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Hyperspectral Image Classification
Leveraging Multiple Imaging Domains*

2

Spectra reflect their 
capture conditions
• atmospheric conditions
• seasonal effects
• sensor resolution
(spatial + spectral)

• viewing geometry
• different regions
• ...

Poor generalization 
using a classifier 
trained with Av97 
spectra to Hyp11 
spectra (and vice versa)

Cuprite Mining District, Cuprite NV 
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AVIRIS, Jun. 1997: “Av97” Hyperion, Feb. 2011: “Hyp11”

⇒

Representative samples for classes of interest often unavailable
⇒ Can we use spectra captured under similar conditions?
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Contributions in this Paper

‣Novel methodology for multiclass, unsupervised domain 
adaptation applied to hyperspectral image classification

‣ Extends TRIAL protein alignment algorithm [Venkateswaran et al., 2010] 

to high-dimensional, multiclass manifold alignment problems

‣ Learns per-class linear transformations based on samples 
representing classes shared between the domains

‣Demonstrate algorithm on real-world AVIRIS and Hyperion 
images of Cuprite, NV

‣Provide a MATLAB implementation available online at: 

                                         http://tinyurl.com/martial-code
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Background: Domain Adaptation

4

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

Common
Feature Space

Target Domain 
Feature Space

Source Domain 
Feature Space

Contexts:
I. Supervised: small amount of labeled target data available 
II. Unsupervised: no labeled target data available

Unlabeled Sample
Labeled Sample

⇐ this talk

*domain=set of spectra captured under identical conditions
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Background: Manifold Alignment

5

[Ham et. al, 2005, Wang et al., 2007]

Manifold Alignment: computes mapping(s) to align source and target feature spaces

Manifold 
Alignment

Define
Correspondences

Figures modified after: Ham et al., 2005

Original 
Manifold

Low dim. embedding 
(e.g., PCA, ISOMAP)

s-curve

   Intrinsic 

coordinates

wave

s-curve

wave

Procrustes Alignment [Wang et al., 2007]

Feature-level Alignment [Wang et al., 2007]

s
-c

u
rv

e
w

a
v
e

Raw Embedding 
with Correspondences Aligned Manifolds

• Successfully applied to hyperspectral image classification problems [Yang et al., WHISPERS 2011]

• Existing approaches: supervised and learn a single transform between manifolds
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… … 

Source Domain! 1. Select Npool paired !
pivot samples !P 

S, P 
T "!

asphalt 

tree 

grass 

… 

Input: NS labeled source "
          spectra (XS,YS )"

Target Domain!

(XST,Y S)    f(xT) = yT 

3. Train classifier using 
aligned source spectra"

… 

Input: NT unlabeled target "
           spectra XT 

… 

Output: Target"
 predictions YT 

asphalt 

tree 

grass 

PS PT 

T(XS,P 
S,PT)#####XST 

2. Align source spectra with 
target feature space"

MAnifold Reconciliation Through Iterative 
ALignment (MARTIAL) Framework

6

Pivot Samples:
• Labeled pairs of the form: (pS ,pT ,yP)

• Choose (e.g., from labels) PS ⊂ XS 

that characterize source classes 
• PT ⊂ XT automatically selected to 

reflect structure of PS 

Assumptions: 
1. Source / target spectra convolved to 

same wavelengths
2. Each spectrum scaled by its L2 norm
3. Source and target domains “similar*”

* ”similar” ⇒ better than random error on target domain with source-trained classifier

Monday, July 1, 2013
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For sample xD and pivot set PD from domain D ∈ {S,T },
map xD from Rn→RQ according to

Automatic Pivot Selection
Relational (“R-space”) Transformation

7

R(xD, PD) =

(
d(xD,pD

1 )
∑Q

!=1 d(x
D,pD

! )
, . . . ,

d(xD,pD
Q)

∑Q
!=1 d(x

D,pD
! )

)

where

Q =
�K

k=1 Qk

Q k = # of pivots for class k

d(xD, pD) = ||xD - pD||2*

➡ l th entry of R(xD, pD) = likelihood of distinguishing xD    
                                      and pl

D  from other pivots PD

* xD = xD/||xD||2  ⇒ d(xD, pD) ⇒ spectral angle between xD and pD

[Bue et al., WHISPERS 2010-2011]
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Automatic Pivot Selection
Relational (“R-space”) Transformation
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asphalt

grass

tree

R
efl

ec
ta

nc
e

Source Pivots Target Pivots
PS =

{
pS
1 ,p

S
2 ,p

S
3

}
PT =

{
pT
1 ,p

T
2 ,p

T
3

}

pT
1

pT
2

pT
3pS

3

pS
2

pS
1

Source Spectrum

(grass)xS

Target Spectrum

(grass)xT

pT
1 pT

2 pT
3

R(xT , PT )

pS
3pS

2pS
1

R(xS , PS)

Domain-specific 
Feature Space

Common 
Feature Space

R(xD, PD) =

(
d(xD,pD

1 )
∑Q

!=1 d(x
D,pD

! )
, . . . ,

d(xD,pD
Q)

∑Q
!=1 d(x

D,pD
! )

)R-transform

Example: number of classes K=3, pivots per class Qk=1
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Automatic Pivot Selection
Multiclass Continuous Correspondence Learning (MCCL)

9

Source Domain

Between-class distances 
relatively preserved

Between-class distances 
not relatively preserved

Target Domain I Target Domain II

Assume between-class distances relatively preserved across domains

For each source pivot pi
S in PS, select unique target pivot pi

T = xT s.t.
Unsupervised Pivot Selection with MCCL: 

� =
j

�R(pS
i , P

S)−R(xT
j , P

S)�, j ∈ {1, . . . ,M}NT

[Bue and Thompson, NIPS 
Domain Adaptation workshop 2011]
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A Procrustean Transformation
Credit: http://www.mythweb.com/

Given Q paired samples (PS, PT )={(pi
S  , pi

T )}i=1

the transformation matrix T minimizing

is computed as follows

where

Mapping Source to Target Manifold
Kabsch Algorithm / Procrustes Analysis

10

T = W (s)VT

s = [1, . . . , 1, (det(WVT ))]

VDWT = ( (PS , PT ))

  ε = RMSD(T·PS, PT )

Q

*RMSD = Root Mean Square Deviation

*

Monday, July 1, 2013
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Pool of Candidate Pivots
P = {Pk

S , Pk
T
 , Yk

P }k=1
K

Aligning Source and Target Manifolds:
Computing Per-class Transformations with TRIAL

11

 For each class k
Apply TRIAL algorithm to class k pivots Pk = {Pk

S  , Pk
T , Yk

P }

Labeled Source 
Data (XS,YS)

Xk
S T= Tk

imp
 Xk

S

I. Seed

{Tk
seed, P k

seed, ϵ k
seed}

Computes initial transform 
Tk

seed
 via Procrustes analysis 

• Randomly samples Nseed sample 
sets of size Qk from Pk

• Returns Tk
seed and seed set 

P k
seed with min. RMSD ϵ k

seed

Seed Size 
Qk

II. Align

{Tk
align,P k

align,ϵ k
align}

Reduces RMSD between 
Pk

S  and Pk
T 

• Adds sample pairs (pk
S ,pk

T  ) with 

distance < ϵ k
seed to P k

align

• Returns Tk
align and set of 

aligned samples P k
align 

III. Improve

{Tk
imp., P k

imp, ϵ k
imp}

Maximizes # of samples in 
alignment

• Adds sample pairs that do not 
increase RMSD beyond ϵ k

align

• Returns Tk
imp and set of 

samples P k
imp

Source Data in Target 
Feature Space XST
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Cuprite, NV Imagery and Evaluation Methodology
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Cuprite Mining District, Cuprite NV 
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AVIRIS, Jun. 1997: “Av97” Hyperion, Feb. 2011: “Hyp11”
‣Scenarios:
‣Av97⇒Hyp11
‣Hyp11⇒Av97
‣Classifier: linear 

SVM with 5-fold 
cross-validation
‣ SVM C selected via 

cross-validation
‣Compare to: 
‣ ST=source-to-target 

with no alignment
‣ Procrustes alignment 

(single transform) 
using target pivots‣Atmospheric compensation with ELM

‣ Each spectrum scaled by its L2 norm 
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Cuprite, NV Results
Av97⇒Hyp11 classes before/after MARTIAL

13

Av97 Source 
After MARTIAL

Hyp11
Target⇒ 76.8% ⇒ ⇐ 81.7% ⇐
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Cuprite, NV Results
MARTIAL Accuracy vs. Qk

14

207

with the baseline classifier. The remaining classes are challenging to separate, as

indicated by the roughly comparable performance to the baseline using each of the

domain adaptation algorithms. On average, however (as shown in Table 6.5 below),

classifying source samples transformed by MARTIAL yields slightly better accuracies

than the baseline.
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Fig. 2. Classification accuracy vs. number of seed samples Qi for
the Av97⇒Hyp11(left) and Hyp11⇒Av97(right) scenarios

Figure 3 gives the accuracy vs. the number of seed samples Qi

for the Av97⇒Hyp11(left) and Hyp11⇒Av97(right) scenarios for
the MCCL algorithm applied in the original source feature space
(MCCL) vs. the MARTIAL seed (MCCLseed) and align (MCCLalign)
features.
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Fig. 3. Classification accuracy vs. number of seed samples Qi for
the Av97⇒Hyp11(left) and Hyp11⇒Av97(right) scenarios

Conclusions

In this work, we introduced the MARTIAL algorithm for multiclass
domain adaptation via manifold alignment. By learning a set of
transformations for each class using a variant of the TRIAL algo-
rithm, we demonstrated 5-10% improvements in classification ac-
curacy over the manifold alignment using procrustes analysis tech-
nique, and 2-5% improvements over our previously-proposed do-
main adaptation technique, MCCL.
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Figure 3 gives the accuracy vs. the number of seed samples Qi

for the Av97⇒Hyp11(left) and Hyp11⇒Av97(right) scenarios for
the MCCL algorithm applied in the original source feature space
(MCCL) vs. the MARTIAL seed (MCCLseed) and align (MCCLalign)
features.
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Conclusions

In this work, we introduced the MARTIAL algorithm for multiclass
domain adaptation via manifold alignment. By learning a set of
transformations for each class using a variant of the TRIAL algo-
rithm, we demonstrated 5-10% improvements in classification ac-
curacy over the manifold alignment using procrustes analysis tech-
nique, and 2-5% improvements over our previously-proposed do-
main adaptation technique, MCCL.
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Figure 6.9 : Classification accuracy vs. number of seed samples Qk for the
Av97⇒Hyp11 (left) and Hyp11⇒Av97 (right) scenarios with the baseline (ST, black
�), Procrustes alignment (red �), and MARTIAL Seed (purple ×), Align (turquoise
∗), and Improve (orange ◦). The feature spaces produced using MARTIAL are better
reconciled than the original (ST) and Procrustes-aligned feature spaces, as evidenced
by the increase in classification accuracy.

We observe more substantial improvements in classification accuracy when we

classify our data in the R-space (Equation (5.1)) after applying MARTIAL. These

results are shown in Figure 6.10. In the Av97⇒Hyp11 scenario, classifying the target

samples in the R-space using the source data transformed by MARTIAL produces

uniformly better results for all Qk than in the R-space with the original source features

(RS), indicating that the domains are better reconciled after applying the MARTIAL

209

scenario, and perform comparably to MCCL in the Hyp11⇒Av97 scenario. We also

note that the accuracies produced after applying the Align step are typically equal

or slightly better than those produced after the subsequent Improve step. This may

be somewhat surprising, as one may expect that incorporating additional samples

in the Improve step would produce a more robust alignment between the domains.

However, since the pivots from each class are highly-correlated, using a large number of

redundant pivots often produces worse results than using a smaller set of less-redundant

pivots.

ST Proc. Seed Align Imp. RS RSeed RAlign RImp.

Av97⇒Hyp11 71.49 73.29 81.69 82.35 81.67 80.27 83.10 83.20 83.08

Hyp11⇒Av97 93.99 82.75 93.43 94.28 94.05 95.82 92.69 95.11 94.36

Table 6.5 : Average accuracy over the range of selected Qk values for each technique.

The first and second most accurate results are given in red and blue italics, respectively.

Average
Accuracy (%)

Procrustes (single transform) alignment susceptible to pivot misalignment

10%+ improvement 
over baseline (ST)

no degradation / 
small  improvement 

Similar results with 
MARTIAL Align 
and Imp. steps  
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Unsupervised Domain Adaptation 
Intraclass Distance and Domain Adaptation Accuracy
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2.1029 2.1685 2.2341 2.2996 2.3652

0.26

0.74

0.31

0.82
0.22

0.8 

0.35

0.7 

0.28

0.71

Hyp11

 

 Hyp11

Wavelength (µm)
2.1029 2.1685 2.2341 2.2996 2.3652

0.13

0.89

0.18

0.86

0.14

0.84

0.28

0.7

0.14

0.9

Av97

 

 Av97

Wavelength (µm)

Av97⇒Hyp11
Low source class variance + 
High target class variance =
Source⇒Target accuracy = Low

Hyp11⇒Av97
High source class variance + 
Low target class variance =
Source⇒Target accuracy = High 

Accuracy limited by the 
amount of target variance 
the source-selected pivots 
can explain

Why >10% difference in Av97⇒Hyp11 vs. Hyp11⇒Av97 accuracy?
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Summary and Future Work
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‣ Proposed the MARTIAL algorithm for unsupervised, multiclass 
domain adaptation
‣ Extended TRIAL protein alignment algorithm to high-dimensional, 

unsupervised manifold alignment problems

‣ Computing per-class transforms often more robust to misalignments 
than a single source-to-target transform

‣ Domain adaptation performance limited by similarity and separability 
of source and target domains

‣ Future work:

‣ Analyze results using MARTIAL align and improve steps

‣ Assess pivot misalignment vs. prediction accuracy

‣MATLAB code available at: http://tinyurl.com/martial-code

Thank you
Monday, July 1, 2013

http://tinyurl.com/martial-code
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