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g To examme‘merfts of deC|S|on trees to

extend the kernel-based reclassification
(Barnsley and Barr 1996) to map habitats
using a very high resolution satellite.image

= Habitat classification of a biodiversity hot-
spetin SW.Slovenia according to EUNIS




- '|aI resolution of satelllte |magery -

~ Improved dramatically since 1972 (Landsat-
MSS, 1972 - QuickBird, 2001)

= Gap between available spatial resolution
and conventional image classification
methods

= Noise in VHR imagery -> need torconsidern
Q@ spatialfcontext of the pixel > kernel-
ased techniques (Haralick et al. 1973)




VIEJHIOIDS = KECIINEI-RASEO

reclagsification (KRC) e SOl c'.CfJ

——————— e e

-=‘-‘©Trg|naﬂy-by Barnsley and Barr (1996) In
urban setting

= 2 stages of the KRC algorithm: -

— Initial per-pixel classification (supervised,
unsuperwsed)

ﬂ@eclass' |




METHODS — The 2nd stage of the
cl_JOOfOJLfJ (reclassificatior)) —

;?=I;ef-each_0f-th-e referenEé pixels (I.e. pixels with a
known class)

— Extract the kernel belonging to this pixel

— Compute an Adjacency Event Matrix (AEM) for each -
kernel . i o

—

— f;; denotes adjacency frequence of classes | and |
= Compute template AEMs for each class
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~ = Forevery pixe
... — Get kernel
- — Compute AEM for each kernel
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"in'the image

= AEM; ... element of the AEM

= Tk; ... corresponding element of the template AEM for class k

= N ... total number of adjacencies in a kernel ~
C ... Number of output classes —




METHODS — The 2nd stage of the

RC aporoacr (reclassificatior)) —

I__.J

E‘-@ﬂginai—aﬁﬁmach 0)Y Bérnsley and Barr (1996):
assign each pixel to the output class for which A,
IS maximum

= QOur extension of the original approach:

— assign the output class of each pixel using a decision
,Which reconsiders the whole set of similarity values,.

A) _ -""-—
ring from examples (Quinlan’s Seebs,

WWW.ruleguest.com) to generate the decision tree



http://www.rulequest.com/

VETHODS = C

-___-_:Ké‘_g:)a statistic (k): indicates the extent to "
which the correct vaues are due to true
agreement vs. chance agreement.

observed accuracy —chance _agreemernt

1 —=chance agreement

g




METHODS —

B — =

p— -

~ 1. Image data pre-classsification using two per-pixel
- classification.approaches ...
— unsupervised: ISODATA clustering (= 10 abstract classes)

— supervised (used as a baseline approach): minimum distance to
nearest class-mean in image channels space (MINDIST) = 10
EUNIS classes

2. ... and a texture based approach

— panchromatic texture homogeneity image (Haralick et al. 1973) >
histogram equalization - 8 discrete homogeneity classes

assification using KRC - similarity images (+ pe
ssified ma ording, to origl nsley-Ba

; nels: 3x3, 5x5, 7x7, 9x9

5. Final decision tree-based reclassification using sets of
similarity Images (decision trees generated using machine
learning from examples)
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C’oers 195”Z'h€cta“res N SW Sloven

= Part of a proposed regional park,
biodiversity hotspot

= Features grasslands, wetlands, forests
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DATA — Study area
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— Ikonos sateﬂTtE*Wage

e _
— 1 panchromatic image channel, 1 m spatial

resolution

— 4 multispectral image channels (blue; green,
red, IR), 4 m spatial resolution

age acguired on October 14, 2001

-unfavo ' low S
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— ConS|st of 2166 polygons belonglng to 10_EUNIS _
— ——eiasseg -

= Polygons were delineated using image |
segmentation and identified using stereoscopic
aerial photo-interpretation

= Only central parts of polygons taken into account
to mitigate the boundary effect with kernel
orithm

andom s mple,c pixels drawn |strlbm
m G fication' and! for accuracy.
stimation), each containg 380 pixels per class




EUNIS code Description
Beds offlarge sedges nermally witheut free-standing water;
clflc
ff ls‘cIdOW_)

Medlterraneo MoeRiARE broadleaved demduous thickets
Willow: carr and fen scruib

Broadleaved deciduous wooedland

Coniferous woodland

Early-stage natural and semi-natural woodlands and regrowth
Constructed, industrial and other artificial habitats




RESULITS — Class-specific similarity. Images, (example)

Similarity to class |=9.rz "

M




SEEd IR iiun Sxsiill [KEIEQSE 1,10 1UEe bHMa¥ £J 1. 170U UU=
Options:
Pruning confidence level 1%
Test regquire= two branche=s with >= 100 items

ISI]DETE s:unllarltyzclassEEE <= 0.8305: — -

- . . ISODATHR similarity2classD52 <= 0.8605: E3.4 (292 .0/151.0)
RE: ;UL I : ; —_— : : ISODATA similarity2classD52 > D.8605: D5.2 {432.0f122.0)
—— — g IS0DATA similarity2classEZ22 > 0.8505:
[:) e o i :...HOMOGEH similarity2classD52 <= 0.8566: E2.2 (241.0/73.0)
eCISIOn tree : HOMOGEN similarity?classD52 > 0.8566:

.HOMOGEH similarity2classF92 > 0.9142: F3.2 (155.0/92.0)
HOMOGEN similarity?classF92 <= 0.9142:
.ISODATA similarity2classE34 > 0.9093: E3.4 (134.0/63.0)
ISO0DATA similarity2classE3d <= 0.9093:
.HOMOGEH similarity2classGi6 <= 0.8959: E1.5 {161.0f71.0)
HOMOGEH similarity2classGi6 - 0.8959: E2.2 {100.0f50.0)
HUHDGEH | similarity2classGie = 0.9233:

- Example DT .. ISODATA similarity2classd > 0.9285: J (397.0/36.0)
- 1 ISO0DATA similarity2classd <= 0.9285:
DT to reClaSSIfy :...ISODATA similarity?classG3 <= 0.9315:
combined ISODATA :...ISODATA similarity2classGl > 0.9393: G1 (299.0/85.0)

and HOMOGEN based : ISODATA similarity2classGl <= 0.9393:

.ISODATA similarity2classD52 <= 0.8478: G3 (148.0/100.0)
lty values inte . ISODATA similarity2classD52 > 0.8478: F3.2 (367.0/94.0)
= ——. -

C|asses ISODATA similarity2classe 315: ““

. :...I50DATA =similarit 09479:
ernel size 7xr - L $s63 <= 0.9489: Gl (132.0/64.0)
4 TSODATA similarity2classG3 - 0.9489: 65.6 {(112.0/39.0)
ISO0DATA similarity2classGl <= 0.9459:
.ISODATA similarity2classGl <= 0.9165: G3 {103.0f12.0)
IS0DATA similarity2classGl > 0.9165:
.ISODATA similarity2classG3 <= 0.9581: G5.6 (101.0/53.0)
IS0DATA =imilarity2classG3 > 0.9581:
.ISODATA similarity2classD52 <= 0.85684: 63 (111.0/28.0)
IS0DATA similarity2classD52 > 0.8584:
.HOMOGEH similarity2classGl <= 0.9611: G3 {107.0f47.0)
HOMOGEHN similarity2classGl > 0.9611: G5.6 (105.0/45.0]

¥







RESULTS — Kernel-based reclassification of
SODATA (original approach)

= Kernellsize = 7x7
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DISCUSSION — VR Imzagery

e
ad

__= Spatial c ntext becomes important in VHR

Imagery when pixel size falls below the size
of objects of interest

= Therefore the least accurate Is the per-pixel
classification due to its inability to consider

ﬁm’al context = —
- -

[R—




DISCUSSION — Soailal corntex:

e

= Accuracy is improved by applying any
reclassification taking into account spatial
context (be it KRC or DT), even with smallest

kernel (3x3) —
= Tradeoff: loss of spatial detail, iInherent to

ﬂael-based algorithms,




r DN CONIPEIISOIRIC

reclassificatlorn anoroacnes

e ——

— e —— —_—

= | ooking at just one kernel size
- = (0 [0 A —

= The least accurate Is
KRC(HOMOGEN) — partly
because homogeneity is just
one of many possible textural e
measures (of just one of image SO U,
channels) E S

= _Followed by KRC(ISODATA)
" and DT(ISODATA)

WSIW :
eved by

DT(HOMOGEN+ISODATA)




DISCUSSION — [riput clat

= Merglng pre-classmed ISODATA and
~ HOMOGEN Images to maximize information
content before applying KRC?

= NO, because:

— Merged pre-classified image with large number
of classes (e.g. 10x8=80) would yield large

ﬂiEMS, Which is costly _to comBute e

ﬁ;gmgam any Os (only a
mited number of class coocurrence types can
be expected) - AEMSs statisticaly not significant




DISCUSSION — DT /[ ¥RC corngarisor

e —— ——

| e e s ol S

-~ = Mergmg several pre-classified imagesinrine
context of KRCIs therefore not practical
= However, sets of similarity images resulting from
different pre-classified images can be merged
using a DT
= The abllity to consider more input.information Is
the main advantage of DT over KRC as detected

Inthis, study, »
ﬁﬁereforef Uracyi ements are

~ pessibl 'DT approach by incorporating

ancillary information (e.g. multi-date satellite
Imagery, multiple textural measures, thematic GIS
EVEES)

.
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