deep absorptions
» CR representation
discriminative (o—1)

Combined Scenario:
» All Major+Minor classes

» OMinor = OlCombined = OMajor

Wavelength (pm)

12
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Evaluation on Ocean City AVIRIS Image
LDA vs. Line Search &

; T cl accuracy
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Curves: average (black) and per-class (colored) accuracy using CICR
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Adaptive Sobolev Metric

Spectral signatures are functional data: REFLECTANCEL(M)

= High correlation between (b: band, A: wavelength)
adjacent spectral bands T 5 S

= Exploit functional of Ao N
characteristics to improve ‘
classification accuracy

Approach: classify using

Sobolev metric with Hybrid-LDA “°F , |

weights a, T R VE

2. 0
WAVELENGTH <(umd

p .
[ Figure modified after: [Clark 90]
dSoboleV(Xz'axj) — E Moy d()(Xz'an)

I=0
- dW(x;,x;) = HX,EZ) — Xy) I, ) = It derivative of x,
-7 = 1/stddev(d")

REFLECTANCE

14
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Adaptive Sobolev Metric
Accuracy vs. Per-derivate Correlation

1

O
©
o

=d® (Euclidean)
= dsobolev (k=1) H5.8% improvement for k=1

= dsobolev (k=2) | § No improvement for k> 1
® dsoboley (KIS)

(k= # derivatives)

Accuracy
@)
O

0.85 -

Minor Major Combined
Minor Major Combined

do  4® 4@  J6) d0  4® 4@  J6)

Only d(© substantially Distances must capture complementary
uncorrelated with other d(® (i.e., uncorrelated) notions of similarity!

15
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Feature-weighted (Mahalanobis) Metric Learning

Goal: Learn task-specific Mahalanobis metric
dm(xi, x5) = (xi — x5)" M (xi — x;)
= dgruc(Alx;, Alx;),
M = AAT = nx n positive semidefinite matrix
A = n X rmatrix

/ d-Euc Xza X]) dM (Xzﬂ XJ) \

T
:)<:Z - :><a7 JK:Z - :)<i7 ]}\(l: - :)(&7

. (———‘ Unit Circle |——>
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Feature-weighted Metric Learning
Multiclass LDA for Mahalanobis Metric Learning

Feature-weighted, multiclass LDA

WIMpW|
AT \ B
M=AA", A = argmax{ WM, W]
where | K
Mp = % Z(uj — 1) (Nj — M)T (between-class separation)
71=1
K
1
ﬁ Z Z )(Xz — uj)T(within-class scatter)
1=1vyi=y
Regularization:

Mw = (1-y)I + yMw. v € [0,1], I = identity matrix
A = top K-1 eigenvectors of (M )1Mp

B. Bue: Adaptive Similarity Measures
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Feature-weighted Metric Learning
So...why LDA?

» Closed form solution = FAST
» Performs particularly well for low-rank Mahalanobis metric learning

» Often more accurate with
low-rank metrics than...

Low-rank Mahalanobis metric learning:
AeR" st r<<n

» Discriminative Components Analysis
(DCA, Hoi et al. 2006)

» Information Theoretic Metric Learning
(ITML, Davis et al. 2007)

» Large-Margin Nearest Neighbor
(LMNN, Weinberger et al. 2000)

» Local Fisher Discriminant Analysis » Dimensionality reduction

(LFDA, Sugiyama 2007) » Visualization (e.g., =2 or r=3)
» Maximally-Collapsing Metric Learning |, Hybrid-LDA
(MCML, Globerson et al. 2006)

» Neighborhood Components Analysis (NCA, Globerson et al. 2005)

Applications:

18
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Feature-weighted Metric Learning
Ocean City Image Results (n — 158, » = K-1)

Minor
CR

03 A e h I T T W
“ HHl HEN
01"
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\
W \
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L
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.................
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1.5

| Wavelength (1im)

| EUC|

20

1.0

Wavelengfh (pm)
LDA| LFDA| DCA| ITML| NCA|LMNN|MCML| Mean

1.5

Minor (mean)
(std. dev.)

94.6630
1.5033

95.7437
0.8797

94.9773
1.7054

95.0654
0.9147

95.1356
1.1968

91.7682
2.0639

95.6077
1.1710

95.7895
1.3797

94.8438
1.3518

Major (mean)
(std. dev.)

98.9563
0.6659

99.0247
0.6980

99.5011
0.1782

98.7627
0.7308

99.53596
0.4975

97.8212
0.5267

98.6416
0.6737

99.0467
0.7047

98.8642
0.5844

Combined (mean)

(std. dev.)

97.2308
0.2166

974018
0.2945

96.7522
0.4008

94.6506
0.4513

97.1351
0.0952

94.9593
0.4230

96.9959
0.3406

97.3190
0.4147

96.5557
0.3921

Overall (mean)

(std. dev.)

96.9500
0.7953

97.3901
0.6241

97.0102
0.7615

96.1596
0.6989

97.2101
0.7632

94.8496
1.0045

97.0817
0.7284

97.5852
0.8330

96.7546
0.7761

KNN (k=3) accuracy averaged over training sets of {25,50,100,150,250} samples / class
for rank = K-1 Mahalanobis matrices (red=best, blue=second best)
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Feature-weighted Metric Learning
CRISM Imagery Results (n =231, » = K-1)

3el2 3tb9

863e

— femgsmectite (18994)
— kaolinite (4721)

0.075¢

8 0.07} — nontronite (15908)
ch —— montmorillionite (10994)
E 0,065, — dark (209270)
é_% 0.06} ;
- —— phyllosilicate (1340)
ch 0.055} —— magnesite (6493) _gﬁ;?::?:iéiizfﬂ
C}; — olivine (190537) — Kaolinite (1679)
0.05) — phyllosilicate (31655) —— phyl./kaol. mix (212)
1.07 145 183 2.20 258 1.07 145 183 2.20 258 1.07 145 183 2.20 258
Wavelength (pm) Wavelength (jum) Wavelength (jum)
EUC| LDA|LFDA| DCA| ITML| NCA | LMNN MCML| Mean
3el2 (mean)|98.3581|98.6337|98.4915| 99.0591| 98.5892| 98.2425| 98.6089 | 98.8357|98.5996
(std. dev.)| 1.3917| 1.6557| 1.5803| 1.1578| 1.5929| 1.2057| 1.2634| 1.3729| 1.4026
3fb9 (mean)|88.1268| 92.0010|88.6068 | 88.0427| 90.5458| 90.3243 | 90.2225| 89.7439/89.7017
(std. dev.)| 1.2670| 1.6550| 1.4933| 0.5077| 1.0319| 2.0527| 0.9556| 1.3094| 1.2841
863e (mean)|97.1800| 97.5700|96.7900 | 96.1567 | 97.2100| 95.5667| 97.3000| 97.3900 || 97.2454
(std. dev.)| 1.0842| 0.8344| 1.4661| 1.6358| 1.2115| 0.4997| 1.1785| 1.1361| 1.1308
Overall (mean) 94.5550| 96.0682|94.6294 | 94.4128 | 95.4483 | 95.6445| 95.3771| 95.3225/95.1822
(std. dev.) 1.2476| 1.3817| 1.5132| 1.1004| 1.2788| 1.2527| 1.1325| 1.2728| 1.2725

KNN (k=3) accuracy averaged over training sets of {25,50,100,150,250} samples / class
for rank = K-1 Mahalanobis matrices (red=best, blue=second best)
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Feature-weighted Metric Learning
Computation Time / Fold

Ocean City: Combined Scenario

9000

8000

7000
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5000

4000
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2000
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CPU Time (Sec/Fold)

0
EUC

LDA-based /
Algorithms

LDA

Samples/class

B> S0 [ /100 B 150 M 250

LFDA DCA [ |ITML NCA LMNN MCML

Algorithm R Gradient-descent
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Feature-weighted Metric Learning
Application: Superpixel Segmentation

[Bue and Thompson, WHISPERS 2010]

Goal: segment image into groups of spatially contiguous spectra (superpixels)

representing similar materials (via the Felzenszwalb segmentation algorithm)
[Felzenszwalb 2004]

* Reduces processing time of subsequent analyses
* Noise reduction of order n” for an n-pixel superpixel

D ' 4
. ‘ ‘
_ 8" e
p «4 s ‘t\:..;) N .r-;“t(
e = A K
CRISM FRT0003e12
Example Pixel Fine Superpixel Coarse Superpixel

More accurate similarity measure => more pure* superpixels

*pure = constituent spectra represent the same material(s) 50

B. Bue: Adaptive Similarity Measures
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Segmentation Results
CRISM Image 863e: Euclidean vs. LDA vs. ITML

| Class (# plxels)

EUC

'%ﬁ, ]_n

FeMg Smectite (6443)
Kaolinite (4051)

Nontronite (4753)
Neutral Region (115225)

B |

>
t
i
-
al
% Montmorillonite (10901)
o,
i
Q
o,
=
09

Average (%)

‘ 145 S

Segments follow

class boundaries

red lines= segment boundarles | colored reglons class ROIs | white regions=unlabeled pixels [
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Inter-domain Material Identification

Source and target spectra captured under similar
(but not identical) conditions = D> = DT
good source classifier =» good target predictions

Source Test Error

Target Test Error

Source Train Error

\

traiﬂing da,ta —> (X))  Figure: Blitzer, DANLP ‘10

24
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Inter-domain Material Identification

Do not always have representative samples to classify target materials
=> can we train a classifier using samples from similar imagery?

Cuprite Mining District, Cuprite NV

. 2011: “Hyp11” J;,,

AVIRIS, Jun. 1997: “Av97” — Hyperion, Feb

7 w B
B e e e SEON PR Y "#4 -
- -\ ; NG e - o LS
o 4 " 2 #
e 7"—:!': Fa =
e LN - g .
o - e f:: ‘If *_:"“(
-t
2
o o y
fE
¥

Class (# Samples)
1. Calcite (1076) -
2. Jarosite + Alunite (55) f s T
3. Alunite (336) : -
4. Kaolinite (382)
5. Muscovite (425)

0.25¢
(O]
O
C 0.2t
©
- .
(@)
A
e
oy 0.15
oc
01 | | 1 J L ! 1 J
2.1029 2.1685 2.2341 2.2996 2.3652 921029 2.1685 2.2341 2.2996 2.3652

Wavelength (um) Wavelength (um)

Spectra reflect their

capture conditions

- atmosphere

- seasonal effects

- sensor resolution
(spatial + spectral)

- viewing geometry

= Classifier trained
with AvO7 spectra
will not generalize to
Hyp11 spectra
(and vice-versa)
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Domain Adaptation Problems
Supervised vs. Unsupervised

Domain Adaptation: improve source to target generalization by
reconciling domain-specific differences

Source Domain Target Domain
Feature Space Feature Space

@® Unlabeled Sample
i Labeled Sample

Two contexts:
l. Supervised: small amount* of labeled target data available
Il. Unsupervised: no labeled target data available

Related topics: multitask/transfer learning, manifold alignment

*small amount=insufficient to train a target domain classifier 26
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Domain Adaptation
Separability and Interclass Distances

Hypll

2.2341 2.2996 2.3652

0061 ) Calcite (1076) - ° ooty o
Jarosite + Alunite (55) .8 ° 08%°°§§@£ &
0.04 I o L e o
O Alunite (336) ® o3,
002l O Kaolinite (382) I o g .
O Muscovite (425) i o
1 005 0 0.05 01 015 0.1 Z0.05 0 0.05 0.1 0.15
LDA, LDA,

Above: class means and first two dimensions of LDA-projected Av97, Hyp11 samples

{¢ Classes better separated in Av97 image than in Hyp11 image
=) Relative distances between classes similar in each images

B. Bue: Adaptive Similarity Measures

27

Tuesday, April 16, 2013

27



Multiclass Domain Adaptation ..., wiseers 2010, 20113
Relational Class Knowledge Transfer (RelTrans)

1. Select () paired pivot Target Domain
samples {P*, P} Al

0.12 0.12 !
u,ua/"“f"" ¥ mm/’_\ -
004 0.04

000

Pivot Selection

Supervised:

= Match labeled samples to define
PSand P’ (e.g., samples near
class means)

CLd 4
2
b
a,
b S ad
LT
'3

1
o
>

~F
e
.
E

o
t
il
&
e
-

4 f ~ o - f“ N Unsupervised:
e S iy < g 2 = Select P’ that reflect inter-class
— ps pr —— structure of PS
Input: NS labeled source Input: N* unlabeled target
spectra (X°, Y?) spectra X7
“ " ™1 12. Apply relational transform | /
.. asphalf Output: Target
predictions YT
T
=, asphalf
. f\
.04 N
3. Train classifier in relational space L SLASS
=
s sy Y Ty _ T §
[{(riayi)}izl %f(r )_y ]‘ """" J\\;rge

28
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Relational (“R-space”) Transformation

For sample x? and pivot set PP from domain D € {5, T},
map x? from R"—»RY according to

D D d XD, D
D i1 d(x?, P, ) D i1 d(x?, P, )
where
d(x?, p?) = ||x? - pP||2’

Q = Zé(:l Qr

Qi = # of pivots for class &

-~ ["h entry of R(x”, p”) = likelihood of distinguishing x”
and p7’ from other pivots P

"xP = xP/||xPl]2 = d(xP, pP) = angle between x” and p” 29

B. Bue: Adaptive Similarity Measures
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Relational (“R-space”) Transformation
Example (K—=3, Qr—1)

Source Pivots Target Pivots R-Transform
S S .S S T (. T T _T D ..D d(xP. pD
P :{p17p27p3} P _{pl,pQ,pg} R(XD,PD)—< g(X 7P1>D L Q( pQ)D
0.16 g 0.16 T /=1 d(XD7 pg ) /=1 d(XDJ pe )
0.12 pl 0.12 pl
Source Spectrum
0.08/" — m o.os// -/ .
OVOO asphalt OYOO
. 047 0,95 1.43 1.91 2.39 . 047 0,95 1.43 1.91 2.39 V .
r \
ol S ’ x° (grass) -
é{) 0.12 /f\/\ P> 0.12 /\ P2 ) 143 1 pg,
'fg 0.08 )8 \/\
o | /\ Target Spectrum
E oos /Jf VN | [oos AN
m 0.00 graSS 0.00
0.16 0.16 T -
_ p§ _ P3
0.12 0.12 T
x" (grass) | A
pos S v BASN \ Pl P; Pj
tree Domain-specific - Common
'(147 0,95 143 1.91 2.39 .04':' 0,95 143 1.91 2.39 Feature Space Feature Space 30
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Supervised Domain Adaptation
MinDist vs. MinDist in the R-space

Synthetic hyperspectral (HYDICE, 210 bands)
=> Synthetic multispectral (MASTER, 12 bands)

Target

Source

MinDist R-space MinDist
Source=>Target| Source=>Target
K5=KT 86% 99%
KS5<KT
(+outlier [ 58 (86)% 66 (97)%
detection)

Synthetic hyperspectral (

=
£ o010

o

=

2 oo T W
o

N 0.06

:

5 0.04

0.02

210 bands) =>

Real hyperspectral (AVIRIS, 224 bands)

G: Roadway Surfaces, Asphalt, Old, Gray

C: Tennis Court, Playing Surface, Green

f: Wood, Stained, Red, Old, Weathered

DIRSIG;; = AVIRIS

R

U: Single, Asphalt, Brown and Red Blend, Fair

DIRSIG;; = AVIRIS

DIRSIG;; = AVIRIS

ST

L: Grass, Brown and Green w/ Dirt

DIRSIG;; == AVIRIS

o~

W

pd

T: Gravel Roof Gray

DIRSIG;; ~—— AVIRIS

0.63 0.85 1.07 1.30 1.52 1.74 1.96 2.18

DIRSIG;, = AVIRIS

P

063 085 1.07 130 152 174 196 218

Above: class means of pivots from DIRSIG (7~) and
Ocean City AVIRIS (PT) images

MinDist R-space MinDist
Source=>Target| Source=>Target
K5=KT 45% 2%
KS5<KT
(+outlier [ 26 (31)% 43 (74)%
detection)
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Supervised Domain Adaptation
Radiance to Reflectance Classification

Remotely-sensed spectra contaminated by atmospheric particles

Atmospheric Calibration: converts contaminated at-sensor radiance
(RAD) measurements to surface reflectance (RFL)

Two Approaches:

|. Atmospheric modeling (i.e., radiative transfer) Empirical Line Method (ELM)
» Problem: computationally expensive B oldemensured
|I. Linear approximation (ELM): regression using bright target @
fleld-measured reflectance spectra
RADL(MN)=ApRFLy(MN)+ By :,<:
b: band A
A: wavelength < ® Ficld-measured
. e dark target
Ay: gain at band b /
Byp: offset at band b C S ~p,
» Simple model, often yields comparable/ RFLo (V)
better results than radiative transfer methods F[Lgafﬁznﬂoﬁigfdégiﬂ:
» Problem: field spectra may not be available

B. Bue: Adaptive Similarity Measures

32

Tuesday, April 16, 2013

32



Supervised Domain Adaptation
Radiance to Reflectance Classification

Goal: classify reflectance spectra
using radiance spectra as training
data (RAD2RFL) and vice-versa

(RFL2RAD)

» Evaluate R-space accuracy with
different classifiers

» Compare to multi-task learning
techniques

Data: Synthetic HYDICE spectra,

10 classes, 200 samples/class (right) 0.00s

Tree, Silver Maple, Leaf

Tree, Black Oak, Leaf

Grass, Green, Healthy

Grass, Brown and Green with Dirt

Tennis Court, Playing Surface, Red

Rooftop, Gravel, Gray

Siding, Brick, Mix Brown, Fair

Shingle, Asphalt, Mix Brown, Good

Wood, Stained, Red, 0ld, Weathered

Asphalt, Black, New

Intra-domain accuracies:
» RAD = 100.0%, RFL = 99.4%

Class Means (radiance units)

0.0033

0.17_/_:_"J\_" _________ 0-096

RAD

0.1

0.034
0.1

0.038

00053F--------—-=-=S==== 0.038
0.18 0.089
0.041

e o
00076F - - - - - - — - - = ——===—= 0.047
0.13N ________ 0.091
0014Fr----------——-—"—== 0.04
0.16 0.085
0.0052 0.046
0.12 0.091
0.01 0.045
0.13 0.087
0.0072e === - o m o — — 0.047
0.4074 0.8737 1.3399 1.8062 2.2724 0.4

Wavelength (um)
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RFL

Class Means (reflectance units)

| | | J
074 0.8737 1.3399 1.8062 2.2724
Wavelength (um)
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Supervised Domain Adaptation
R-space Classification with Different Classifiers

RAD2RFL RFL2RAD  Overall Mindist: Minirum
Mean Std |Mean Std |Mean Std distance to class means
Mindist |[Orig [0.1123 0.0087]0.1123 0.0008]0.1123 0.0048| GLVQ: Generalized
RT | 0.8904 0.0058]0.8634 0.0139]0.8769 0.0099| | earning Vector
GLVQ |Orig |0.1123 0.0000]0.1123 0.00000.1123 0.0000| Quantization
RT |0.8798 0.0174]0.8575 0.02960.8687 0.0235| GRLVQ: Generalized
GRLVQ |Orig [0.1123 0.0000|0.1123 0.0000|0.1123 0.0000| Relevance Learning
RT |0.8788 0.0161]0.8467 0.0132]0.8628 0.0146| Vector Quantization
SVM-lin |Orig |0.2024 0.0076|0.1123 0.0000|0.1574 0.0038| SVM-lin: Support Vector
RT |0.8742 0.0040]0.8806 0.0047]0.8774 0.0044| Machine (linear kernel)
SVM-rbf|Orig [0.2063 0.0011|0.1123 0.0000|0.1409 0.0266| SVM-rbf: Support Vector
RT |0.8823 0.0099 ] 0.889/ 0.0194]0.8858 0.0147| Machine (radial basis

Accuracy in original feature space vs. average RelTrans accuracy for Q.

e {5,10,20,50,100} pivots / class (red=best, blue=second best)

function kernel)

» Original feature space: all samples classified into one (0.1123) or two (0.2024) class(es)

» All classifiers above give good performance in R-space

34
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Domain Adaptation
Related Work: Multitask Learning

Per-task (task=domain) training data Jointly-learned, per-task linear models
Task t
Task t Task t
|
3 3 3
£ S > 2
E: g Learning N
=
Model W
Dimenvsion d Figure modified after:
Feature X Response Y . ?Zhou et al. 2012] |
t n; Model C
N\ j:- --------------------------------------------------------------------------------------
Ivrg,ln>,>,slog(1+exp(—5@,j (Wi, Xij) + €:))); +H (W, ),
7C . . R L LTS ToosTEsEEEEEEEEEEEEEEEEE RS AR ST AR S Ao ET
i=1 j=1 Logistic Loss Regularlzer

Problem: Two-class assumption! Y;; € {-1,1}

Approach: Learn K(K-1)/2 binary multitask classifiers,
predict via majority vote

B. Bue: Adaptive Similarity Measures
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Supervised Domain Adaptation
Radiance to Reflectance Multitask Learning Results

MTL Method Q(W,~) Source task: N°
JFS carsiarazmos | 1| W1+ 72[WIE | |Saegias o oe domarn
MTFL [Argyriou et al., 2007] ’YlHW’ 1,2 + ’)/QHWH% Target task: Q labeled
Trace uiand ve, 2009 71| W[ target pivot samples
RAD2RFL RFL2RAD Overall
Mean Std |Mean Std |Mean Std
| JFS 0.8444 0.052110.7953 0.0103]0.8198 0.0312
M| MTFL | 0.8785 0.0126]0.8015 0.0058[0.8400 0.0092
> Trace 0.8921 0.0015]0.8004 0.0108{0.8463 0.0062
~ | SVM-lin | 0.8742 0.0040 | 0.8806 0.0047|0.8774 0.0044
& | SVM-rbf| 0.8523 0.0099 0.8594 0.0194|0.8558 0.0147

Average accuracy using MTL techniques vs. RelTrans with @ € {5,10,20,50,100}
labeled target samples (pivots) / class (red=best, blue=second best)

Binary decomposition ignores multiclass structure of the learning problem

B. Bue: Adaptive Similarity Measures
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Domain Adaptation
Issues with Multiclass to Binary Decomposition

Source Domain Target Domain

|. confident predictions
in ambiguous region
C3 4 ll.samples near decision
| boundaries misclassified

Figures modified after: [Bishop 06]

Issue: separability of classes in source vs. target domain*
l. Target classes more separated than source classes = D.A. easier
Il. Target classes less separated than source classes = D.A. harder

* Assuming source/target domains similar 37
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Unsupervised Domain Adaptation cor.nadsseton worksop 20111
Multiclass Continuous Correspondence Learning (MCCL)

Assume between-class distances relatively preserved across domains

Source Domain Target Domain | Target Domain i
1.5 1 1.5
© O O
1.0 1.0 , 1.0
O
0.5 . O 0.5 0.5 o
0.0 O 0.0 o) 0.0
-0.5 -0.5 O -0.5 @
-1.0 O -1.0 . -1.0 i
°| Between-class distances Between-class distances
-1.5 -1.5 relatively preserved -15| not relatively preserved
-1.5 -1.0 =05 0.0 0.5 1.0 1.5 -1.5 =-1.0 =05 0.0 05 1.0 1.5 -1.5 -1.0 =05 0.0 0.5 1.0 1.5

Unsupervised Pivot Selection with MCCL.:
For each source pivot p? in PS, select target pivot p! = x,! s.t.

¢ =argmin ||R(p}, P°) — R(x!,P?)||, j € {1,...,NT}
J

38
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Unsupervised Domain Adaptation
Synthetic Example: Transformed Gaussians

Baseline  Supervised U[k\supervised
S=0.97, T=0.97, ST=0.88, R-ST=0.95, R -ST=0.93 Class Means in R-Space
3 1 1 1 1 1 1 ? 0.01 '

Class 1 Class 2 " Class 4

39
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Unsupervised Domain Adaptation
Measuring Pivot Set Quality with H-divergence

[Ben-David et al. 2010]

H-divergence: measures separability of source vs. target domain samples
® Source Sample W Target Sample / Linear Separator

Figures modified after:
Ben-David et al. 2010

Hdiv = 0.5 | | arge H-divergence = Hdiv = 0.134 | g1 H-divergence =
Source and Target easy to distinguish = Source and Target indistinguishable =
Poor Source = Target generalization ‘% Good Source = Target generalization S

Pivot Set Selection Algorithm (Pdiv) |Good set of pivots & R-space
»For Qr € Qrange mapping with low H-divergence
» Select Q) source/target pivots per class via MCCL
» Hy, = H-divergence between R(p?°, P°) and R(pT,PT) for class &
» Best pivot set & {P°, PT} for Q) minimizing average Hy

40
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Unsupervised Domain Adaptation
MCCL Accuracy vs. Pdiv: Cuprite Av97 vs. Hypi1

1
0.98
0.96
0.94
0.92

0.9
0.88
0.86
0.84

Accuracy/Pdiv

Av97=Hyp11 Hyp11=Avo7
Pdiv A --an-amm = -
Supervised /
= = = « Jnsupervised l'
20
!
J
! Pdiv
/‘\ \ 4 R-ST Accuracy
P S ——— = ===R*-ST Accuracy

5 10 20 30 50 75 100
Pivots per Class (Q,)

5 10 20 30 50 75 100
Pivots per Class (Q,)

-Maximum unsupervised accuracy at minimum Pdiv value (¢)
-Discrepancy between Av97=Hyp11 and Hyp11=Av97 accuracies
-Can other technigques do better?

41

B. Bue: Adaptive Similarity Measures

Tuesday, April 16, 2013

41



Domain Adaptation

Related Techniques: Manifold Alignment ramet a, 2005,

Wang et al., 2007]

Original
Manifold

S-curve

wave

Low dim. embedding
B> (e.g., PCA. ISOMAP) ™= Corre

Define — Manifold
spondences Alignment
Raw Embedding Aligned

with Correspondences

Manifolds

e

S-curve

Intrinsic
coordinates

wave

S-curve

wave

9

=

-

Ve

o

Feature-level Alignment .ng et a1, 2007]

Figures modified after: Ham et al., 2005
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Domain Adaptation
Related Techniques: EasyAdapt ... 07

Transform all (labeled and unlabeled) source and target samples using
the following transformation...

Source/Target Dot (or Kernel) Product in
Transformations Transformed Space
TS(x%) = [x5x5,07] TS T(x%) = [x5x5.07][x5x5,0"]
=> = |2(x5x)|
TH(x")=[x"0"xT]  TH(x") THx") = [x'.x".0"[-[x"x",0"]
= [2(x"-x7)
T9(x)-TH(x") = [x%x50"|-[x",0"x]
- Lo ]

Samples in same domain twice the weight as samples from different domains
Designed for binary classification problems [Daume, 2010] ¢
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Unsupervised Domain Adaptation

Comparisons to Related Work

Problem: both manifold alignment and EasyAdapt supervised technigques

Solution: use MCCL-selected target pivots as “labeled” target data

Results: Av97=Hypll Hypll=Av97  Overall

Mean Std Mean Std Mean Std
Baseline 0.7429 0.0098 [0.9428 0.0057 [0.8429 0.0078
Procrustes 0.7685 0.0134 [0.8380 0.0175 |0.8033 0.0155
Feature-level (0.7021 0.0152 [0.8913 0.0193 |0.7967 0.0173
EasyAdapt 0.7623 0.0218 [0.968% 0.0133 |0.5653 0.0176
MTL-Trace [0.7449 0.0123 [0.9161 0.0172 |0.8305 0.0148
RelTrans 0.8277 0.0120 [0.9687 0.0074 |0.5982 0.0097

Average accuracy using related techniques vs. RelTrans with Q. € {5,10,20,50,100}
MCCL-selected target samples (pivots) / class (red=best, blue=second best)

Issues:
Procrustes/Feature-level Manifold Alignment
» Assumes single linear transformation can reconcile source/target domains
EasyAdapt / MTL
» Parameters optimized for pairs of classes, independent of other classes
R-space embedding captures multiclass structure of the learning problem

44
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Unsupervised Domain Adaptation
SVM Model Selection and Regularization

Soft -margin regularization

min W w -+ C E : £ -C selected via Cross validation
w,b,E 2 on source domain data

subject to y;(w! o (x;) + b) >1-&,&>0.

‘Llnear Model in kernel space ¢

Hypll=Av97 Hypll
1 [ 1av97 ]
] : :
205 ElaoT— Byp11 -Optimal C in source
S -Hyp11= Av97 . .
= domain suboptimal for
= domain adaptation
1 [ ]
R-Av97
o B R-Hypll Av97=Hypll .
&’ 0.8 EER-AvS7— Hypll -Source domain C
S -R—Hyp11= Av97 s \
= 06 optimal for domain
= i adaptation in R-space
0.4
1e-04 1e-03 1e-02 0.1 1 10 1e+02 1e+03
SVM C

45
B. Bue: Adaptive Similarity Measures

Tuesday, April 16, 2013 45



Unsupervised Domain Adaptation
Intraclass Distance and Domain Adaptation Accuracy

Why >10% difference in Av97=Hyp11 vs. Hyp11=Av97 accuracy?

Av97 Hypll

R-space accuracy limited 0.9 0710

by the amount of target
variance the source-

selected pivots can explain %'/ e
0.7 0.7 [

Av97T=Hypll

Low source class variance + 0.28 0.35

High target class variance = 084

Source=>Target accuracy = Low S

Hypll=Av97 o1

High source class variance + 086l 0.82F

Low target class variance =
Source=Target accuracy = High )

0.31

0.181

Proposed Improvements: %/ 0.74f

1. Pick better pivots

2. Improve manifold alignment  o.13; , | , 0267 , | , |
2.1029 2.1685 2.2341 2.2996 2.3652 2.1029 2.1685 2.2341 2.2996 2.3652

Wavelength (pm) Wavelength (pm)
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Unsupervised Domain Adaptation
Picking Better Pivots with the Sobolev Metric

Goal: exploit functional relationships to improve pivot selection
Approach: use Sobolev measure in R-transform

0 d¥
RK’(XD7PD) _ 1 Z g ((l » P1 ) L 5 ( B 7pQ)
12\ T2 a0, pP) " 5, a0 (D, pP)

K

Select target pivot p! = x,/ whose first Kk derivates are most
similar to source pivot p? € PS

¢ = argmin [|R*(p{, P%) — R*(xE, P9)|, j € {1,...,N"}
J

47
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Unsupervised Domain Adaptation
Functional Pivot Selection Classification Accuracy

Classification Accuracy

Classification Accuracy

1 Av97=Hypll
0.95 Improvement with a Small improvement
few good pivots or no change with
0.9f large Q:
085 M [ = o ol I
0.8f
0.75

Hypll=Av97

bl WAl w

Some degradation when d(® accuracy high...

0.85F
...often recovered with large enough

0.8

4
0-75 10 25 50 75 100

Pivots per Class (Q,)

B. Bue: Adaptive Similarity Measures

Unsupervised

Functional
Pivot Selection

Supervised

Maximum
unsupervised
accuracy using
functional pivot
selection
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Unsupervised Domain Adaptation
Multiclass Manifold Alignment with MARTIAL

Current manifold alignment
methods:

» assume labeled pivots available
» ignore class-specific distinctions

MAnifold Reconciliation Through
Iterative ALignment (MARTIAL)

» Uses both labeled and unlabeled
data to align source/target manifolds

» Computes per-class transformations
from source to target feature space
using MCCL-selected pivots

» Extends TRIAL protein structure
alignment algorithm [Venkateswaran
et al.] to high-dim, multiclass
manifold alignment problems

[Bue and Jermaine, WHISPERS 2013]

MARTIAL Algorithm
Labeled Source Unlabeled
Data (X°,Y") Source Data X*"
Unlabeled

Target Data X’

Select Pool of Candi!ate Pivots with MCCL
P = {P;, Pl Y(}F,

For each class k '

Apply TRIAL to {P} , P{, Yi }

Seed |[EEP> Align [EEP>Improve

(Tzeed’ Plsceed) (Tzlign,chgn) (T}ﬁmp.’P}Cmp)

ST : 3
Xr =T, " X

Source DaYa in Target
Feature Space X7
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Unsupervised Domain Adaptation
Av97=Hypll classes after applying MARTIAL

Av97 Source

Av97 Source
Before MARTIAL| = 76.8% = < 81.7% < | After MARTIAL

0.9 .
0.71
0.14 0.28
0.7 0.7 0.7
0.28 0.35 0.32
0.84 0.8 0.92
0.14 0.22 0.17
0.861 0.82- 083l
0.18F 0.31F 0.31%
0.89| 074l 0.84|
013 I I I J 0-267 I I I J 0.18¢ I I I J
21029 2.1685 2.2341 2.2996 2.3652 21029 2.1685 2.2341 2.2996 2.3652 2.1029 2.1685 2.2341 2.2996 2.3652
Wavelength (nm) Wavelength (nm) Wavelength (um)
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MARTIAL Accuracy vs. (Qx in R-space

Av97=Hypll Hypl1=Av97

0.975

0.955

0.935

0.915
2 0.895
o
~
S 0.875
©
< 0.855 ;

X

0.835 - 2

0.815 -

0.795 Y )r__‘r‘—"””’dﬁ—

0.775 .

10 20 30 40 50 60 70 8 90 100 10 20 30 40 50 60 70 80 90 100
Original & &
rnginal roemgt TSER. T TTSER, TSR, MARTIAL
R-space*---- R TR seea T Ratign 7 Hmprove | R-spaces

ST Proc. R Rseed RAlign RImp.

....... 12% improvement

Av97=Hypll1[71.49: 73.29 80.27 83.10 83.20 83.08 | over baseline (ST)
Hypll=Av9793.99: 82,75 9582 92.69 95.11 94.36 [ no degradation /

small improvement
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Conclusions

Material Identification and Similarity measures

» Adaptive similarity measures can substantially improve material
identification results over conventional techniques often at reduced
computational expense

Intra-domain Inter-domain

» Hybrid similarity measures » Domain adaptation performance =
Improve classification accuracy imited by
given several complimentary . similarity and separability of source
notions of similarity and target domains

» Regularized LDA produces |I. differences in intra-class variance
state-of-the-art results for low- » Capturing multiclass structure with
rank Mahalanobis metric RelTrans often significantly increases
learning, at a fraction of the domain adaptation accuracy over
computational cost baseline and related techniques

Thank you 3
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Summary of Contributions

» Library-based Material I[dentification, CICR similarity measure

» B. Bue, E. Merényi, and B. Csatho. Automated labeling of materials in
hyperspectral imagery. IEEE Transactions on Geoscience and Remote
Sensing, 48(11):4059-4070, 2010.

» B. Bue, E. Merényi, and B. Csathd. Automated Labeling of Segmented
Hyperspectral Imagery Via Spectral Matching. IEEE WHISPERS, Aug. 2009.

» Adaptive similarity measures for Intra-domain Material Identification

» Adaptive CICR:
B. Bue and E. Merényi. An adaptive similarity measure for classification of
hyperspectral signatures. IEEE Geoscience and Remote Sensing Letters, 2012.

» LDA-based Mahalanobis metrics for Image Segmentation:
B. D. Bue, DR Thompson, M. Gilmore, and R. Castano, “Metric Learning for
Hyperspectral Image Segmentation,” IEEE WHISPERS, Jun. 2011.
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Summary of Contributions

» Domain Adaptation for Inter-domain Material |dentification

» Supervised:

» B. D. Bue, E. Merényi, and B. Csathd, “An Evaluation of Class Knowledge
Transfer from Real to Synthetic Imagery,” IEEE WHISPERS, Jun. 2011.

» B. D. Bue and E. Merényi, “Using spatial correspondences for
hyperspectral knowledge transfer: evaluation on synthetic data,” IEEE
WHISPERS, Jun. 2010.

» Unsupervised:

» B. D. Bue and D. R. Thompson, “Multiclass Continuous Correspondence
_earning,” NIPS Domain Adaptation Workshop, Dec. 2011.

» B. D. Bue and C. Jermaine. “Multiclass Domain Adaptation with lterative
Manifold Alignment”. Workshop on Hyperspectral Image and Signal
Processing: Evolution in Remote Sensing (WHISPERS), Jun. 2013 (to
appeatr).
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Feature-based vs. Similarity-based Classification

Feature-based Classification

Representation

= —

I

Input Data

(features)

- “Original”
representation

- High-dimensional

* Noisy / redundant
features

Learning

Feature-based
Classification

=

- Learn improved feature

representation

- Feature selection/weighting
- Dimensionality reduction

- Low(er)-dimensional
- More informative features

Features define

inference rules

- Naive Bayes

- Multilayer Perceptron
- Graphical Models

- Decision Trees

Test
Predictions

* Predictions based

on relevance of
features w.r.t.
class models
derived from

training samples

Similarity-based Classification v~

Similarity

I

—=

Similarity/Distance Learning -w=——= Representation Learning

Learning

=

Similarity-based
Classification

—=

- Learn similarity measure
to compare samples

- Learned similarity
measure <=> learned
feature representation

- Similarities define

inference rules

- k-Nearest-Neighbor (kNN)
- Learning Vector

Quantization (LVQ)

- Support Vector Machine

(SVM)
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Test
Predictions

* Predictions based

on similarity w.r.t.
prototypes
derived from
training samples
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Evaluation on Ocean City AVIRIS Image
CICR vs. Feature Selection/Dimensionality Reduction

Baseline
dcr  dcr

MinDist Accuracy

Feature Selection/Dimensionality Reduction
X35 Xso RFE L' PCA LDArw

dcicr
LDA LS

Minor

Major

0.8866 0.6530
0.0076 0.0208
0.9250 0.7750
0.0186 0.0101

Combined | 0.8654 0.6730

0.0069 0.0075

0.8376 0.8875 0.8848 0.8872 0.8819 0.9172
0.0090 0.0083 0.0114 0.0163 0.0099 0.0095
0.8493 0.8917 0.9330 0.8638 0.9203 0.9714
0.0093 0.0143 0.0159 0.0573 0.0127 0.0062
0.8302 0.8441 0.8617 0.8310 0.8672 0.9176
0.0064 0.0060 0.0056 0.0125 0.0063 0.0049

X, p-best features, according to X criterion

0.9052 0.9055
0.0049 0.0065
0.9721 0.9754
0.0075 0.0029
0.9076 0.9207
0.0111 0.0045

RFE Recursive Feature Elimination [Guyon et al., 2002]

L' Features weighted according to L'-penalized GLM

PCA PCA components explaining 99% of variance
LDArw Feature-weighted LDA, T(x): R" — R"*"
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Adaptive Sobolev Metric:
Ocean City Classification Results

Per-derivate Accuracy:

d© dW d® d®

0.0134 |0.0128 0.0067 0.0104 | |

Major _ |0.9256 |0.9299 0.8857 0.8759  (Euclidean distance)
0.0108 |0.0093 0.0104 0.0110

Combined | 0.8698 [0.8276 0.7219 0.7082

0.0056 [0.0137 0.0077 0.0090

Sobolev Accuracy (UW=equal a; weights, LS=line search):

dsobolev; =1 dsobolev; K = 2 dsobolev, K = 9

UW LDA LS |UW LDA LS | UW LDA LS

Minor 0.9047 0.9108]0.9210(0.8808 0.9090|0.9254(0.8627 0.9052{0.9268
0.0134 0.0052]0.0043(0.0090 0.0077]0.0025(0.0084 0.0121{0.0066

Major 0.9616 0.9659]0.9707(0.9630 0.9703]|0.9830(0.9543 0.9688| 0.9804
0.0087 0.0120{0.0063]0.0088 0.0178]0.0022]0.0085 0.0049|0.0031

Combined [0.9123 0.91210.9257]10.8976 0.9011{0.9300{0.8925 0.8967| 0.9321
0.0071 0.0070]0.0021{0.0079 0.0081]0.0045(0.0087 0.0075|0.0052

» LDA better than UW, but usually only by <1%
» UW, LDA accuracy decreases as K Increases
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Feature-weighted Metric Learning
Graph-based Segmentation Algorithm ..c.cuwan 2004

Image = 8-connected graph weighted by d(x;,x;) between adjacent pixels x; and x;
Segments connected by growing minimum spanning tree with agglomerative clustering

O OO C

O S
= =0 G

Dif(.S,,5%) MInt(S,,S)

d(x; x j)

Segment merging criteria:

cross segment distance Dif(S,,S;) > minimum internal weight MInt(.S,,S5%)
b b

MInt(S,, Sp) = min (Int(Sa) + (Sp) + )

|Sal’ 55|

# segments depends on: d(x;,x;) and b (small b = many segments,
large b = few segments)
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Feature-weighted Metric Learning

Diagonals of Learned Mahalanobis Matrices

Reflectance

0.055+

3fb9

— phyllosilicate carbonate —— olivine —— kaolinite —— phyllosilicate/kaolinite mix

0.0054
0.075

-0.16
0.056

N\

S 0.00068
= 5 0.059-

1.4506 1.8279 2.2051 25823
Wavelength (pm)

|—LDA LFDA ——DCA ——ITML ——NCA ——LMNN ——MCML
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Segmentation Results: CRISM Image 863e
Euclidean vs. LDA and ITML Metrics

Impurity Ratios (per pixel)

0.16p

Eﬁc
LDA |
ITML

-4

Eﬁc

0.14 ® %%ﬁ’
80.1 ®

A L. :

“ Eooo m ° 0% o%° %0 qme Average Pure Superpixels
ool gy wm L Class (# pixels) EUC |LDA |ITML
0.0Q : ‘
0.40r —m B * —@ mc| FeMg Smectite (6443) | 26 | 49 | 48
0.35 :: Rl Py ’; ‘r :; Rl
1 S A '%. Kaolinite (4051) 98 | 99 | 99

o m\::0.2 ) - &)

< £ @ Montmorillonite (10901) | 11 | 31 | 17
£0.1

- 0.101 %‘m ' : i .
- =" = HLL Nontronite (4753) 37 | 52 40
s ‘ ‘ — ‘ —  Neutral Region (115225)| 97 | 99 98
08| Euc Euc |
vEE "a " o : % Average 53 | 66 | 60
006 gy .. = g '. n
8500 B | e O
£ 50.04 BEIN ] 3 ® ° P
= 0.03 | @
) o &2
- . X
. 200 400 600 800 1000 1200 200 400 600 800 1000 - 1200
# segments (train) # segments (test)
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Supervised Domain Adaptation
Outlier Detection Classes

Synthetic hyperspectral (HYDICE, 210 bands) Synthetic hyperspectral ( )
=> Synthetic multispectral (MASTER, 12 bands) => Real hyperspectral (AVIRIS)
0.14/ MASTER Outlier Classes | 0.1a| AVIRIS Outlier Classes |
8 0.12¢ o12 o o o B B
s 1 1 1 1 1 1
g 0.101 0.10{ B Rl E I
= A & , 1 1 1 1 1
(D) / ‘ | : ‘ ‘ ‘
& 0.08f : ~— b T T W 0.08] %ﬁ
FGE /\ | ‘
-—~ 0.06 ‘
= 0.06 ;""—f.\‘~—-
E o0t SR N NN NN NN NS NN N N
Z. Roadway Surfaces Asphalt Old Gray : : | | = Water/Sediment
Shingle, Asphalt, Black, Weathered | : | | | — Road/Park/Walk
0.02{ - = Siding, Aluminum, Yellow Fair i co2 = Rooftop i
—— Tennis Court, Playlng Surface, Green | | | | | — Vegetatlonl
| — Tree, Norwaymaple Leaf | | | | = Vegetation2
063 085 1.07 120 151 173 1.95 2.17 0.63 0.85 1.07 1.30 152 1.74 196 2.18
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Supervised Domain Adaptation
Radiance to Reflectance EML Approximation

Grass (E)
45 4 .9
40 -
35 «
® 304
2 25 4+
3 © SE 390
o 20«
é SE 590+1SD
Y - -
& 15 SE 590-15D
10 X casl
__________ casi+1SD
T = e casi-1SD
0 -
5d

SE 590: Spectron SE 590 Field
Spectroradiometer spectrum

CASI: EML-corrected Compact
Airborne Spectrographic
Imager spectrum

EML linear approximation closely matches field-measured spectrum
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Unsupervised Domain Adaptation
Cuprite Av97 vs. Hyp11 Results

O
[ERY

© U © o © ©
00 o

O

Linear SVM
on

Classification Accuracy
o

o
U

~

R- ST
R*-ST:

Av97=Hypll

Hypl1l=Av97

NV - U0V

= o a: .
source, target
R-space source, target
source-to-target (baseline)
supervised MCCL

unsupervised MCCL

N - 0N

x o . v
rx *
oc

-R-space as discriminative

as original feature space

-R-ST R*-ST comparable

(<2% diff)
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Unsupervised Domain Adaptation
Av97, Hyp11 Per-derivate Accuracy

dK / dwavelength
Class Means

Av97

Accuracy

Hypll

Av9T7=
Hypll

Hypll=

Av97

1.000

0.962

0.744

0.936

1.000

0.972

0.764

0.909

0.999

0.941

0.544

0.661

0.996

0.912

0.477

0.443

Wavelength (pm)

J L L
2.3652 2.1029 2.1685 2.2341

Wavelength (nm)
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Kabsch Algorithm (TRIAL transformations)

» Given () paired samples (P°, P1), the rotation matrix T
which minimizes

e = RMSD(T-P°, P")
IS computed as follows:

T = Wdiag(s)V*

where

VDW? = SVD(COV(PS, PT))
s=[1,...,1,sign(det(WVT))]
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MARTIAL Accuracy vs.

Accuracy

- Av97=Hypll Hypl1=Av97
0.925

0.875

0.825 Nv%/ ?W'/

0.775

0.725 " . \\.
0,675 1 1 1 1 1 1 1 1 1

10 20 30 40 50,60 70 80 90 100 10 20 30 40 50Q 60 70 &80 90 100

Q;

=—ST -#-Procrustes = Seed —* Align “®-Improve

ST Proc. Seed Align Imp.

AvI97=Hypl1|71.49 73.29 8&81.69 82.35 &81.67
Hypll=Av97|93.99 82.75 93.43 94.28 94.05
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RelTrans vs. Baseline Techniques

- S T ST

2 | Base |0.9963 | 0.9679 0.7429

. 0.0027|0.0098 0.0098

T1Qc [R-S |[R-T* R-T |R-ST* R-ST |PivST* PivST[AugST* AugST
S | Mean|0.9918]0.9189 0.9211[0.8258 0.8498|0.7478  0.8717 [0.7469  0.8638
< |Std  |0.0042]0.0119 0.0118/0.0111 0.0133]0.0182  0.0120 [0.0131  0.0155
N S T ST

% |Base |0.9679/0.9963 0.9428

1 0.0098|0.0027 0.0057

= Qx |R-S |R-T* R-T |R-ST* R-ST |PivST* PivST|AugST* AugST
& Mean [0.9202]0.9925 0.9920/0.9668 0.9908|0.9665 0.9818 [0.9611  0.9653
T |Std |0.0130|0.0043 0.0037|0.0073 0.0037]0.0121  0.0052 [0.0091  0.0065

PivST: Classifier trained with pivots alone (PivST*=unsupervised)
AugST: Classifier trained with source data + pivots (AugST*=unsupervised)

RelTrans: Best performance in unsupervised case
Some misalignment in supervised case (between src/tgt means)
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