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2 I Hypothesis

High-spatial resolution remote sensing images contain a
high degree of in-class variability within terrain classes.

Techniques robust to high variability, such as ensemble
voting, can improve t1, performance of terrain
classification in high-resolution remote sensing data.

Transparent classifiers aide in the understanding of
terrain classification.



3 I Outline

• Remote Sensing Modalities

• Optical Imagery

• Hyper-Spectral Imagery (HSI)

• Polarimetric Synthetic Aperture Radar (Po1SAR)

• Terrain Classification Framework

• Terrain Classes

• Pixels vs. Superpixels

• Probabilistic Feature Fusion

• Pixelwise Voting

Performance Metrics

Questions



Remote Sensing Modalities



5 I Optical Images
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• Collected with a commercial DSLR camera
• Standard Bayer RGB filter

• Integrated with the onboard navigation system

• 0.025 m pixel spacing

• .,cted June, 2016

Nr)

• Feature vector, class specific transformation:

VRGB = [R G

VOPT,CLS
CLS

'RGB



6 I Hyperspectral Images (HSI)

• Collected with a linear pushbroom VNIR sensor
• Over 270 bands, A. 400 — 1000 nm

• Integrated with the onboard navigation system

• 0.10 m pixel spacing

• Collected June, 2016

• e)F -e vector:
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7 I Polarimetric Synthetic Aperture Radar (Po1SAR) Images

• Collected with Sandia FARAD X-band radar

• Fully-polarimetric VideoSAR

• R = 3460 m, = 38°

• p, = 0.2032 m, pa = 0.1563 m

• Multi-looked to reduce speckle

• rnilected March, 2016

-)-04 .)

• Feature vector contains:
• Polarimetric decomposition parameters

• H/A/a

• G4U

• Total power

• Coherence (from two-passes)

a PS PdVSAR = [H



Terrain Classification Framework



9 I Terrain Classes
VEG1

cf)

VEG2

•

imp

•

VEG3

• Three vegetation classes
• One tree class

• Two low-vegetation classes

• Optical and HSI effectively have
the same imaging geometry

• Po1SAR images contain layover
due to the imaging geometry
(noticeable in the trees)



I10 Pixels vs. Superpixels
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• Terrain classes in high resolution imagery
have higher pixel-to-pixel variability
• Objects are composed of more pixels

• Increased distribution spread of measured
values

;) • There are methods to deal with increased
class variability, such as a moving average

• SLIC superpixel segmentation algorithm

• Set to produce nominally 40 pixels/superpixel

• Excellent job delimiting contrasting boundaries

• Statistics can be computed from the pixel values
within a superpixel



11 I Probabilistic Feature Fusion (PFF)
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The Mahalanobis distance was used
for the HSI and PolSAR data.

The absolute distance from the mean
was used for the optical data.

0. 3

O.4

01

O.2

0.1

1

▪ .5

0_35 0_4
a, 2

SAR SP, VEG2, Fused

In-Class Data

11 1 
8

4-Class Data

_,__\4 ,\ ,), ),..........O.
2 4

,e;),e2)

6 8

0.4 5

0.5

0.5 0.55

In-Class p-Values

Out-of-Clas3 p-Values

as

nn

Class separation is noticeable in
pairwise scatterplots of the
feature vector data.

Only in-class data are modeled
with PFF. PFF generates p-values
that give a measure of in-class
consistency with the training data.
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P-value Maps
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The p-value maps for the superpixel PFF model for VEG1 show good isolation from each feature.

The fused p-value map shows that the selected features have reduced potential for false alarms.



1 3 I Pixelwise Voting

Region of VEG-2 Pixelwise PFF Model Superpixel PFF Model

tom

Pixelwise Voting

Pixelwise voting within a superpixel tends to increase the correct in-
class declarations over pixelwise and superpixel methods.



Performance Metrics



15 I Receiver Operating Characteristic (ROC) Curves
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I16 Optical Confusion Matrices

VEC 1 VEG2 VEG3 UNK

55.8%

- 11.5%

11.3% 30.3% 2.6%4

57.5%

•

29.3% 1.7%

- 22.9% 27.8% 4.8%

Pixelwise
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Pixelwise Voting

1 ̀ A

The in-class declarations increase from pixelwise, to superpixel, to pixelwise

voting, with the exception of VEG3, where the superpixel and voting methods tie.
1



17 I Po1SAR Confusion Matrices
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Pixelwise Voting

The pixelwise voting method has the best in-class performance on the PolSAR data.



18 I HSI Confusion Matrices

VEG1 VEG2 VEG3 UNK

9.7% 16.4% 0.7%

II 1.9% 8% 2.5%

Pixelwise
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Sup erpixel

84.1% 7.1% 8.7%

5.1% 0.6%94.4%

97.2% 1.4%

Pixelwise Voting

The pixelwise voting method only has the best in-class performance in one class of the
HSI data. The superpixel method has the best performance in the other two classes.
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20 I Classifiers Applied to Po1SAR Image

Pixelwise Superpixel Pixelwise Voting

4

The superpixel and voting methods again have the least spatial variability in the declared classes; however, there arc
still a few mis-classifications. The p-value threshold was set to 0.10.



21 I Classifiers Applied to Hyperspectral Image

Pixelwise Superpixel Pixelwise Voting

The superpixel and voting methods have less spatial variability in the declared classes; however, there are still a few
mis-classifications. The p-value threshold was set to 0.10.



22 I Conclusion

• Terrain classes have more pixelwise variability in high resolution imagery

• Pixelwise classifiers are prone to have more mis-classifications

• Terrain typically does not need high resolution

• We introduced a framework for making more robust terrain decisions

• Segment images into superpixels to delimit contrasting regions
/)_
r))!ach terrain class,!. c.)

4 Nc, the majority vote

• Train probabilistic feature fusion pixelwise classifie

• Make terrain decisions at the superpixel level by se]

• Preliminary performance metrics indicate that this methodology tends to work well

• Optical and Po1SAR benefitted the most

• HSI showed an improvement over pixelwise decisions, but superpixel decisions did well, too

• Application of the voting decision method shows drastically less spatial variability than pixelwise
decisions and is not quite as conservative as the superpixel decisions.
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