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Heard Island: where?
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Vegetation Map Skua Beach, Heard Island

Vegetation Types

D Closed cushicnfield
Coastal hictic vegetation
Fellfield

| Mossy felifield

5 Open cushionfield

Wet mixed herbfield




e 1 panchromatic band: 0.46 m
8 multispectral bands: 1.84 m
1- 4 day revisit cycle
4.6 — 10.7 m positional accuracy

Launched 8 October 2009

The 8 spectral bands of WorldView-2
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WV2 image derivatives
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TerraSAR-X Digital Elevation Model




Mean annual
solar radiation




Geographic object based image analysis
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Random Forest classifier

Step 1:

Original ' Create random
Training data vectors

Step 2: n
Use random
A0

vector to
build multiple
decision trees

Step 3:
Combine
decision trees

Breiman, Leo (2001). "Random Forests". Machine Learning 45 (1): 5—
32. doi:10.1023/A:1010933404324.



http://en.wikipedia.org/wiki/Leo_Breiman
http://en.wikipedia.org/wiki/Leo_Breiman
http://en.wikipedia.org/wiki/Machine_Learning_(journal)
http://en.wikipedia.org/wiki/Digital_object_identifier
http://dx.doi.org/10.1023/A:1010933404324

Ensemble decision tree classifier based on multiple decision trees
(CART, ID3, C4.5)

Introduce two sources of randomness: “Bagging” and “Random
input vectors”

— Each tree is grown using a bootstrap sample of training data
(random pixels 2/3 training, 1/3 testing, out-of-bag OOB error)

— At each node, best split is chosen from random sample of m,,
variables instead of all variables (reduce computational
complexity and reduce correlation between trees)

Make predictions according to majority vote of the set of trees
(mode, probability)

Importance of variable m can be estimated by randomly permuting
all the values of the mt™" variable in the out of bag samples for each
classifier




It is an ensemble classifier, i.e. more robust than a single
classifier.

It is @ non-parametric classifier, i.e. no (incorrect) assumptions
about statistical distribution of classes

It handles a very large number of input variables

It estimates the importance of variables, i.e. contribution of
bands to the classification (for each class and for the
classification as a whole)

It calculates class probabilities for each sample, providing
information on classification uncertainty

It only has two parameters (hnumber of trees and number of
variables per tree) and it is insensitive to their values
(compared to SVMs with several parameter)

It outperforms most if not all state-of-the art classifiers




S Skua Beach

Legend

\ ROI
Vegetation
B NV
. mm FF
: mm DCC
mm Al
= PCC
i : MF
¢ T
mm H

-t
.

-
Sy "
-
-
:\
3 <
S, -
e Y
s "y, ra ~
e - . ‘\
.~;_ “
ST - R
o DN
/- - r
-~
N
h \
> e
<Q,

B E— <ilometers
0 025 05 1




. Training random f«

Table

R L CLE.
Objects_WV2_specterstack

Mean_WISAG

Mean_WV2_3

Mean_WV2_4

Mean_WV2 5

Mean_WV2_6

Mean_WV.

Mean_ND\

10.67911

626.518987

598.772152

732.481013

769.860759

759 441215

0.11734

8.590388

741.808452

695.5

1035.854838

1198.685484

11596774

0.2538¢

9.004178

724204545

664.25

1252.408091

1602.136384

/| 1576.375

0.39954w

HLLOTOD

JOUTLOOT

OT.0 ooT

DT ZIZS0T

13.387769

653.135593

624661017

631.364407

585.7711854

540.508475

-0.03217

1.147136

58.54296

61.610204

61.695257

8.286549

677.515152

618.818182

1023.030303

1198.845485

1167.727273

0.308073

4646899

234.089483

39.9245186

38.237718

12.615414

569.041971

546.518248

541.919708

497425182

483.20438

-0.047087

1.95292

21.000084

20.995516

23.580686

8.41762

485662252

398.291391

531.655629

6380795

336.430066

0.036008

5.967167

145.295175

48.387452

4324434

8.782277

564.916667

486.416667

746708333

/ 702583333

680.708333

0.173124

5.422416

164.521001

71.065062

64.733092

8.230524

773.375

721.25

1621.125

2196.25

2257.875

0.504859

6.888322

130.373262

24671593

50.982227

11.591211

544 937736

523703774

520.067925

476.833862

462.867925

-0.04715

2.805351

25.006095

24816705

24827385

8.26834

732.615385

674.769231

1304.769231

1791.076923

1759.307692

0.438007

7.017577

409.197237

53.619964

38.580246

7.188455

1102.5

1102.5

1208.25

1197.75

1193.25

0.0396

8.053459

117.680447

53.48425

64.101482

7.831995

77084

703.02

1481.88

1998.91

2001.06

0.458504

6.34496

549.435803

55.84317

60.737303

7.9959056

580.934307

651.208029

872.452555

960.427007

925.416058

0.176179

7.326483

251.227592

73.604118

71.341506

8.16789

747.580164

698.786885

1130.47541

1321.065574

1328.491803

0.286241

7.304586

277.60072

50.51444

51.101603

8.010256

582.362007

561.795699

561.946237

517.189%64

501.215054

-0.042874

5.072204

53.994737

35.841815

34.392407

8.282082

799.25

732.083333

527.25

2029.25

20245

0.463539

7.118183

325.873474

59.059939

52.0888

10.750884

857.2

804.4

858

836.6

815.4

0.017327

4476801

164.933441

134.884543

120.876797

8.006118

4 4

8546

1 M E}E (1 out of 198536 Selected)

iObjects WVZ specterstack:|

802.5

1435.4

1984.6

20288 |

0.4138

7.625832

1113

400308431 | 105.146802

63.459909




. RF classification results
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. Probablllty and Entropy
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. Accuracy assessment — really?!

OOB estimate of error rate: 0.2

Confusion matrix:
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Fieldwork needed - Multiscale sampling
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Deglaciation - colonisation




e GEOBIA provides a powerful framework for
image classification

e Spectral and terrain variables characterise the
landscape

e Random forest classifier can be used with
. GEOBIA to classify objects into vegetation and
land cover classes

e Robust multi-scale field sampling is required
for training and validation




Questions?

Contact details:
Dr Arko Lucieer
University of Tasmania
School of Geography & Environmental Studies
Private Bag 76, Hobart, Tasmania 7001
Arko.Lucieer@utas.edu.au
http://www.lucieer.net
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QuickBird 4 Feb. 2009









SPOT - Mar 1991 o Quickbird - Dec 2006
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