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ABSTRACT:

Land-cover changes occur at unprecedented ratespital ecosystems of Southeast Asia, threatethiadhigh biodiversity of this
region. To monitor such important changes, remetsisag techniques are increasingly used at diffeseatial scales. In this study,
we investigate land-cover changes at landscapé tsxeg a twenty-year period in seven sites locate@ambodia, Lao People’s
Democratic Republic (Lao PDR) and Thailand.

For each site we acquired high spatial resolutmenes from SPOT satellites at three dates from 19&008, as well as Digital
Elevation Models (SPOT and SRTM DEMSs). An objecented changes detection method was applied tarthgeds to assess for
each site) the location andi) the rate of land-cover changes. We also computethetic landscape indices from the classified
objects, reflecting two main aspects of landscajpéogy: fragmentation and landscape heterogeneity.

The multi-temporal analysis of contrasted landssgmé into evidence the difficulty to implement mique classification process
including numerous object-related indices. Nevéedg object-oriented classification techniquesliagpon SPOT imagery were
appropriate to map the land-cover on the diffesatly areas, allowing the analysis of land-covemges. Our study highlighted
different spatio-temporal patterns of land-coveargpes among the study sites. According to our tesahnual deforestation rates
ranged from 0.65% to 1.84%, the highest changes t&ing observed in Cambodia and Lao PDR. Morefragmentation indices
revealed disparities in the dynamics of habitagrfrantation between the three countries. Methodsiltseeand perspectives of this
work are discussed.

RESUME:

Les écosystemes tropicaux d'Asie du Sud-Est coseaisdes changements d’occupation du sol sansdamizéconstituant une
menace pour la forte biodiversité de cette régifim de suivre de tels changements, la télédéteatt de plus en plus utilisée a
différentes échelles spatiales. Nous étudionsegidhangements d’occupation du sol sur une pédedéngt ans, a I'échelle du
paysage de sept sites d'études localisés au Cambendgaos et en Thailande.

Pour chaque site, des images a haute résolutidialspdes satellites SPOT ont été acquises a diatiss entre 1987 et 2008, ainsi
que des Modeéles Numériques de Surface (SPOT et SBHEMSs). Une méthode orientée-objet de détectionctiengements a été
appliquée a ces images pour évaluer pour chague'situdei) la localisation eti) le taux de changement d’occupation du sol. A
partir des objets classifiés, nous avons égalenseftulé des indices paysagers synthétiques refldtarfragmentation et
I'hétérogénéité du paysage.

Cette analyse multi-temporelle a mis en évidenchfigulté de mettre en place un processus uniquelassification comprenant de
nombreux indices pour des paysages contrastés. @amterles techniques de classification orientéeggtoke sont avérées
appropriées pour cartographier I'occupation dudesl différentes zones d’'études, et ainsi d’en étuds changements. Les résultats
mettent en évidence différents motifs de changesn#otcupation du sol, avec des taux annuels deethtion compris entre 0,65
et 1,84 %, les changements les plus importants étaservés au Cambodge et au Laos. Par ailleurindess de fragmentation
révelent des disparités entre les trois pays. Lé&thades, résultats et perspectives de ce travaildsscutés.

1. INTRODUCTION This paper investigates land-cover changes at tapdslevel

over a twenty-year period in Cambodia, Lao People’s
In Southeast Asia, the high biodiversity (Myetsal., 2000) is  Democratic Republic and Thailand. Seven sites wéaesen
threatened by rapid and recent habitat modificatiolhe along a North-South gradient. An object-orientecardes
highest deforestation rate is observed there codptr other  detection method was applied to SPOT satellite @nado

regions (Achardt al., 2002). This is likely to lead to massive assess for each sitgthe location andi) the rate of land-cover
species declines and extinctions (Soehial., 2004). In this  changes.

context, remote sensing techniques are valuabléds tfmr
landscape change monitoring at different spatiales; and are
increasingly used (Chowdhury, 2006).
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2. METHODOLOGY
2.1 Study sites and satellite images

The seven study sites were chosen along the MeRiner
(Figure 1) in the
(www.ceropath.org). For each site we acquired hsglatial
resolution satellite images at three dates from71&8 2008
(Table 2). Spatial and spectral resolutions depend the
available SPOT scenes. When possible, cloud-fremescie.
from the dry season) were chosen. The most recamesfor
each site had a pixel size of 2.5 x 2.5 metersainchromatic
mode and 10 x 10 meters in multispectral mode. SP@jikal
Elevation Models (DEM) with a spatial resolution 20 x 20
meters together with the SRTM (Shuttle Radar Topdgrap
Mission, http://srtm.usgs.gov/) DEM (90 meters &dat
resolution) were also acquired.

Myanmar

Thailand
@ Buriram

Cambodia

Preah
Sihanouk

500
o e km

Figure 1: Locations of the seven study sites in Gatigh Lao
PDR and Thailand.

Site Date Satellite / sensor
Mondolkiri 1988/02/12 SPOT1/HRV1

© 1998/03/28 SPOT1/HRV2
§ 2008/03/16 SPOT5/HRG1
g Preah Sihanouk 1992/06/08 SPOT2/HRV1
© 1997/12/29 SPOT1/HRV1
© 2006/12/19 SPOT5/HRG1
2007/03/22 SPOT5/HRG1

Luang Prabang 1987/02/27 SPOT1/HRV1

@ 2006/10/31 SPOT5/HRG2
E 2007/01/03 SPOT5/HRG1
9 Champasak 1987/12/11 SPOT1/HRV1
- 1995/02/08 SPOT3/HRV1
2007/12/13 SPOT5/HRG1

Buriram 1991/01/20 SPOT2/HRV2
1998/01/26 SPOT 2/ HRV1

2006/11/11 SPOT5/ HRG2

2008/01/17 SPOT5/ HRG2

g Loei 1987/02/27 SPOT1/HRV1
© 1996/08/01 SPOT2 / HRV2
E 2007/01/13 SPOT5/ HRG1
= 2008/04/19 SPOT5/ HRG2
Nan 1993/12/29 SPOT3/HRV1
1997/12/01 SPOT1/HRV1

2006/10/21 SPOT5/HRG1

2007/01/12 SPOT5/ HRG1

Table 2. Characteristics of SPOT scenes used isttinky
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2.2 Pre-processing

Pre-processing steps included accurate spatialstration,
radiometric calibration and resampling of the nspléctral
images to the higher resolution of the panchromaties. Also

frame of the CERoPath projecttexture indices (contrast and dissimilarity indicesmputed

from the grey level co-occurrence matrix) (Harakthl., 1964)

were derived from panchromatic images and slope was

calculated from DEMs (ENVA software).

2.3 Segmentation and classification of the most recestene

For each site the most recent SPOT scene was stgimesing
the ‘multiresolution segmentation’ algorithm (eCdgm

DevelopeP software). The same segmentation parameters were

used for all sites (Table 3). The delineated objaetre then
classified using a supervised process based onoliects
intrinsic characteristics (reflectance values, shapd texture)
including vegetation and water indices (McFeetet996,
Tucker, 1979, Xu, 2006). In a first level of segiadion, water
bodies and built-up areas were extracted usingdaoobr fuzzy
membership functions. Other objects were classifiatb
different slope classes (Table 3). These latteewtassified in
a second level of segmentation into different wabdend
agricultural classes e@. rice fields, rubber tree or teak
plantations, secondary tropical rainforest) claséesed on a
supervised nearest neighbour classifier requirhmg gelection
of training samples (Table 3).

To allow inter-site comparison, objects were fipatierged into
four main classes: water, wooded areas, cultivateés and
built-up surfaces that are present in the sevedyssites.
Clouds and cloud shadows objects were masked.
Classification accuracy was assessed by field oagens and
photo interpretation using Google E&tth50 samples were
randomly selected for each class and assignedciasa by a
photo-interpreter who was not involved in the dfasgtion
process. Using these ground-truth data, a confusiatnix was
computed and two statistics were derived for eatd ¢he
overall accuracy and the Kappa index (Foody, 2002).

2.4 Changes detection

For each site, based on these four land-cover edassew
objects were delineated on older scenes using Hmes
segmentation algorithm. These objects were claskifi order
to detect eventual land-cover change and if ars/,néture
(Table 3). The classification process, based on Imeeship
functions, used three types of object propertiggririsic
properties, topologic characteristics (relationsn&sghbouring
objects) and contextual characteristics (semamtiationships
between objects). The segmentation prior to olijesed
classification enabled to avoid obvious errors lmssification
and thus improve the post-classification comparig&@oppinet
al., 2001). Indeed, we considered in this procedurgtdey
urbanization as a non-reversible process, followfidgpuy et
al.,, 2012): built-up surfaces in the most recent sserten be
classified as forested or cultivated areas in paages, but not
the opposite.



Segmentation Classification
G Segmentation | Spectral band | Scale | Shape| Compact | Type of Object Feature$
g level (weight) ness classification
B PAN (2) 120 0.3 0.8 Fuzzy or SWIR: Mean
£ MS (1) Boolean PAN: Haralick contrast, Haralick
A o PAN Haralick membership dissimilarity
% § Level 1 contrast (0) functions Brightness
T PAN Haralick NDVI
g § Dissimilarity (0) Slope: mean
g¢e Slope (0)
Sl PAN (2) 200 0.1 0.5 Standard nearegsGreen: mean
G E MS (1) neighbour Red: mean
g,g PAN Haralick classifier, using | NIR: mean
o™ Level 2 contrast (0) training samples) SWIR: mean
o PAN Haralick PAN: mean, Haralick contrast,
* Dissimilarity (0) Haralick dissimilarity
n Slope (0) NDVI, NDWI, MNDWI
Brightness

MS (0) 200 0.9 0.5 Boolean Thematic layer: classes of Step 1

Thematic: yes membership classification
0 Level 1 e .
o} (classification functions
S < Step 1)
5 -% MS (1) 50 0.1 0.5 Fuzzy or Red: mean of outer border
S 2 Thematic: no Boolean NDVI
a3 Level 2 membership Brightness
% functions Context: existence of super objec

1: PAN: Panchromatic, MS: MultiSpectral

2: NIR: Near infrared, SWIR: Short-wavelength infidré&lDVI: Normalized Difference Vegetation Index Cker, 1979), NDWI:
Normalized Difference Water Index (McFeeters, 1998\DW!I: Modified Normalized Difference Water Ind€Xu, 2006)

Table 3. Parameters used in the multi-resolutegmmentation and image object classification

2.5 Object-based indices calculation

To allow comparison between sites, synthetic laapsc
indices were calculated from the classified objeasing
Fragstats software at the landscape level: prapodf each
land-cover type, patch density, edge density, Stiisn
Diversity Index (SHDI) and Simpson’s Diversity Inde
(SIDI). These metrics were selected to reflect tmain
aspects of landscape ecology: area-density-edgectasand
diversity. Patch and edge densities indices caimtieepreted

as fragmentation indices whereas Shannon’s and sBin‘g
Diversity indices rise with landscape heterogeneity
(McGarigal et al., 1995). Full detailed information on these
metrics is available on the Fragstats site at
www.umass.edu/landeco/research/fragstats/fragstiauls.
Annual land-cover changes rates were assesse@dbr site
over the studied period.

3. RESULTS

Object-oriented classifications of the most recenenes
showed various forested ecosystems in the stuey @figure
4). Among the different study sites, two sites (hga
Prabang, Lao PDR, and Mondolkiri, Cambodia) are lgrge
covered by wooded areas (proportion of wooded areas
50%). Most of the five other sites present simiesportions
of forested and cultivated areas, except Buriramaif@hd),
where agriculture takes over wooded areas (praportf
wooded areas < 30%). Moreover, large differencelersize
of forested patches exist between the sites, waitel wooded
parcels in some locations.g. Mondolkiri) contrasting with
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smaller, fragmented wooded surfaces in other §&gsNan
or Buriram, Thailand) (Figure 4).

Accuracy measures of the land cover maps showedod g
agreement between the classification results aadytbund-
truth data, with fair to good overall accuracy sateanging
from 0.64 (Buriram) to 0.82 (Mondolkiri) (Table 5)n
Buriram, most errors occurred because isolated tiees
cultivated parcels were classified as ‘forest’ veaer they
were considered as ‘cultures’ by photo-interpretati

Site Overall Kappa index
accuracy (%)

Mondolkiri 82 0.76
Preah Sihanouk 74 0.69
Luang Prabang 73 0.67
Champasak 79 0.72
Buriram 64 0.47
Loei 68 0.62
Nan 81 0.74

Table 5. Accuracy measures of land cover clasgifios

Looking in the past, a diminution of forested arewas
observed in all sites (example Figure 6). Defotestarates
ranged from 10.6% to 36.8% between the older aadrtbst
recent SPOT images, corresponding to annual deétias
rates of 0.65% (estimated in Buriram, Thailand) t84%
(Mondolkiri, Cambodia — see Figure 6).
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|:| Unclassified )
Figure 4: Land-cover maps of seven study sitesointt&ast
Asia, derived from SPOT imagery by object-oriented
classification

Forest changes
MondolKiri study site

Recent deforestation (<10 years)
- Older deforestation (10-20 years)
I Actual forest (2008)
\:’ Cther (cultures, built-up areas) in 1988

0 25 5 10
km

1988-2008,

changes classification,
Mondolkiri study site, Cambodia.

The analysis of the changes in the three main kemcer
types (built-up areas, agricultural areas and fetesireas)
showed a high variability of the land-cover dynasnic
between the different sites (Figure 7).

The conversion of forest to agricultural land se¢mbe the
major cause of land cover changes in most of thes,si
particularly in the sites with the highest defoa¢isin rates
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(Mondolkiri and Preah Sihanouk in Cambodia and Luang
Prabang in Lao PDR). Nevertheless, in other sites th
proportion of cultivated areas remains stable (Bunir
Champasak): in that cases, land cover changes ardyma
caused by the conversion of forest to built-up area

All landscape indices increase over the studieibgden the
seven study sites, reflecting an increase of babitat
fragmentation and landscape heterogeneity (Figure 8
Though, large differences were observed on theslzaqmk
indices among the seven study sites. Overall, iheet Thai
sites (Buriram, Nan and Loei) have higher fragmémnat
indices €.g. edge density index) than Lao sites (Champasak
and Luang Prabang), which in turn have higher walok
fragmentation indices than the Cambodian sites (Mtkird

and Preah Sihanouk) (Figure 8a). Thus, the dynamfcs
habitat fragmentation appears to be different ia three
countries. On the other hand, diversity indicesiea) which
reflect the balance between the different land cdypes,
such as the SHDI, are higher when all land covpegyare
present in a site with similar proportions. Fromttpoint of
view, the two sites with the larger woodland co{ienang
Prabang, Lao PDR, and Mondolkiri, Cambodia) have the
lowest diversity indices, but with the highest iase over
the last two decades (Figure 8b).
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Figure 7: Evolution of the proportion of forestexltivated
and built-up areas within the seven study site8712008.
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4. DISCUSSION

Because of the high variety of landscapes amongséiien
study sites in Thailand, Lao PDR and Cambodia, weddb
implement a unique classification process for iédiss object
features had to be fine-tuned to each site in arsiged
classification process to discriminate between ediffit
agriculture and forest classes (Table 3). Howebetause
SPOT images were acquired at the same spatialutEst
(2.5 m x 2.5 m for the most recent scene and 202 m for
older scenes), the same segmentation parameteesused
for all study sites. Moreover, all sites could begessed
identically for change detection, as membershipctions
were used. Overall, the method was efficient tocess a
high number of multispectral images (25), detentllaover
changes and analyze them in terms of land coveardigs,
fragmentation and heterogeneity.

Our results illustrate the important land cover nies
occurring in Southeast Asia over the two last desahd are
consistent with annual deforestation rates estidnaby
programs such as the Global Forest Resources Asseissm
2000 (FAO, 2001) or others research studies (Eoal.,
2005, Giriet al., 2003, Lambiret al., 2003). Moreover, the
use of an object based image analysis approadiided the
calculation of landscape indices. Results of thetigpa
temporal comparison of such indices put into eviden
discrepancies in fragmentation indices between ttiree
countries. Fragmentation indices being higher irailEimd
than in Lao PDR and Cambodia suggest an older
deforestation process in Thailand than in its nedgiing
countries. The observation of the trends in landecand
landscape indices allow the identification of ‘lspets’ areas
where land cover is changing at a quickening pace.

Nevertheless, all those changes may have varicasons
(eg. changes in demography or in agricultural practices,
politics on forest conservation).which may be site-specific
and need further socio-economic investigation o lases
for a proper interpretation of the metrics derivédm
satellite imagery. In the future, the acquisitidrinsages with

a higher temporal resolutione.§. every two years) will
highly improve the detection and interpretationasfd cover
changes, in particular improving the detection biftig
cultivation parcels. Moreover, field-truth data aeguired to
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assess the accuracy of land cover maps produdgitfesent
dates. Such data are crucial in ecosystems expéargen
important and rapid changes; they may be providetabd
cover observatories or participative databaseso(étaal.,
2011).

5. CONCLUSIONS

Object-oriented classification techniques applied SPOT
imagery were appropriate to map the land-cover itiarent
study areas from Southeast Asia, allowing the aimlpf
land-cover changes over a twenty-year period.

Our study highlighted different spatio-temporal tpats of
land-cover changes among the study sites. Pergpsotif
this work first concerrthe identification of the underlying
driving factors (economic, institutional, technicaultural,
population) and secondly the study of the impacthafse
environmental changes on biodiversity changes,ntplds
example the rodent communities (Herbretetwal., 2006)
and pathogens they carry (lvanaal., in press).
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