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ABSTRACT

Tropical forests store huge amounts of carbon and are responsible for high annual
emissions rates. Deforestation and forest degradation in the tropics contriiliteo6

of global anthropogenic carbon dioridemissions Additionally, tropical peatlands
make a significant contribution to the terrestrial carbon stckerms of thick
belowground peat deposits (up tor2) and aboveground foresiBhe largest sharef
tropical peat swamp foresiccurs in Indonesia and is a huge carbon sin& to the
amount of carbon stored in the peahe forestsare under severe anthropogenic
pressure, mainly for the needs of logging activities and laggle plantation
developmentrfostly oil palm). The pe&is being drainedndthe forest cover ibeing
reducedresulting in a high susceptibility to fire which is comrhomisedto clear
forested areasBetween 1990 and 2010, Borneo lost approximately half of its initial
peat swamp forest covamainly caused ¥ legal and illegal logging, extensive
plantation development, enormous drainadand-development projectsand avery
strong El Niio episode in 1997/1998ingresponsible for @rolongeddrought period.
Hence, Indonesia became one of the largest gresehgas emitterworldwide and is
therefore in the focus of REDD+ projectghich aim at reducing emissions from
deforestation and forest degradatidinese projects require a precise monitoring of
national forest carbostockswhich are generally deriveddm aboveground biomass
(AGB) estimationsRemote sensing has been identified as the most cost effective way
to monitor theseremote and hardly accessible foredEsen though ield inventory
measurements arkaborious, time consumingnd they are mandaty to calibrate
satellite or airborne signals to estimA@B.

The main goal of this thesisare to monitor hydrological effects of peat restoration
measurements with continuous SAR (synthetic aperture radar) imagery and to evaluate
the potential and accuracy of mitequency SAR, multispectral RapidEye, and multi
temporal airborne LiDAR(light detection and rangingylata for AGBretrieval The
study areas located in Central Kalimantan on Borneo, Indonesialis dominated by
peat swamp forestanalysis of nulti-temporal combined Xand L-band SARimagery
showed promising resultsr estimatingAGB up to 300/ha. A comparison of methods
revealed that artificial neural network (ANNyas superior to multivariate linear
regression (MLR) and support vector regression (SviBjlels AGB estimations based
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on spectral unmixed RapidEye data were moreaurate than using multi-frequency
SAR databut were affected by frequent cloud cover and saturatfothe satellite
signal Multi-temporal airborne LIDAR (light detection and ranging) measurements
successfully prowkto precisely quantify even small scad&B dynamicswithout the
constraintof saturationdue tothe detailed determination of the vertical vegetation
structure.This evaluation of different sensors for AGB retrieval in tropical peat swamp

forests is very importanespecially in the context ®]®EDD+.



ZUSAMMENFASSUNG

Tropische Waldebilden einen groRen Kohlenstoffspeicher und setzen jedes Jahr grol3e
Mengendavonfrei. Entwaldung und Walddegradierung in den Tropen tjigtlich
6-17% zu den anthropogenen Kohlenstoffdioxidemission Deipische bewaldete
Torfgebieteleistendurch tiefe, unterirdische Torfvorkommen (bis zun20und darauf
wachsende Waldeginen besondererBeitrag zum terrestrischen Kohlenstoffspeicher
Das grofdte VorkommertropischerTorfsumpfwalder befindet sich in Indonesien und
bildet durch den im Torf gebundenen Kohlenstoff einen enormen Speidhese
Waldersind starkeranthropogeneikinflissen ausgesetztauptsachliclkaufgrund von
Holzeinschlag und groR3flachigé’lantangen (Uberwiegeridr Palmol). Der Torf wird

dabei trockengelegt undder Waldbestandreduziert Dies fuhrt zu einer hohen
Anfalligkeit fur Feuer, welches Ublicherweidaai genutzt wird, bewaldete Flachen zu
roden. Zwischen 1990 und 201Bat Borneo ungefahr die Halfte des urspringlichen
Torfsumpfwaldes verloren vorwiegend aufgrund vonlegalen und illegalen
Holzeinschlag,grof3flachigenPlantagen, massivelrockenlegung des Torfes, sowie
eing extreme& El Nifio Trockenperiodein den Jahrenl9971998 Dadurch wurde
Indonesien zweinem der gro3ten Treibhausgasemittemtetiweit undrtickte daherin

den Fokus von REDD+ Projekten, die auf eMerringerungder Emissionen durch
Entwaldung und Walddegradierung abzielen. Diese Projekte bendtigen eine genaue
Kontrolle der nationalen Kohlenstoffbestande der Wéldeeicheim Allgemeinen von

der Biomasse abgeleitet werd&ie Analyse vorFernerkundunggdatenerwies sit als

die wirtschaftlichste Methode diese abgelegenen und kaum zuganglichen Walder zu
uberwachenAuch wenn die Erhebung voRelddatenarbeitsintensiy zeitaufwendig
undteuerist, ist diesdennoch zwingend erforderlich fdre Kalibrierung von luftoder
satellitengestitzten Fernerkundungsdaten im Hinblick auf die Bestimmung der
Biomasse.

Das Hauptziel dieser Arbeit ist eine Evaluation der hydrologischen Effekte der
Torfrenaturierung mithilfe von Radardatenzeitreinen sowie Madglichkeit und
Genauigkeit der Biomassebestimmung auf Basis von Radardaten verschiedener
Frequenzen, multispektralen RapidEye und multitemporalen flugzeuggetragenen
LIDAR (light detection and ranging) Messungdbas Untersuchungsgebidtegt in
Zentrd Kalimantan auf Borneo, Indonesiaimd wird vonTorfsumpfwalderdominiert
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Die Verwendung von multitemporalen kombiniertend$d L-Band Radardaten zeigte
vielversprechende Ergebnisse #ine Bestimmung der Biomasdas zu 30Q/ha. Ein
Methodenvergleilc demonstrierte, dass kinstliche neuronale Néesser geeignet
waren als multivariate lineare Regressioneder Support Vektor Regressionen
Biomassebestimmungen basierend @ptischenspektral entmischten RapidEye Daten
erzielteneine hdhere Genauigkeals die Verwendung vorRadardaten verschiedener
Frequenzen Nachteile sind jedoch dikaufige Bewoélkungin tropischen Regionen
sowie eine Sattigung des Satellitensignal Mithilfe von multitemporale
flugzeuggetragenen LIDAR Messungé&onnten auchkleinrdumige Anderungen der
Biomassebeobachtetverden,was durchdie detailgetreue Darstellung der vertikalen
Vegetatiosstruktur ermdéglicht wird. Diese Evaluierung verschiedamSensoren zur
Bestimmung der Biomasse tropischen Torfsumpfwaldern isiesondergir REDD+

Projektensehr bedeutend.

Vi
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l. Introduction

1. Importance of tropical forest monitoring

Tropical forests are among the most carbon (C) rich and structurally complex
ecosystems in the world and are therefioréhe focus of climate change mitigation
mechanism projeciStreck et al. 2008Peforestation and forest degraidatof tropical
forests contribute to atmospherigreenhouse gasmissions through combustion of
forest biomass and decomposition of remaining plant material and soil carliotal,
228.7Gt of carbon is stored in tropical woody vegetation and the netaémission of
carbon from tropical deforestation is estimaéd.0 Gt of carbon per year annualized
over the period from 2002010 (Baccini et al. 2012)These activities are responsible

for 6- 17% of globalanthropogenicarbon dioxide €O,) emissiors (van der Werf et

al. 2009) Consideringalso carbon emissions from tropical peatlandnimg and
oxidation in Southeast Asia, the contribution of forest and peatland decline amounted
evento 23% ofglobal anthropogeni€O, emissiongvan der Werf et al. 2009)

Tropical peatlands make an important contribution to the terrestrial carbon storage not
only in terms oftheir forests but also in terms of their underlying thick peat deposits
(Page et al. 1999)The total area of tropical peatland is estimased!41.025km?
whereby Southeast Asencompassédsbe largesportion (247.778kmz?, 56%) Indonesia
comprises the largest area of peat within Southeast Asia (206185017% of toth
tropical peatland area) and contains a total carbon sto@pmfoximately 745t of

which 19 Gt is stored aboveground in forested 55Gt belowground in peat deposits
(Baccini et al. 2012; Jaaske et al. 2008; Page et al. 2011)

Due to widespread felling and burning of rain forests and carbon rich peat swamp
forest s, I ndonesia became one of the worl
therefore into focus of climate change mitigatiorechanisms aiming at avoided
deforestatior(Sloan et al. 2012REDD+ is an example for such a mechanism and deals
with reducing emissions from deforagon and forest degradation, conservation of
forest carbon stocks, sustainable management of forest land and enhancement of forest
carbon stockg¢Campbell 2009)Deforestation is defined as conversion from forest land

to nonforest landwhich means a reduction in crown cover belowesgtain threshal
(typically between 10% and 30%pOFGGOLD 2011) Deforestation typically results

from conversiorof forest to annual crop land, conversion to perennial plants (oil palm
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or shrubs) and conversion to urban lands or other human infrastr¢(G@fGGOLD

2011) Forest degradatiors definedas decrease inanopy cover or biomass density,
mainly caused by selective logging or understory feFries et al. 2007REDD+ was
approved at the United Nations Climate Change Conferences in 2009 anaraiife

year 2011 provided the starting point for the development of a worldwide forest
monitoring system.The aimof the REDD+ mechanisns to rapidly and radically
reduce the rate of deforestation and degradation across the tropics via performance
related payments to countries that reduce these emissions. The financing needs for
2010to 2015 are estimted at 20 30 billion USD. Developed countries made an initial
payment of 4 billionUSD for the years 2010 to 201(Zlements 2010)Norway and
Indonesia concluded a landmark deal which obligated Norway to priwdeon USD

for Indonesia's advancing forest emission reductién.major component is a
moratorium on new agricultural and logging licenses which aims to support Indonesia’s
goal of reducing national emissions by 26% until 2020 and to prepare Indonesia to draw
paymens from industrial nations via the REDD+ schef8an et al. 2012)

REDD+ is promoted as a winin situation for climate change mitigatiomdatropical

forest conservatiant could end up contributing to a global economy based on carbon
and ecosystem servicdgdsner 2011) Co-benefits of REDD+are supposedto be
conseving biodiversity, alleviating poverty, and climate change adaptatiomever,

there are also REDD+ related problems, such as leakage or displacement of carbon
emissions within a country. Therefore, a nationwide carbon stock monitoring is needed
to preven that reduced deforestation or forest degradation could occur in one part of the
country but increase in another off@eFries et al2007) A challenge for REDD+
projects is to accurately estimate the carbon stock and to monitor its chRagede
sensing has beadentified asa very efficient anadtost effective metho@Herold & al.

2007)

2. Tropical carbon stock monitoring using remote sensing

The amount of carbon stored in vegetatisngenerally derived from aboveground
biomass (AGB) estimates by assuming a carbon content of dry biomass ¢G5@%

et al. 2009) Field inventory measurements are the most accurate way to retrieve AGB
but they are dficult to obtain because their collection is laboricarsd expensive,

especially in remote and highly inaccessible tropical forests. Thereéonete sensing
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is an effective way to retrievepatially explicit AGB estimation mapslowever field
inventoryderived AGB data are mandataxyg referencéor remote sensing based AGB
estimations.

Different kinds of approaches have been developed to retrieve AGB estimation maps
from remote sensing dat@he indirect approach is based on a land cover classification
whereby a certain AGB value or range is linked to each of the land cover classes. This
approach is limited by the wide range of AGB variability within any land cover class
and by ambiguities irthe definition of those classes. A more sophisticated way to
produce carbon stock maps is the direct AGB estimation mathechich satellite
measurements are calibrated directly to field inventory AGB ({ateetz et al. 2009)

The direct AGB estimatiomdapted fromoptical, SAR (synthetic aperture radar) and
LIDAR (light detectionand ranging) datas well aghe sensor basics adescribed in

detal in the following chaptersTablel-1 provides an overview of the different sensors
and their baracteristicsA generaldistinction is made between active and passive
systems. Active systems emit energy and measure the radiation that is reflected or
scattered back, whereas passive systems detect the natural available radiation that is

emitted or réected.

Tablel-1: Overview of different remote sensing sensorg theircharacteristics

Optical SAR LiDAR
System passive active active
Radiation reflected sunlight microwave pulses pulses of infraredight
Spectrum UV -infrared microwave infrared
Wavelengths 0.37 14 pm 0.757 100 cm around 1um
Acquisition time day day & night day & night
Signal dependence blocked by clouds penetrate clouds blocked by clouds

on weather

2.1.Optical data

Optical remote sensing is a passive system which makes use of electromagnetic
radiation which is emitted by the sun and reflected off the earth's surface. The optical

spectrum includesultraviolet UV), visible, nea, mid, and thermalnfrared
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wavelengtls which range from 0.314em (Lillesand et al. 2008 The acquisition
dependson daylight and can be hindered by clouds, haze or smoke. The different
materials on the earth's surface have different characteristics of reflection and
absorption at different wavelengths which means that targets can eewlifited by

their spectral reflectance signaturédultispectral sensing includes data which are
acquired simultaneously in several spectral bands.

AGB estimations derived from optical imagery are mobtdsed on spectral reflectance
collected by modeta or medium resolution sensors, MPDIS (Moderate Rsolution
Imaging $ectroradiometerfl km) or Landsat(30 m) imagery(Avitabile et al. 2012;
Baccini et al. 2008; Li et al. 201 Tangki et al. 2008)

Vegetaion indices are combinations of two or more spectral baam$ can be
calculated by rationing, differencing, rationing differences and sums, and by forming
linear combinations. Vegetation indices are intended to highdigteirticular property

of the vegetation signal, while minimizing solar irradiance and soil background effects.
AGB estimations deriveffom Landsat vegetation indicegere conducted by Foody et

al. (2001)and Freitas et a{2005) for example. Boyd et a]1999)estimated AGB from

a combination of spectral reflectance and vegetaioiices of moderateresolution

(1 km) NOAA AVHRR (National Oceanic and Atmospheric Administratiéavanced
VeryHigh ResolutionRadiometer) imagery.

Image texturdas another method to derive AGB estimations from optical dataisand
defined by the mukldimensional variance observed in a moving window passed
through the image (e.g.X83 pixels window).Sarker et al(2011)found image texture
superior tousing vegetation indice®r spectral reflectance at high odstion (10 m)

ALOS AVNIR-2 (AdvancedLand Observation &ellite, AdvancedVisible andNear
InfraredRadiometer type Rdata. Ecker{2012)also founda superior performance of
image textureto estimate AGB from very high resolutiof®.5m) WorldView-2
imagery Lu (2005)and Lu et al(2012)retrievedbest results in estimating AGB on the
basis of Landsat spectral signatures and image texture.

Spectral mixture analysis (SMA) is a technique for comparing mixed spectral signatures
to "pure” reference data, e.g. bare soil, green vegetation (Gwphotosynthetic
vegetation (NPV), or shade. Mixed pixels include more than one reference spectrum or
land cover type on ground. The result is an estimate of the approximate proportions of

the ground area of each pixel that are occupied by each of #reneé classk-or



2. Tropical carbon stock monitoring using remote sensing

exampleLu et al.(2005)andClark et al.(2011)used SMA to estimate AGB in tropical
forests.

AGB estimations derived from optical imagery are limited in high biomass ranges by
the saturatiorof the satellite signalGenerally, he saturation level strgty depends on
forest structureyegedation characteristicas well asquality of reference and remote
sensing dataDifferent saturation levelhave been reported in tropical forefteported
saturation levels for AGB estimations based on Landsat imagery range frarhd 5@
300t/ha(Avitabile et al. 2012; Li et al. 2010; Lu et al. 201R)ODIS data were capable

to retrieve AGB even up to 45Mha(Baccini et al. 2008)

2.2.SAR data

SAR is an active remote sensing instrumehich transmits microwave pulses towards
the earth's gtace and measures thackscattereénergy to the sensoAn important
advantage of the SAR system is the daylight and weather independence as the signal
can penetrate through clouds, haze and smBK&R systems have different band
designatios which indicate th& wavelengthsof operation The wavelengths range
from 0.75cm to 100cm (Lillesand et al. 2008)The longer the wavelength, the deeper

is the penetration into the vegetatidin overview of the most important SAR bands
and their characteristics is givenTiable I-2. At X-band, the sources of scattering are
leaves and twigs from the upper part of damopy(Le Toan et al1992) The scatter
targets of the band are leaves and small brancivesereas branches and trunks build
the main scatterers of-Land Rband (Le Toan et al. 2001)Principally, longer
wavelengths are more sensitive to AGB and the saturation level increases with
decreasing frequencieHowever, AGB estimations are also sensitive fonest
structure incidence angle, and polarizatiohthe radar signalKoch 2010; LeToan et

al. 2001)
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Tablel-2: Characteristics of SAR bands commonly used for AGB estimations

Band Wavelength Frequency Penetration Scatter Examples of
designation [cm] [GHZ] depth [cm] objects satellites
X-band 2.40-3.75 12.5-8.0 3 leaves, twigs TerraSARX
C-band 3.75-7.50 8.0-4.0 5 leaves, ENVISAT ASAR,
branches RADARSAT-2
L-band 15.0- 30.0 2.0-1.0 25 branches, JERSI,
trunk ALOS PALSAR

SAR signals can be transmitted aedeived in different modes of polarizations, either
horizontal (H) or vertical (V) which results in four typical polarization combination
(HH, HV, VV, VH) where the first letter indicates the transmitted polarization and the
second indicates the receivpdlarization(Lillesand et al. 2008)in most cass, ¢oss
polarized backscattes more sensitive to variations in forest biomgssamdan et al.
2011; Le Toan et al. 1992; Mitchard et al. 2012; Pandey et al. 2010; Wijaya et al. 2009)
SAR backscatter igenerallyaffected by soil roughnegas it ©ianges the directionality

of scattering) moisture(it changes theotal proportion of scattering) as well ather
environment factorand thus influences AGB analygg¥/an et al. 2012)

X-bandSAR data hasound up to dateonly little application for AGB estimations in
tropical forestsLow or negligible correlan has beemmost often detectetletween
AGB and Gband backscatt€t.u 2006) In contrasto that Pandey et al2010)found a
correlation between C-band ENVISAT ASAR (Environmental Satellite Advanced
Synthetic Aperture Radabackscatteand AGB up to 25&ha. Most AGB studies in
tropical forests were conducted on the basis-bahd SAR datgdHamdan et al. 2011;
Mitchard et al. 2011; Ryan et al. 2012; Wijaya et al. 20@3rker et al(2012)
successfullypredicted AGB in a subtropical forest on the basis lofband ALOS
PALSAR texture P-band backscatter has proven to allow more accurate AGB
predictions than tband backscattéSaatchi et al. 2011b)

Also SAR based AGB retrieval suffers from saturation of the backscatter signal in the
higher biomass range. The saturation level dfahd SARis between 5@/ha and
200t/ha, whereby HV polarized data featured higher saturation levels than HH
polarizeddata(Hamdan et al. 2011; Mitchard et al. 2012; Mitchard et al. 2009; Saatchi
et al. 2007; Saatchi et al. 2011B)band SARbackscatter haseen found to saturate at
approximately\800t/ha(Saatchi et al. 2011b)
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2.3.LiDAR data

LIDAR is an activeremote sensing technique that sends out pulses of light, usually in a
narrow wavelength in the infrared spectrum, and records the time it takes for each pulse
of light to return to the sens{Gleason et al. 2011The return time is used to calculate
the distances between the sensor and the various surfaces on or above the ground
(Lillesand et al. 2008) The LIDAR signal is prepareds threedimensional(3D)
coordinates which have the ability to estimate the height and to map the three
dimensional structure of the vegetation.

Airborne LIDAR data acquisition is costlgnd requiresprocessing oflarge data
volumes. Currentlythe capaity to collect annual data over whole countries does not
exist currently(Mitchard et al. 2012)GLAS (Geoscience Laser Altimeter System)
onboard NASA ICESat (Ice, Cloud, and land Elewat Satellite), was the first
spaceborne LIDAR system, capable of providing global datasets ofedfth's
topographywith a footprint of 65m and data is available from 2003 to 2Q@2hutz et

al. 2005)

Many studies demonstrated the great potemtfahirborne LIDAR measurements to
precisely predict AGB of tropical forestdsner et al. 2010; Asner et al. 2012; Clark et
al. 2011; Mascaro et a011b) Kronseder et al(2012) estimated AGB from isitu

data and airborne LIDAR measurements in Central Kalimantan on Borneo for lowland
dipterocarp forests and peat swafogests

Ballhorn et al.(2011)used airborne LIDAR AGB estimations based on field inventory
measurements to estimate AGB from ICESat GLAS dB#cini et al.(2008) and
Lefsky et al.(2005)are further examples of AGB estimatsin tropical forests on the
basis of ICESat GLAS.

As LIDAR instrumentsare able tanap the threglimensional structure and height of the
vegetation in great detail, AGB estimatsoare not restricted in terms of saturation in
high biomass ranges.
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3. Tropical peat swamp forests

3.1.Characteristics

Peatlands are terrestrial ecosystems in which the production of organic matter exceeds
its decompositior(Page et al. 2006 Approximately 11% otthe global peatland areas
occur in the tropics inSoutheast Asia, Africa, th€aribbean Central and South
America and ar@redominantlylocated at low altitude, although sorm@n be foundn

the mountains of Africa, South America, and Papua New GuiRage et al. 2011)

Most of them have developed in Southeast Asia and are domed, ombrogenous systems
(Page et al2006)

Lowland tropical peat is relatively homogenous andinly consiss of slightly or
partially decomposed debris of the former forest vegetation. Well preserved tree trunks,
branches, twigs and coarse roots are found within a matrix of dark brovanpl@ous
organic material in varioustagef humification(Page et al. 200§}igurel-1A). Peat

swamp forests are moisppical forests growingn peat and areligotrophic (deficient

in nutrients) becausthe lack of mineral input and leaching of organic compounds
causes the water to becomdremelyacidic (pH4 or lessYPosa et al. 2011)

There are two major categories of peat swamp forests: topogenous and ombrogenous.
Topogenous peat swamp forests are characterizadshallow accumulation @frganic
material (< 5@&m) andareflooded by a river in the wet season aréformed in areas

with high water table wheneutrientsare available from seasonal flooding or underlying
mineral soils.Ombrogenous peat swamp fdsgsvhich occur within the study area,
havepeat depos#twhich are deeper tharb0cm and water and nutrient supply is only
derived from aerial deposition@mbrogenous peat swamp forests develop inland on
flat or gently convex areas between rivers in gtawith yearround rainfall(Rieley et

al. 1997)

Peat swamp forests find theirigin at the bemning of the Holocene, appximately

11000 years before present, where the sea level rose and the temperatures and rainfall
increased. Swamps and lakes became grgduéilled. Decomposers, i.e.
microorganismscould not thrive in theewet environmerg andorganc material began

to accumulate. Aus peat swamp forests cowddolve The peat grew in depth and the

water table rose aboveground water level and the plant community became solely
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dependent on rain water for nutrient input, and so ombrogenous peat soa@sis f
evolved(Sorensen 1993)

Thevegetatiorof tropical peat swamp forests isndimated by treedMany of themhave
buttress or stilt root that provide stability on the waterlogged. fraiathing roots
(pneumatophoreghat protrude above the peat surfaeaablerespiratory gas exchange
(Figurel-1B) (Page et al. 2006Peat swamp forests in Southeast Asia support unique
flora and fauna that are partially endemic and contribute to the exceptionally high levels
of biodiversity(Miettinen et al. 2012)

Figure I-1: (A) Peat layer of a disturbed area viewed from a drainage caiBjl Typical stilt roots of

peat swamp forest tre¢® S. Englhat).

Vegetation is not only influenced by the total annual rain, which genexatigeds
2,500mm, butalso by the rainfaltistribution throughout the yedPage et al. 2006)
The annual pattern of precipitation is characterized by a dry season from May to
October and a wet season from November to AptdcKinnon et al. 1996)Periodic El

Nifio events appearinip intervals of two to seven years prolong the dry season. The
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last El Nifio eventsoccurredin 2006/2007 andh 2009/2010 The next one is expected
in 20122013(NOAA Climate Prediction Center 2012)

3.2.Threats

Due to the balance that exists between vegetation, peat and hydrology, peat swamp
forests are highly susceptible to disturbaneere is a positivéeedback looppmong
deforestation, draage and fire which means that peatlands are easily degraded once the
balance is ups€Hoscilo et al. 2011)This feedbacks disrupted once the area is highly
degraded. After a few coesutive fires, most of the aboveground vegetation is
eliminated andmany years areequired before the vegetation regrosviufficiently.

Hence, there is a lot of fuel load whiststais new fires (Hoscilo et al. 2011)

3.2.1.Logging

Peat swamp forests contain amher of valuable timber species and have been
intensively exploitedPosa et al. 2011)Roads and drainage channels allow loggers
access into previously highly inaccessible fore@®ehm et al. 2004)Logging
operations are possible though exhausting manual labor. Valuable trees are felled, cut
into manageable pieces and tliraggedalong skid trails to theearest river or canal
where the logs can be floateavay (Figure I-2). Logging creates gaps in the forest
canopy which dries out the forest microclimaielditionally, canals, which are used for
transportation, further drain the peahelresultinglow water table in the peat causes
trees to die and the forediscomesusceptible to fire€Boehm et al. 2004 Even where
hydrology is not comprised, impacts of logging are noticeable in flora and fauna.
Selective logging causes changes in forest structure and compastiorell asin

orangutan densitieHadisuparto 296; MorroghBernard et al. 2003)

10
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Figure I1-2: Logging within Central Kalimantan. (AJransportationof logs on a drainage canal. (B)
Logging skid trail. (C) lllegal logging camp on a canal with skid trail. (D) Old logging skid tilsin
a burned fores(© S. Englhart, P. Navratil, F. Sieggrt

3.2.2.Land conversion

Largescale conversiaof infertile peatandsinto agriculturalland requires clearance,
drainage, fertilizer application and limirg orderto increase the pMalueandto boost
microbial activity (Posa et al. 2011)Construction of canadystems for drainage and
watertable managemerare often the first step Next, fire is a cheap methdor land
clearing Often noefforts are made to control the area burrguls,fires easily spread
and run out of contrdPage et al. 2009a)

The most severgeatland conversiowas caused by thielega Rice Project (MRPn
Central Kalimantarwhich was established by the Government of Indonesia in 1995
was planned tagonvertone millionhectareof tropical forest, mostly peatland (61%)
cultivated land, e.g. rice fields. More thajfb@km of drainage and irrigation canals
were built Finally, the project was officiallyterminatedin 1999. Between 1990 and
2010, 40% of the initial forest cover was deforested whereby 31% was lost during the

11
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199G, party facilitatedby the severe El Kb event in 1992/998 andhe drainedMRP
area wagparticularly effectedMiettinen et al. 2012)

Forested peatlands are still being deforestedrained and burned for agricultural
development, mainly oil palm and pulpwood plantatiqi$gure 1-3). Especially

domesticand international interests in oil palm for biofuel productae a driving

force.

Figure I-3: (A) Aerial and (B)groundphoto of a &rge scale oil palm plantation in Central Kalimantan
(© F. SiegertP. Navrati.

3.2.3.Fire

Forest fires are playing ammportant role in deforestationThe increase of fire
occurrence is strongly related peat swamp forest disturbanaes intact forestare
unlikely to burn becausthey retain large amounts of moistufeangner et al. 2007;
Langner et al. 2009)The effects of fireare lower canopy covedecreased species
richness, and reduced tree and sapling deii¥idager et al. 2003)Due to the high
combustibility ofdrainedpeat, fires can burn both abewsnd belowgroundPage et al.
2009a) Deep peat fires can smolder below the surface for mscawtd are difficult to
extinguish These subsurfacéres affect the seed bank anthuse the collapse of
overlying material, creating additional tree morta(i®psa 2011)

During extrene droughts, often associated with strong Eld\gvents, peat swamps are
extremelyproneto burning, as evidenced by recéentge wildfires that have destroyed
hundredsof thousands of hectares on Borr{eangner et al. 2009; Page et al. 2009a)
Previous disturbancicreases the susceptibility to fire. For instance, logging creates

12
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gaps in the cangp which dries out the forest microclimate and thus increases the
temperature of the peat surface. Whereas drainage causes a decrease in the water table
which can result in shrinkage and irreversible drying out of the (&asten et al.

2006) Repeated and extensive peatland fire€entral Kalimantan follow drainagses

well asselective logging and played an importesie in land cover dynamics and forest

loss from 1973 to 2008Hoscilo et al. 2011)Additionally, peat swamp forest that has
burned once has a high probability of burning again because of the accumulation of
unburned dead biomass and the regrowth offimme vegetation (fuel loadPage et al.

2009a; Siegert et al. 2001)

3.3.Restoration

Restoration attempts to recover the natural resource functions of degraded ecosystems.
There are differentmeasuresof peatland restoration, for example restoration of
hydrology, restoration of vegetation covier orderto protect the peat surface from
direct sunlight and to reduce water streams at the surface dauséd bydrainage
canals.Rewetting of peais the most effective way to prevent peat decomposition, soll
subsidence and annual firRage et al. 2009b)lo achieve this, blocking of drainage
canalsby dam buildings necessary in order to raise the water level of the surrounding
peat(Jaenicke et al. 2010; Page et al. 20091tme resultant reduced water flow in the
canals allows sedimentation of ongaand mineral material upstream of the dam which

in turn facilitates the regrowing of vegetation. Some drainage canals are used for
navigation and transportation by local people, which sometimes results in dam damages
(Figure 1-4). Therefore, planning, monitoring and maintenance of dams is very

importantofr a successful peatland restorat{daencke et al. 2010Q)

13
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Figure |-4: Broken dam due to transportatioreedg© P. Navratil).

4. Objectives of this thesis

In the context of climate change mitigatiolestorationof degraded tropical peatlands

and conservation of peat swamp forests are crucial elements. The peat swamp forests on
Borneo, Indonesia, are threatdney different human activities.nérmous amounts of

CO, and other greenhouse gadesve already been ezsed into the atmosphere.
Therefore,it is crucialto rehabilitate degraded peatlands with restoration measures and
to monitorthe succesd-urthermoretropical peat swamp forestsust be protectedor
example through REDD+ projects which require adeuarbon stock estimatisin

order to assigoarbon credits.

In Chapterll, continuousC-bandENVISAT ASAR data from 2004 to 2009 andldand

ALOS PALSAR data fom 2007 to 2009 were used to monitor the hydrological effects

of restoration measurements, more precisely blocking of drainage canals through dam
construction.The sensitivity of SAR data to soil moisture watslized to monitor
hydrological changes in thpeat soil and vegetation.

Chapterlll and IV aimed atan intensive examination of the potential ofbAnd
TerraSARX and L-band ALOS PALSARimageryfor AGB retrieval in intact and
degraded peat swamp forests on Borneo. Field inventory data were first related to

14
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airborne LIDAR measurements to estimate AGB ssrtarge areas and ecosystems.
These LIDAR based AGB estimati®mwere then related to SAR backscatter. This
upscaling approach from field inventory to LIDAR AGB estimations was bseduse

it provided numerous AGB reference data over the whole biomage feom woody
regrowth to pristine forest’he mone and multitemporal relationships of SAR signals
and biomassvereanalyzed inChapterlll. Single as well as eobined frequencies were
considered to develop regression models for AGB estimation and evaluate the
saturation.On the basis of the results achieved so far, three different methods were
analyzed and compared for AGB estimation based on -teatiporal combied
TerraSARX and ALOS PALSARiIn ChapterlV, namely multivariate linear regression
(MLR), artificial neural network (ANN) and support vector regression (SVR).

Chapter V revealsthe direct relationship betweefiield inventory derived AGB and
different SAR frequenciesr multispectral RapidEye datanQhe one handlifferent
polarizations of X-band TerraSARX, C-band RADARSAT2 and l-band ALOS
PALSAR data were analyzed for their correlation to AGB. On the other hand
multispectral RapidEye imagekyas evaluated for its potential to estimate A@Bing
spectral mixture analysis (SMA). Furthermore, the direct AGB estimappnoachi.e.
calibrating RapidEye signals to field inventonyeasurementsvas compared tathe
indirect AGB estimatiorapproachi.e. linking specific AGB values teach land cover
class of a detailed RapidEye land cover classification.

In ChapterVI, multi-temporal airborne LIDAR measuremeritem 2007 and 2011
were analyzed to quantimal scaleAGB and canopy height dynamics. Canopy height
models (CHMs) were created and AGB regression models were developed on the basis
of field inventories and LIDAR height histogram metrics. Finally, changes in canopy
height and AGB were evaluated witlspecialfocus on unaffected, selectilagged and

burned peat swamp forests.
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1. Abstract

In the context of the ongoing climate chardjscussions the importance of peatlands as
carbon stores is increasingly recognized in the public. Drainage, deforestation and peat
fires are the main reasons for the release of huge amounts of carbon from peatlands.
Successful restoration of degradeampical peatlands is of high interest due to their huge
carbon store and sequestration potential. The blocking of drainage canals by dam
building has become one of the most important measures to restore the hydrology and
the ecological function of the peddmes. This study investigates the capability of using
multi-temporal radar remote sensing imagery for monitoring the hydrological effects of
these measures. The study area is the former Mega Rice Project area in Central
Kalimantan, Indonesia, where pekitinage and forest degradation is especially intense.
Restoration measures started in July 2004 by building 30 large dams until June 2008.
We applied change detection analysis with more than 80 ENVISAT ASAR and ALOS
PALSAR images, acquired between 2004l &909. Radar signal increases of up to
1.36 dB show that high frequency mttkimporal radar satellite imagery can be used to
detect an increase in peat soil moisture after dam construction, especially in deforested
areas with a high density of dams. Fermore, a strong correlation between cross

polarized radar backscatter coefficients and groundwater levels abHe¥ecm was
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[l. Monitoring the effect of restoration

found. Monitoring peatland rewetting and quantifying groundwater level variations is
important information for vegetation-estabishment, fire hazard warning and making
carbon emission mitigation tradable under the voluntary carbon market or REDD

(Reducing Emissions from Deforestation and Degradation) mechanism.

Keywords ALOS PALSAR; Canal blocking; Carbon dioxide mitigation; EMNMT
ASAR; Hydrology; Restoration; Soil moisture; Tropical peat

2. Introduction

Natural lowland tropical peatlands are covered with trees (peat swamp forests) and are
important reservoirs of biodiversity, carbon and water. With an average peat thickness
of 45 m and an estimated amount of 55 Gt carbon stored, the Indonesian peatlands are
one of the largest neaurface reserves of terrestrial organic carlpdaenicke et al.

2008) On averagethe Indonesian peat swamp forests store about 2800 tons carbon per
hectare which is 20 times as much as tropicalfoeest of the same size without peat

soil. European peatlands, which mainly developed from loose mosses and grasses, have
an average thickness of only 1.75(Byrne et al. 2004)and the carbon storage of
German peat is about 1.6 (toper 2007)However, in the past decade, large areas of

the Indonesian peatlands have experienced serious damage as a result of human
activities such as logging and drainage. Peatland site agueht is often associated

with the construction of drainage canals in order to make the land useable for
agriculture or more often for oil palm and pulp wood plantations. The forest clearing
rate in Indonesia is the second highest worldwide, after BfgaD 2006) an areal
reduction of lowland forest extent by 41.3% in 15 years (42ib) for the Indonesian
islands of Sumatra and Borneo (Kalimantan) indicates a highly unsustainable rate of
deforestation(Hansen et al. 2009A recent study of the province of Riau, Sumatra,
showed that deforestation is decreasing in dryland forest due to depletion but is
accelerating in peat swamp foregtéryu et al. 2008) Increased pressure on the wet,

acid and nutrient poor peatlands is caused by the currently raised demand for biofuel in
Europe andhe US. Of the 22 million ha of peatlands in Indonesia, about 60% are
forested but mainly logged (illegally) and drained, 5% are cultivated and managed, and
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2. Introduction

35% are a mixture of smabcal e agriculture and sever e
(Hooijer et al. 2006)

Canals and ditches are natly built to control and lower the groundwater level for
agriculture but also to facilitate access to the peat swamp forest and to extract timber.
Naturally, the groundwater level is close to the peat surface throughout the year and
fluctuates with the imnsity and frequency of rainfall. Once peat is drainedxidizes

due to microbial activity and releases stored carbon to the atmosphere as carbon
dioxide. This ongoing rapid peat decomposition leads to the irreversible process of
peatland subsidenc@~urukawa et al. 2005; Wosten et al. 199Another severe
consequence of drainage is that the peat surface becomes dry and thus susceptible to fire
during the dry season, which usually lasts from May until October. During prolonged El
Nifio related droulgts fires are most severe, as in 1997/98 when about6234million

ha of peatlands burnt in Indonesia, releasing huge amounts of the greenhouse gas CO
(Page et al. 2002; van der Werf et al. 200Bhe water absorption and retention
properties of these degraded peatlands are impaired, and hence cause vast flooding
during the rainy season with impacts on downstream habitaidiisten et al. 2008)
Mainly due to peat fires, Indonesia became one of the largest producer of greenhouse
gases worldwide(Hooijer et al. 2006) Therefore, restoration and conservation of
tropical peatlands play a crucial role in global climate chaniggation.

Restoration of the hydrological functions is a-pgquisite for the establishment of a
positive or, at least, neutral peatland carbon balance and for-#stafdishment of

forest vegetatior{Page et al. 2009bComplete rewetting is the only way to prevent
fires and peat oxidation. One of the most important restoration measures of tropical
pedlands is blocking of drainage canals with dams and thus raising the groundwater
level of the surrounding peatlaf@KPP 2008; Jaenicke et al. 2010; Jauteai et al.

2004; Suryadiputra et al. 2009)he dam construction must be designed to cope with
the high hydraulic conductivity and low load bearing capacity of tropical (Sedtah

1992; Wosten et al. 2001The dams mainly act as barriers to prevent water flow but
cannot store water for long periods becauseaps away through the surrounding peat.
The blocking of a canal can be regarded as successful if the blocked canal sections
continue to hold water during the dry season. Damming activities in Central Kalimantan
have led to an increase in canal surface mateels between 50 cm to over 1(@KPP

2008) Jauhiainen et al2008)reported a raise of groundwater levels in a deforested
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[l. Monitoring the effect of restoration

and forested areaear the city of Palangka Raya, Central Kalimantan, after dam
construction. In the field, peat groundwater levels are measured by using tube wells; for
monitoring the effect of dam constructions it is recommended to install these in
transects perpendiculém the blocked canaldaenicke et al. 2010ptudies of tropical
peatland restoration are at an early st@pge et al. 2009bYherefore, monitoring the
effects of hydrological restoration measures is essential in ordeptimize the
techniques applied. Since tropical peatlandgehbeenecognizedas major sources of
carbon dioxide emissions peatland rehabilitation projects are of high interest for carbon
trading, especially on the growing voluntary carbon maf&euwenberg et al. 2010;
Jaenicke et al. 2010; van der Werf et al. 20@@)antifying the rise in groundwater
level, which is the main control on carbon dioxide emissions from peatlands, is
important information to mak greenhouse gas emission mitigation tradable under the
voluntary carbon market or REDD (Reducing Emissions from Deforestation and
Degradation) mechanism.

In situ groundwater level measurements are laborious and vencdnsiming since
access to the wetnd densely vegetated tropical peatlands is difficult. Therefore, this
paper aims to investigate the capabilities of radar remote sensing for monitoring the
effects of tropical peatland restoration by canal blocking. The study area is the Mega
Rice Projectarea in Central Kalimantan, Indonesia, a severely drained and degraded
peatland where dam constructions started in July 2004. The principal advantage of
remote sensing over field measurements is the possibility of continuously monitoring
vast areas. Compad to optical satellite data, radar imagery is available at high
temporal frequency due to cloud penetration and daylight independency and is sensitive
to changes in soil moisture. In general, vegetation or soil with high moisture content
returns more emgy to the radar sensor than if it is diyllesand et al. 2008) Several
studies have demonstrated the relationship between radar backscatter and surface soil
moisture content under varying terrain conditigbsibois et al. 1995; Paloscia et al.
2005; Ulaby et al. 1982Hashim et al(2002)found a strong correlation between radar
backscatter (lbband) and soil moisture as well as groundwater level in drained tropical
peatland in Malaysia. We applied change detection analysis with a time series of
ENVISAT ASAR and ALOS PALSAR radar imagery, acquired before and after
rewetting measures (20042009). Mean radar backscatter values of more than 40

deforested and forested tedesinear the dams were compared with reference test sites
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i n undrained regi ons m-5%eurasize, depending bn trei t e s 0
radar sensor used, were chosen. Changes in radar backscatter were validated with in situ
groundwater level measements and with rainfall data. Radar backscatter variations
resulting from vegetation cover changes were considereahalyzingoptical Landsat

satellite imagery and MODIS fire hotspot data.
3. Study area and materials

3.1.The Mega Rice Project area

The study aa is located within the so called Mega Rice Project area, which extends
south east of the city of Palangka Raya in the southern lowlands of the Indonesian
province of Central Kalimantan on Borndéidurell-1). The landscape comprises flat
alluvial plains with domeshaped peat deposits that have accumulated to a thickness of
more than 10 n{Jaenicke et al. 2008; Rieley et al. 2Q0/|) 1995, the Mega Rice
Project (MRP) was initiated by the Indonesian government under President Suharto.
Despite warnings by scientists, it was plad to convert 1 million ha of peatlands for

rice cultivation, accompanied by a transmigration program. A massive network of
drainage canals was built, with a combined length of 4ka®@nd depth of up to 1,

but rice production appeared to be impossible. Intensive deforestation took place during
the EIl Nifio induced drought in 1997/98. Fifteen years of drainage and recurrent fires in
2002, 2004, 2006 and 2009 have severely degraded the MRR.angaer et al. 2009)

The MRP is the most disastrous example of unsustainable peatland management
(Muhamad et al. 2002)

The MRP area is divided into different fABI
on Block A and C, where peatland restoration has been conducted in the course of
different projects. InJuly 2004, hydrological restoration measures started in Block A
under the CCFPI (Climate Change Forests and Peatlands in Indonesia) project by

building 5 large damdgurell-1).
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—— Canal
% Rainfall station

4+ Water level logger
Dam building date:

@ April - June 2008

@ Dec. 2006 - May 2007
@ July - Sep. 2005

O July 2004 - Jan. 2005

Figurell-1: ALOS PALSAR satellite image (HH, HV) from June 2009 showing the study area located in
Central Kalimantan on the island of Borneo, Indonesia. Peat swamp forests appear infigeesoars in

purple. Not all of the 30 dams are shown due to very small distances between some of them.

Financed by the Central Kalimantan Peatland Project (CKPP), 19 additional dams were
constructed in this area in 2007 and 2008. Within the framewotkeoAcademy of
Finland funded project AKeys for Securing Tr
EU funded RESTORPEAT (Restoration of Tropical Peatland for Sustainable
Management of Renewable Natural Resources) project, 6 dams were built in 2005 in the
drainage canals of Block C, which is located in the most western part of theakdBP
(Figurell-1). Adjacentto two of these dams automatic groundwater level loggers were
placed. The dams in Block C are up to 25 m long, 4 m wide and 3 m high, and were
made of a timber frame which was sshiwith plastic sheeting and filled with peat
(Figurell-2). Trees were planted on top and behind the dams to increase resistance. The
water flow reduction capabilityincreases with time because organic sediments
accumulate upstream of the danitie dams in Block A are very similar to those in
Block C in terms of size and desi¢@DKPP 2008)

22
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Figure II-2: Large dam constructed across a drainage canal in degraded peatland in Block C, Mega Rice

Project area. A timber frame was sealed with plastic sheeting and then filled wittGpéakusir).

3.2.Radar imagery

The Indonesian peatlands are covered by cloudd0%0 of the year; in addition haze
from smoldering fires during the dry period often impedes the visilfllijmgner et al.

2007) Therefore, continuous and ceadficient monitoring is only possible with radar
saellite remote sensing. The Advanced Synthetic Aperture Radar (ASAR) instrument
onboard ENVISAT satellite, which was launched by the European Space Agency in
March 2002, provides radar data in different modes with varying spatial and temporal
resolution andalternating polarization at-Band wavelength (5.6 cm). Twengyght

ASAR scenes, acquired between July 2004 and March 2009 in dual polarization mode
(VV, VH) and with an incidence angle of 23°, were available for monitoring the dams
in Block C (Tablell-1). The pixel spacing is 12.5 m and the temporal resolution 35
days. No ASAR imagery was available for monitoring Block A. The Phased Array type
L-band (23.6 cm wavetgth) Synthetic Aperture Radar (PALSAR) was launched
onboard the Japanese ALOS satellite in January 2006. Four scenes are required to cover
the whole study area (Block A and C) and were available at an incidence angle of 38.8°
since the beginning of 200Tdblell-1). The polarization mode is switched periodically
between single mode (HH) during the wet season and dual mode (HH, HV) during the
dry season, with a tempmresolution of 46 days. The pixel spacing is 6.25 m for single
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and 12.5 m for dual polarization. Altogether 58 PALSAR scenes acquired between
January 2007 and October 2009 were analyzed in this study. The absolute calibration
accuracy of PALSAR data is.Z19 dB, using the Amazon rainforest as calibration
target(Shimada et al. 2009and it is 0.31 dB for the ASAR data used, using ASAR
transponders as calibration targ@esich et al. 2007)

Tablell-1: Description of radar imagery availabler this study.

Sensor Period Path/Frame  Incidence  Wave- Polari- Pixel
Angle length zation spacing

(cm) (m)

ASAR 20042009 -2.29; 114.13 23° 56 VV,VH 12.5

AP* (scene centre)

PALSAR 20072009 421-422/ 38.8° 23.6 HH 6.25

FBS** (wet season) 71307140

PALSAR 20072009 421-422/ 38.8° 23.6 HH, HV 12.5

EBD** (dry season) 71307140

* AP = Alternating Polarization, ** FBS = Fine Beam Single, *** FBD = Fine Beam Dual.

3.3. Auxiliary data

When analyzing radar imagery it is essential to consider the weathéitions because

rain occurring at the time of data acquisition can change the physical and dielectric
properties of the surface soil and vegetation, thus affecting backscatter. Daily
precipitation data collected by a weather station near Palangka Rayae(ll-1)
between 1997 and February 2008 as well as data from the Global Precipitation
Climatology Project (GPCP) wesnalyzedfor this purpose. Due to problems with the
data logger, in situ rainfatheasurements were available only until February 2008 and
thus complemented with GPCP data. GPCP data incorporates infrared and microwave
satellite retrievals and rain gauge observations. It is freely available since 1997 with a
spatial resolution of 1 dege latitude and longitude. Daily mean groundwater level data
were recorded at a forested and deforested area next to dams in Block C between April
2004 and November 2007 (segurell-1), and were used for comparison with radar
backscatter. The Adeforested areao was burnt

ferns, sedges and scrub. No in situ groundwater level neeasuats were available for
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Block A. Another impotant parameter for monitoring the effect of damming is the flow
direction of the canal water. This information was derived from a digital elevation
model of the whole study area and from punctual in situ measurements. Since changes
in surface roughness, ge.by burning or vegetation regrowth, can alter the radar
backscatter, fire events in the study area vearalyzedwith Landsat optical satellite
imagery, acquired between June 1991 and October 2009 (seventeen 80%eeaoud
scenes). Active fires wernalzed using the thermal infrared MODIS sensor onboard
TERRA satellite FIRMS 2009)

4. Methods

4.1.Image processing

The radar imagery was calibrated using ERDAS Imagine 9.3 software by Leica
Geosystems and a digital elevation model (DEM) from the Shuttle Radar Topography
Mission (SRTM) with 90 m pixel spacing. This DEM resolution is sufficient because
tropical peatlandsare very flat, with elevation gradients of only @2 1m per
kilometer in the centrgRieley et al. 2005) ASAR data was calibrated to radar
backscatt er? usingeah &lgortimeimptementédlin the Imagine software.
The PALSAR digital numbers (DN) were transformedoiackscatter coefficients

applying the following equatiofEhimada et al. 2009)
(1) p°(dB) =10* log,,(DN?) +CF

whereCF is the calibration factor which varies betwe86.2 and-83.4, depending on
the processing date, incidence angle and polarization mode. The JAXA PALSAR
product has already included the correction of the local incidence angle during the SAR
image prodation. The multitemporal radar imagery was -cegistered with an
accuracy of less than one pixel, using a Landsat ETM+ image from August 2007 as

master. The Landsat dataset used for validation of the radar backscatter analysis and

acquired after May 200bbad t o-s bei meadko, i . e. scan gap

Corrector (SLC) malfunction were filled. This was done by 1) image registration of the

primary scene andill scenes and 2) histogramatching(USGS 2009)

25



[l. Monitoring the effect of restoration

4.2.Change detection analysis

The intensity of radar returns is determined by several surface parameters such as
dielectric constant and roughness. The dielectric constant isyhdgplendent on soll

moisture because there is a large difference between dry soil (typieg)lparid water
(appoximately80). The CBand ASAR sensor is able to penetrate regenerating tropical
forest and to detect soil moisture variations undern@atbver et al. 1999)while the

longer wavelength iBand ALOS sensor is even capable of observing meoiisture
fluctuations and seasonal flooding dynamics under a closed peat swamp forest canopy
(Aziz et al. 2003; Hoekman 2007; Romshoo 2004; Stahlhut et al..ZD@S)forms the

basis for measuring changes in peat moisture.

I n this study, mean backscatter values of
reference it est regang weseanalyzed beforen dnd aften dadh
construction. Random interference of microwaves produces a characteristic backscatter
fluctuation known as speckle noise on Synthetic Aperture Radar (SAR) data. To reduce
radiometric resolution errors due to splegkackscatter values of a certain amount of

pixels were average@Laur et al. 1998) Baup et al.(2007) demonstrate that the
backscatter i hand theoasdodiated iradiometric resolution vary as a
function of he size of the sampling window. Therefore, by calculating the radiometric
resolution, the opti mal sampling window si

radiometric resolution By of the measured intensity is defined(baur et al. 1998)

(2) R,y =10%l0g,o(1+——)

~ ENL
. NL,
(3) with ENL=N pixel_az *N pixel_ra * NLaz* ?ra

where ENL is the equivalent number of 100kxd azand Nyixel ra @re the number of
azimuth and range pixels of the sampling window,Nind NL, are the number of
azimuth and range looks, and R is the number of pixels per independent pixel in the data
product Tablell-2). R is calculated as follows:

r

ra

r
4 R: az %
(4 R=3

O

az ra
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whergzadnd, gdenote the azimuth and ground range spatial resolution, and
the azimuth and range pixel spacing, respectivEdplell-2).

Prerequisite for the calculation of image radiometric resolution is homogeneity within
the test site. It was found that test site sizes ofdx®50m for ASAR AP data, 22t

x 220m for PALSAR FBS and 30én x 300m for PALSAR FBD data are large enough

to obtain a good accuracy and to ensure homogeneity. With such windows, the
radiometric reolution is £0.141B (Table II-2). Fortytwo test sites next to dams, i.e.

with a distance of aboutODm minimum, and 10 reference test sites in undrained
regions were investigated. Of the 42 test sites next to dams, 12 were placed in Block C
(4 in the forest and 8n degraded area) and 30 in Block A (10 in the forest and 20 on
degraded area). The reference test sites were distributed over the whole study area of the
MRP and placed where undrained, undisturbed peat swamp forest remained in order to
check the stabily of the radar backscatter over the whole time peaioalyzed Some

test sites were set with increasing distance to a dam in order to examine the extent of a
possible rewetting effect by damming. Furthermore, the influence of the flow direction
of the caal water wasnalyzedoy placing test sites on both sides of a dam.

In addition to the evaluation of mean bac
size, a multtemporal image stack was producedvisualize and investigate peat
moisture changein Block A on a regional scale. For this, thmesaic PALSAR

images (6 scenes, 8,00M2 in size) acquired during the dry season of 2007, 2008 and
2009, respectively, were chosen. During dry conditions it can be assumed that there is
no temporal variatin in dielectric properties of the imaged surface due to rainfall. To
reduce speckle in the radar scenes, aSigea filter with a 5x5 and 9x9 moving

window was applied.

Tablell-2: Radar image parameters talculate the image radiometric resolution.

Sensor Number of looks Spatial R Test site size R4 (dB)
(azimuth x range) resolution

ASAR AP* 4x1 22 x 25 3.52 550 x 550 +0.14

PALSAR FBS** 2x1 10x 10 2.56 220 x 220 +0.14

PALSAR FBD*** 4x1 20x 20 2.56 300 x 300 +0.14

* AP = Alternating Polarization, ** FBS = Fine Beam Single, *** FBD = Fine Beam Dual.
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5. Results

5.1.Rainfall and fire occurrence

The annual rainfall in Central Kalimantan varies between 2@@®@0mm and is
influenced by periodic El Nifio induced drought everfggure II-3 shows daily
precipitation measurements during times of radar image acquisition {2009). The
prolonged drought in 2006 is clearly visible and resulted in extremely low groundwater
levels of up to-2 m in drained peat swamp forest. A comparison ofithsitu and

GPCP rainfall data showed that GPCP does not record precipitation events higher than
60 mm per day; however, the trend of monthly and yearly averages is the same. To date,
GPCP data is processed and made available only until April 2009,i®kinibwn from

global weather observatiof€PC 2009) local observations and from remotely sensed
fire and burn scar detection that 2009 was an extremely dry year with many fire events
occurring in the study area between vAidigust and the end ddeptember. With an
annual average rainfall of about 30®@, 2004 and 2005 were normal precipitation
years, whereas 2007 was an unusually wet La Nifia influenced year (nearlyna()00

and 2008 slightly above average (ca. 3400).
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01/07/2004
01/10/2004
01/01/2005
01/04/2005
01/07/2005
01/10/2005
01/01/2006
01/04/2006
01/07/2006
01/10/2006
01/01/2007
01/04/2007
01/07/2007
01/10/2007
01/01/2008
01/04/2008
01/07/2008
01/10/2008
01/01/2009
01/04/2009

150

100 ~

Precipitation (mm)

50

0 -

-50

e

-100 A

-150 1 : —
mmmm Daily precipitation

-200 A —— GW.L deforested site
—— GWL forested site

Groundwater level (cm)

-250

Figure 11-3: Daily precipitation (in situ until February 2008, more recent satellite GPCP) and
groundwater level data measured in the study area between 2004 and 2009. The dry months August

October are marked in red.
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Landsat ad MODIS fire hotspot analysis of the study area showed that in 2007 only
one small fire event (406 x 400m) occurred in Block A, and no fires at all were
recorded in 2008. Landsat imagery further revealed that the burn scars in the test site in
Block C result from severe fires in 1997/98 and 2002, thereafter no fires occurred until
September 2009. The burn scars in Block A originate mainly from the extremely dry
years 1997/98 and 2006, with recurrent fires in betwkangner et al. 2007; Langner

et al. 2009) The first vegetation after a severe fire event consists of ferns and sedges,
which quickly cover the soil after the first rainfalPage et al. 2009b)Some few
pioneer species will grow if the fire did not destroy all seédier 2 - 3 fires frns and
sedges set up as permanent vegetation.

5.2.Correlation of groundwater level and radar backscatter

The groundwater level (GWL) at the drained, deforested area in Block C varies between
0 cm, i.e. the peat surface, recorded after high rainfall eventgydhe wet season and

a minimum value of174 cm in November 2006-igure 11-3). At the forested area,
generally lower GWLs were registered but show the same cowesethe years. A
long-term comparison of in situ GWL measurements and radar backscatter was only
possible with ASAR €band data due to failure of the loggers at the end of 2007. A
first, visual comparison of t ¥ baclk@aér dat a
coefficients averaged over a 58(x 550m test site at the logger station showed a
positive r el at i°wausshocoprred with gigher IGWigsh bt linedr
regression revealed bad correlation coefficients. After excludinG\AIL valuesless
than-50cm, correlation coefficients of r=0.44 for Vpblarizationand 0.35 for VV
polarization were reached and further improved to 0.72 (VH) and 0.46 (VV),
respectively, if a delay in groundwater level reaction of nine weeks was assumed
(Figurell-4a). This high value of r=0.72 suggests that a relationship exists between VH
C-band backscatter of degraded peatland and GWL values (&P tom) recorded nine
weeksafter image acquisition. A similar time delay was found between rainfall and
GWL (Figurell-4b). While a comparison of daily values was not significant (r=0.32),
mean values of both variables were calculated and very high correlation (r=0.94)
reached by averaging rainfall values over a period of the past nine weeks before GWL
measurements. There is a time delay between rainfall and changes of the groundwater

level beause the peat layer with its high permeability acts like a sponge, slowly
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Afillingo and fAempt yi50 gnosuggestd tbat tleWensitivity ofe s ho | d
the radar signal is not sufficient to detect changes in lower GWLs. Probably the
roughness oftte peat soil, in terms of-band wavelength, prevents further decrease of

the radar backscatter coefficients. At the forested area, no relationship between GWL

and radar backscatter was found.
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Figurell-4:( a) Linear relationship with r=0.77&Bad,i sts bet we
VH) determined between July 2004 and October 2009 over deforested peatland and groundwater levels

measured nine weeks later at the same area. (b) A similar dieteey exists between rainfall and

groundwater level; a very high correlation of r=0.94 is reached when comparing groundwater levels

averaged over one week with precipitation averaged over the past nine weeks.

53 Eval uation of the Atest siteso

Before evaluatin of the test sites near dams, the temporal variability of the radar
backscatter in undisturbed peat swamp forests was investigated, i.e. the reference test
sites. Romshoq2004) has shown that the -Band (JERSL SAR) backscattering
coefficient of dense, high biomass peat swamp forests is very constant. This was
confirmed here by investigating 40ulti-temporal PALSAR scenes and ten reference
test sites in undrained forests. Especially the epossrizedHV backscatter is very
stable; with a standard deviation (STD) of only 0.16 during the three year observation
period, compared to 0.22 for limolarizedHH backscatter. The backscatter coefficient

of primary forest in the study area does not vary more than 0.3 dB fqrotévization

and 0.57 dB for HH, respectively. Thus, an increase or decrease of more than 0.3 dB in
the HV backscattering coetfent could be reasonably attributed to anthropogenic or

natural changes in the forest. TheB&nd ASAR return from undisturbed peat swamp
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forest shows no stability during the six year observation period ($3D54,
STDyw=0.6). Due to signal instabilityhe ASAR data were not used to analyse forested
test sites.

Figurell-5a shows the result of the evaluation of seven forested test sites next to dams
completed in Jarary 2005 in Block A, in comparison to reference test sites of
undrained forest. Up to a distance of 1 km from the darisackscatter increase of
0.41dB (PALSAR HV) was observed between May 2008 and August 2009. This
increase, even though 2008 was a weet 2009 a very dry year, suggests that the dams
have a locally limited rewetting effect. In Hpblarizationmode no distinct increase
(>0.57dB) was detected. A distinct increase irband backscatter is observed at the
forested test site in Block @hich is located only about 208 away from the dam
(Figurell-5b). A comparison of a test site upstream and downstream of the dam clearly
shows the influence of the watérl ow direction in danals.
backscatter increase of 0.86 dB between 9 July 2007 and 14 October 2009 upstream of
the dam, the backscatter downstream the dam is very constant, except on 14 October
2009. At this date a very strong increage3.7 dB is observed, caused by a double
bounce mechanism of the Hpblarizedradar signal due to fire impact in September
2009. Fire occurrence only downstream of the dam further suggests a gsaia)l
rewetting effect of the dam. In HV crogslarizdgion mode a backscatter increase of
even 1.36 dB was observed between 9 July 2007 and 14 October 2009 upstream of the

dam.
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Figure 11-5: Comparison of PALSAR radar backscatter from forested, rewettedites with forested,
undrained test sites. (a) In Block A, only a slight HV backscatter increase is observed between May 2008
and August 2009, compared to the reference test sites in undrained forest. (b) In Block C, there is a HH
backscatter increase 0t86 dB upstream of the dam, compared to a very stable signal downstream of the
dam (except of 14 October 2009, due to forest fire).

Test sites on deforested peatland in Block C were investigated with-temafioral

ASAR images, which allowed eomparison of the radar backscatter before and after
dam constructions. Evaluation of the results shows a backscatter increase after
completion of the dam construction in September 2005 and a small decrease before
(Figurell-6). The increase of 0.9 dB observed between October 2005 and March 2009
is only visible in the crospolarizedVH imagery. During the wet seasons the radar
backscatter is generally higher. The continuous backscatter increase after dam
construction, even though 2006 had a very prolonged dry period, suggests successful
peatland rewetting. Only two of the six damsBiock C show a rewetting effect,
namely the most southern ones which have the highest water retention capability being

at the end of a Acascadeodo of dams in ter ms
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Figure II-6: ASARC-Band VH backscatter analysis of a deforested test site in Block C over a six year

period shows an increase of about 0.9 dB after completion of dam construction in September 2005.

5.4.Measuring peatland rewetting on a regional scale

In order to investigatehe spatial pattern of rewetting in Block A, a muadmporal

image stack, i.e. regreenblue (RGB)color composite of three images acquired during

dry conditions in 2007, 2008 and 2009, respectively, was producegokirzeddata

was chosen because afbetter discrimination between peat swamp forest and fresh
burn scars. An optical Landsat ETM+ image from 5 August 2007 shows the condition

of the peatland surface at the beginning of the change detection analysis; the landscape
is determined by burn scarfrom 2006 Figure II-7a). Figure II-7b illustrates the
resulting RGB composite, in which the image from 7 August 2007 represents the red
channel, the image from 9 August 2008 the green channel and the image from 12
August 2009 the blue channel. Areas that appear in grey (forests, burn scarsjtand wh
(riverine vegetation and some fresh burn scars in the southeast) show no significant
changes among the three dates. Yellow areas indicate a backscatter decrease between
2007 and 2009 (ca. 1.3 dB): WaliesEa Bl ue ar
dB), even though 2009 was an extremely dry El Nifio year. This suggests that peatland
rewetting was successful in a ca. 6 km? large area after the construction of dams in 2007
and 2008.
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ll. Monitoring the effect of restoration

S .

Figurell-7: (a) An optical Landsat ETM+ image shows the condition of the peatland surface in Block A
at 5 August 2007; dark green: forested areas, red: burn scars from 2006; light green: vegetation
regrowth. (b) RGB composite of three HH polarized PALSAR images (redgdstAR007, green: 9
August 2008, blue: 12 August 2009) showing relative changes over three years: marked with a red circle
is the area where a significant backscatter increase occurred in 2009; marked with yellow arrows are
areas where a backscatter decseaoccurred between 2007 and 2009 (white dams completed in January
2005, orange in May 2007, pink in June 2008).

6. Discussion

This study shows that ASAR Alternatir®plarizationand PALSAR Fine Beam mode

data are capable of monitoring peatland rewettingndonesia. Rewetting, which is
achieved by damming drainage canals, is the most important restoration measure of
tropical peatlands and a prerequisite for replanting trees and preventing carbon dioxide
emissions. Relative changes in peat soil moisturerbedod after dam construction
were observed with radar time series of up to six years. By calculating the radiometric
resolution of the measured backscatter intensity, the optimal size of test sites for change
detection analysis was determined. A mtétiporal stack of PALSAR images,
acquired during dry weather conditions, proved tosbecessful in monitoring large
scale temporal and spatial patterns of soil moisture. Variations in backscatter
coefficients caused by changes in surface roughness coulkcheled byanalyzing

optical Landsat imagery and MODIS fire hotspot data. Both radar wavelength bands
investigated (€ and L-band) were able to penetrate pbst regrowing vegetation,

while only L-Band PALSAR data could detect soil moisture changes uaderest
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canopy. Generally, crogmlarizationprovided better results; probably because it is less
sensitive to surface roughness and object orient@orisat 2007)A high correlation

was found between-Band VHpolarizedbackscatter and in situ groundwater ledata
above-50 cm, measured two months after image acquisition. This time delay also exists
between rainfall and reaction of groundwater levels.

The rewetting of drained, forested and deforested peatland in Block C of the Mega Rice
Project area in Centr&alimantan, as detected by ASAR and PALSAR imagery, is
confirmed by in situ groundwater level measurements. After restoration, higher annual
minimum GWLs prevailed on both areas and the GWL remained considerably longer
near the peat surfaddauhiainen et al. 2008 However, radar image analysis showed
that an increase in soil moisture occurred only close to the dams and is strongly
influenced by the water flow direction in the drainage canal. In the whole Block A, a
relatively small area ota. 6 km? showed a distinct increase in radar backscatter
between 2007 and 2009 which can be reasonably associated with soil moisture
variations. The occurrence of fires in the study area during the 2009 El Nifio also
suggests that the dams do not (yet)ieah large scale peatland rewetting. In contrast to

its surroundings, the rewetted area in Block A was not affected by the severe 20009 fires.
Usually, fires are ignited where the peat is dry and where there is access (mainly via
drainage canals). The rewsd area is the only one in Block A which is bordered by
dams at each canal junction. This, together with the observations in Block C, support
the theory by Wosteet al. (2007) that a cascade of dams is most effective in canal
water retentn and hence rewetting of the surrounding peatland. The dense network and
large size of canals in Block A make this a ldagn and cosintensive task.
Furthermore, rising groundwater levels in Block A are restricted by severe peatland
subsidence along¢h canal s which -dameda&r & afC&RPr ap hilymi
2008) The 2009 EI Nifio fires make clear that peatland restoration must be
accompanied by fire prevention, control atlication, especially at the early stage.

Even though these first results of monitoring the effect of peatland restoration with
radar imagery are very promising, in situ groundwater level measurements distributed
over the whole study area should be ingeged along with the acquisition of additional
images. A longer time series of dymllarizedPALSAR imagery, which proved to have

best monitoring capabilities, is important to reduce uncertainties introduced by frequent

short and long term changes of wWes conditions in Central Kalimantan. This study
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clearly shows the advantage of remote sensing data over in situ measurements which are
laborious and coshtensive due to difficult peatland accessibility and a high need for
maintenance; destruction of asring instruments by animals, humans and fires have
been frequently reported from the study area. The identification of areas that have been
successfully rewetted is essential for specifically planning thestablishment of
vegetation. In addition, gumdwater level prediction is a key element for fire hazard
warning systems. It is known th&0 cm is a critical threshold below which irreversible
drying occurs; a layer of dry peat is created on the surface being very susceptible to fire
(Takahashi et al. 2003; Usup et al. 2004; Wdsten et al. 280@)wing the effect of
peatand restoration measures as well as large scale groundwater levels is necessary to
estimate carbon dioxide mitigation in view of carbon trading projects on the voluntary
carbon market or under the REDD mechanism. Jaenicke €0dI0) estimated that
successful rewetting of a 590 km? large area of drained peat swamp forest could result
in mitigated emissions of 1.41.6 Mt CQ yearly and Ballhorn et a{2009) calculate

that within a 2000 km2 large region in Central Kalimantan, including this study area,
approximately 184 Mt CQ were released during the 2006 EI Nifio event, which equates

to 20% of all carbon dioxide emissions from transport in the European Union in 2007.
Carbon dioxide emissions of these orders can be avoided if $aede hydrological
restoratiormeasures are accompanied by an efficient monitoring program. Compared to
carbon dioxidepther greenhouse gases such as methang) @lid nitrous oxide (pD)

are relatively unimportant in tropical peatlarfisirukawa et al. Zlb; Strack 2008)
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1. Abstract

In the context of reducing emissions from deforestation and forest degradation (REDD)
and the international effort to reduce anthropogenic greenhouse gas emissions, a reliable
assessment of aboveground forest biomass is a major requirement. Especiaiganh t
forestswhich store huge amounts of carbon, a precise quantification of aboveground
biomass is of high relevance for REDD activities. This study investigates the potential
of X- and L-band SAR data to estimate aboveground biomass (AGB) in intdct an
degraded tropical forests in Central Kalimantan, Borneo, Indonesia. Based on forest
inventory data, aboveground biomass wfiast estimated using LIDAR data. Tee

results were thensed to calibrate SAR backscatter images and to upscale the biomass
estimates across large areas and ecosystems. T$galuqg approach not only provided
aboveground biomass estimates over the whole biomassfranggoody regrowth to
mature pristine foresbut alsorevealed aspatial variation due to varying growth
condition within specific forest typesSingle and combined frequencies, as well as
monce and multitemporal TerraSARK and ALOS PALSAR biomass estimation
models were analyzed for the development of accurate biomass estimations. Regarding
the single frequency anaiis overall ALOS PALSAR backscatter is more sensitive to
AGB than TerraSARX, especially in the higher biomass rang&00 t/ha) However,
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[1l. AGB retrieval in tropical forests based on SAR

ALOS PALSAR resultswere less accuratéen low biomass rangedue to a higher
variance. The mukiemporalL- and X-band combined model achieved the best result
and was therefore tested for its temporal and spatial transferability. The achieved
accuracy for this model using nearly 400 independent validation points2wdk53

with an RMSE of 79 t/ha. The model is validup to 307#/ha with an accuracy
requiremenbof 50t/ha and up to 61¢ha with an accuracyequirementof 100t/ha in

flat terrain The results demonstrate that direct biomass measurements based on the
synergistic use of Land Xband SARcan provde larg scale AGB estimations for
tropical forests. In the context of REDD monitoring the results can be used for the
assessment of the spatial distribution of the biomass, also indicating trends in high

biomass ranges and the characterization of the spatiatqmain different forest types.

Keywords ALOS PALSAR, biomass, forest, Indonesia, REDD, TerraSAR

2. Introduction

Considering global climate change, carpbas an element of the greenhouse gas carbon
dioxide (C0O,), plays a major role irirapping thermal radiatiofirom sunlight and
reducingthe Earth's space release of ene(Bgad et kb 2001) The rise of atmospheric

CO, from about 28(ppm (in 1880) to 388pm (in 2009) was mainly causedby
extensiveburning of fossil fuelsDeforestation and land cover change caused 20% of
global anthropogenic CQemissions in the 1990s and 12%2808 (Le Quee et al.
2009) The total amount of global emissions from deforestation, forest degradation, and
peatland fires is determined to be about 15% of global anthropogeni@@iSsions

from 1997 to 200§van der Werf et al. 2009)

Tropical forests cover approximately 15% of the Earth's land sufffs&® 2009; Page

et al. 2009apnd contain up to 40% of the terrestrial carljpage et al. 2009aYhe

main carbon pools are typically the living aboveground biomass (AGB) and the dead
mass of litter, woody debris and soil organic mafteibbs et al. 2007)In Southeast
Asia's peat swamp forests, both AGB and belowground thick gegabsits make a
significant contribution to the carbon reserv{ftage et al. 2009a)ndonesia alone,
where 48.8% of the land's surface is covered by forest, compitigted @arbon stock of
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61 Gt to 63Gt whereby abovegrourfdrests store &t (FAO 2009)and belowground
peatlands comprise betweenGb(Jaenicke et al. 2008nd 57Gt (Page et al. 2011)
Southeast Asia features the highest rate of deforestation worldwide at 1.3% per year
(Achard et al. 2002; FAO 2000; Langner et al. 2009] is theeforea prime targetor
reducing emissions from deforestation arate$t degradation (REDD) initiatives.
REDD is a key element emphasized at the United Nations Climate Change Conference
in Copenhagen in December 2009 for the reduction of €Missions. The most
important requirements for a successful implementation of[REi2 accurate biomass

and carbon estimations and the subsequent monitoring of the forest padbon

AGB or carbon stocks in tropical forests can be monitored in various (WA¢3 2000;

Gibbs et al.2007; Goetz et al. 2009)'he most accurate way of AGB retrieval is
destructive sampling through harvesting, drying and weighting the living biomass,
hereby assuming a carbon content of dry biomass from(&@giz et al. 2009; Malhi et

al. 2004) While this method is very precise, it is coand timeconsuming and in
tropical forests often impractical. Forest inventories are usually accomplishetiettt

in-situ biomass data. Allometric equations of grolmaded measurements, such as
diameter at breast height (DBH) and total tree height are used to extrapolate plot values
to forest stand§Chave et al. 2005; FAO 1997; IPCC 2006drest inventoes arealso
expensive and timeonsuming, especially iremote andnaccessible tropical forests,

but extrapolatiorof the resultsis reasonably accurate. The simplésit least precise
method to derive AGB maps ithe biome approackvhereby forest type pecific
biomass values are linked to land coveap classe¢Goetz et al. 2009)Land cover

maps can be generatbyg remote sensing technolognd biomass values are available

in thepublished literaturéfor example: Laso 2002; Waldes et al. 2001)

Observations and measurements by satellites Imaveadaysbecome the primary
source for estimating AGB in tropical foresisu 2006) Since no remote sensing
instrument can directly measure either biomass or carbon content, additisial in
data is required for establishing a relationship between the remote sensing signal and
the biomasgRosenqvist et al. 2003Yarious optical remote sensors have bands in the
infrared, which allow the discrimination between different forest types and other land
covers. However, fragent cloud coverage in thner tropics often hampers the

acquisition of highquality data. Another major disadvantage is the low saturation level
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of the spectral bands and the derived spectral indices regarding the biomass estimation
(Gibbs et al. 2007)

LIDAR (light detection and rangingfistrumentanounted on airplanes sendt@ctive

laser pulsesand measurevarious echoe®f the signal This determinesthe three
dimensional vertical structure of vegetation in great dé@&aletz et al. 2009)LIDAR

has been proven to allow accurate estimates of tree height, canopy closure and AGB
(Duncanson et al. 20; Kronseder et al. 2012; Zhao et al. 200&)e disadvantage is

that the acquisition of airborne LIDAR data requires sophisticated technical equipment,
is very expensivespecially in remote areand has, therefore, not often been used in
tropical faests(Gibbs et al. 2007)

Spaceborne synthetic aperture radar (SAR) sessetsas the dband ALOSPALSAR,

the Gband ERBSAR, RADARSAT/SAR or ENVISAT/ASAR and the Xband
TerraSARX instrument are also active systems, transmitting microwave energy at
wavelengths from 3.6m (X-band) to 23.@m (L-band). The major advantage of all
SAR systems is their weatheand daylightindependency. Their penetration depth and
therefore their ability to measure biomass mainly depend on the wavelength: the longer
the wavelength, the deeper the penetrafitenderson et al. 1998; Le Toan et al. 2001)
The ability to measure biomass is additionally affected by other sensor properties such
as thepolarization and the incidence angle, but also by the land cover and terrain
properties, i.e. roughneasddielectric constantLu 2006)

Various studies have analyzed the retrieval of AGB using radaird#atapical regions
(Gama et al. 2010; Kuplich et al. 2005; Mitchard et al. 2009; Pandey et al. 2010; Santos
et al. 2006) Longer wavelengthdiave proven to be more useful because of an
increasing backscatter range with changing bionf@sstro et al. 2003; Dobson et al.
1992; Lu 2006; Luckman et al. 1997)hese biomass estimations are valid up to a
certain threshd where saturation occurs, i.e. where the slope of the
biomass/backscatter coefficient curve approaches (teias et al. 2007; Mitchard et

al. 2009)

The X- and Gband backscatter saturate at low biomass levels §8@ha) Pandey et

al. (2010) found high r2 values for a €and backscatter/biomass relationship up to
250t/ha. For L-band backscatter published saturation levelseémgn 40t/ha (Imhoff

1995; Luckman et al. 19979 150t/ha(Kuplich et al. 2005; Lucas et al. 2007; Mitchard
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et al. 2009) Austin et al(2003)stated that the dband saturation level is possibly up to
600 t/ha.

Three different methods of calculating the saturation threshold are found in published
literature. Luckman et al.(1997) established the saturation of an asymptotic
backscatter/biomass relationship at 90% and 95% of the asymptainsitgt values.
Rauste(2005) determined the aguration at regression analyses in a series of steps
leaving a part of the stem volume range out. Watanabe @08I6) chose an arbitrary
slope threshold of the backscatter/biomass curve ofdB0ia/t.

In general, the saturation level not only deend the SAR frequency but also on the
amount of reference datk the above mentioned SAR studies the correlation between
AGB and SAR backscatter signabs often assessed using oalyerylimited set ofin-

situ dataKuplich et al.(2005), Watanabe et a{2006) Santos et a{2006)and Lucas et

al. (2007) made AGB predictions in the tropics on the basis of SAR imagery in
combination with approximately 51-situ reference data, whereas Pandey €R@all0)

and Mitchard et al(2009)analyzed up to 191 field inventory data. The lattemd a
limitation of biomass/backscatter correlation at #0@. Only Solberg et a{2010)used
upscaled biomass reference data from airborne LIDAR measurements, calibrated to in
situ data, resulting in estimations valid up to 25@with interferometric Xband data

for pine and spruce forests.

In this studywe investigated the capability of two different SAR sensors, Terra8AR
(X-bang and ALOS PALSAR(L-bang in single and combined use as well as the use

of mone and multitemporé data to retrieve AGB in tropical forest ecosystems in
Kalimantan, Indonesia. The main focus is hereby on the impact of the different
frequencies in regard to the biomass estimation capabilities for intact (high biomass)
and degraded (low biomass) tropidarests using a novel approachhe ugcaling

approach included field inventory datadLiDAR based AGB estimations.
3. Materials and Methods

3.1.Study area

The principal study area of 280,062 is located in the Indonesian province Central
Kalimantan on thesland of Borneo and encompasses parts of the Mega Rice Project

(MRP) (Block C) near Palangka Raya and the upper catchment of the river Sebangau
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(Figurelll-1). It includes two types of peat swamp forests, regrown peat swamp forest
on fire scars and heavily degraded forests after recurrent fire episodes (shrubs), as well
as riparian forest and sesslly flooded wetlands. The Sebangau catchment was
designated as a National Park in 2004 because of its conservation value and importance
of natural resource functions. The forests of Block C have been drained several times
and recurrent fires destroyegmoximately 50% of the forest cover in the past decade.

A second study area (34,663) was used to analyze the spatial transferability of
biomass regression modgeifseaning if the established model can be applied other. areas
This site is located in thiéoodplain of Borneo's largest river, the Kapuas River, in West
Kalimantan Figure lll-1). The vegetation cover iwery similar to the Central
Kalimantan site and copnises peat swamp, heath and riparian forest, shrubs and
seasonally flooded wetlandsorest inventory data was available for comparison for this
site.

Both areas are located in alluvial plains with extensive peatlands. The topography is
extremely flat, with is advantageous for SAR analysis, avoiding shadow and layover
effects. The ombrogenous (refied) peat swamps are covered by peat swamp forests
and are extremely deficient in mineral nutrients and acidic, fostering many endemic
species. The peat depizsare between 0rh and 20m thick and contain up to 10 times
more biomass per ha than the forests growing on top of (aemicke et al. 2008;
MacKinnon et al. 1996; Rieleyt @l. 2005) Under undisturbed conditions, peatlands
make a significant contribution to the global terrestrial carbon storage, both in terms of

their forest AGBand belowground peat deposi{Page et al. 2009a)
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LiDAR transects
T . "
0 25 5 1(1)“n Dstudy sites

Figure IlI-1: Multi-sensor image combining TerraSARScanSAR VV (30/08/2008, R) and ALOS
PALSAR HV polarized (26/08/2008, GB) scenes featuring the study area located in Central Kalimantan
(CK), Indonesia. The locatioof the study area in West Kalimantan (WK) is indicated in the outline map.

Available LiDAR transects used for AGB calculations are illustrated in yellow.

3.2. Aboveground biomass data

Field inventory data was collected in 2007 and 2008 representing different foaest

sub forestypesandforests degraded by logging and fiata for more than 140 forest
plots was collectedusing the angle count sampling method which estimates
aboveground biomass within 1lpdots. Diameter at breast height (DBHbasal area,
number of stemandtree species were gathered and used to calculate AGB based on
allometric equationgChave et al. 2005)The AGB sample plots were then relaten

airborne LIDAR measurementgronseder et al. 2012)
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The smalifootprint, fullwaveform LIDAR datasetwas acquiredduring a flight
campaignconducted inAugust 2007 Altogether, 8,090 ha were used to analyze
different biomass eishation models. The LIDAR data wetkfferentiated intoground
andvegetationechoes to obtain vegetation heights. The following point cloud statistics
of the absolutevegetation heights within ha plots were calculated and used as
predictors:meanhmean measures of dispersion including the standard error of the mean
(SEMhsewy st andar dh dadandeng,t rangemangdand maximunhmay, and

As a lrther potential predictor, canopy cov&(Q) was determinedMultiple linear
regression analysis using the stepwise forward metlasdconducted relating all above

mentioned variables to corresponding AGB values per ha

AGB=b, +b, *h, +b, * h, +...+b,,* hys +b,, * h

+by,* hy 0,5 * gy +
© Bys* Moy + Bag ™ Nganget By, * CC

mean

Range

The model wih the best regression result for peat swamp forests was sefected
further analysis.The applied model depends on the 50 percentile, provides AGB
estimations ranging from 1.5 t/ha to 369 t/ha and its independent validation results were
r2=0.32 with anRMSEof 94.77 t/ha. Although the independent validation is weak, this
biomass estimation model performed best for estimations over the whole biomass range.
Using continuous spatialatases, as opposite to several pebdsed field inventories,
provided anenormous amount of reference data featuring the spatial variability of the
forest within the area of the SAR image. Thus, 3,970 data points (coming from the
LIDAR estimates) within the study area, covering the entire biomass range and thereby
characterizig the spatial distribution of biomass, were used. As the plots within the
LIDAR transects are clustered=igure 1ll1-1), the biomass reference datae amot
randomly distributed which is also represented by a Moran's Index of 0.88 indicating
some spatial autocorrelation. However, plots were generated from 15 different LiDAR
transects which were randomly distributed in the study area.

This enormous set dfiomass reference data for a tropical forest ecosystem is very
valuable, since field inventories are very tiec@suming and expensive to conduct. The

huge number of sampleshances the accuracy of the biomass regression models.
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3.3.Remote Sensing

Various aditional remote sensing dattsof the study area were available, leading to a
better understanding of the landscape features. Land cover maps and land cover change
maps based on optical imagery such as Landsat ETM+ (Enhanced Thematic Mapper
Plug and hgh resolution RapidEyemages (6.5 meters spatial resolutiongre
available as additional data sources. The TerraZARatellite was launched on
15June2007 by the German Aerospace Center (DLR). It provides different acquisition
modes with varying spatiaesolution at Xband wavelength (8m) with a frequency of
9.65GHz. Six images acquired in 2008 and 2009 were available in the ScanSAR mode
at VV polarization, with incidence angles between 29.9° and 36.2° and a pixel spacing
of 8.25m (Tablelll-1). The different incidence angles are supposed to have no effect on
the radar signabf forestsas the angular dependenoetween 20° and 405f X-band

VV polarized backsdter signals was proved to be less than 1 dB in an Aspen forest
(Henderson et al. 1998; Sun et al. 1991; Wang et al. 1993)

The Phased Array type-thand Synthetic Aperture Radar (PALSAR),-lomard the
Advanced Land Observing Satellite (ALOS), was launched oda8dary2006 by the
Japan Aerospace Exploration Agency (JAXA). It records data at a frequency of
1.27GHz (23.6cm waelength). In total9 images from 2007 to 2009 in dual mode at
HH and HV polarization, with an incidence angle of 38.8° and a pixel spacing an12.5
were examined within this studyrgble Ill-1). Preliminary analyses showed that HH
polarized images were not sensitive to AGB and were therefore not included in the
analysis.

The preprocessing included radiometric calibration, georeferencingLee&igma
speckle reduction, whereby the radiometric calibration was done on the basis of

following equations:

(6) s°[dB]=10log,, ((k.* [DN,|* - NEBN)*sing,)
TerraSARX (Fritz 2009)
(7) 5°[dB]=10l0g, DN, |” + K 4

ALOS PALSAR (Shimada et al. 2009)
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where (° = backscattering coefficientDN; = digital number of each pixel,
kd/Kgqs = calibration coefficientsNEBN = noise equivalent beta naught atjd= local

incidence angle.

Tablelll-1: Properties of radar imagery available for the study areas in Central and West Kalimantan.

Sensor date polarization pixel incidence
(dd/mmlyyyy) sp(arlr(]:)ing angle
Central Kalimantan, Block C
ALOS PALSAR 07/09/2007 HV 12.5 38.8°
fine resolution 24/08/2007 HV 12.5 38.8°
10/09/2007 HV 12.5 38.8°
26/05/2008 HV 12.5 38.8°
26/08/2008 HV 12.5 38.8°
11/10/2008 HV 12.5 38.8°
TerraSAR-X 14/06/2008 \AY 8.25 32.1°
ScanSAR 08/08/2008 \AY, 8.25 29.9°
30/08/2008 \AY 8.25 32.1°
West Kalimantan, Kapuas Hulu
ALOS PALSAR 02/07/2009 HV 12.5 38.8°
fine resolution 17/08/2009 HV 125 38.8°
02/10/2009 HV 12.5 38.8°
TerraSAR-X 07/06/2009 A% 8.25 34.1°
ScanSAR 23/08/2009 A% 8.25 36.2°
03/09/2009 \AY 8.25 34.2°

The calibration coefficient of TerraSAR (k) depends on the incidence anglg
whereas the one of ALOS PALSAR ) is a constant 0f80.2 or-83.0 at dual mode

HV polarized images, depending on the processing date. The digital number of each
pixel DN; was transformed into a backscattering coefficient sigma naulghtir(
decibels (dB).

Additionally, ALOS PALSAR images were aegistered with a &ndsat ETM+ master
scene and speckle noise in ALOS PALSAR and Terra3Astenes was reduced by

applying LeeSigma filters with movingvindows of 5x5 and 9x9 pixels.
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It is essential to consider the climatic conditions during image acquisition when
analyzingradar data because rain can change physical and dielectric properties of the
surface soil and vegetation, thus affecting backscatter. Daily precipitation data from the
Global Precipitation Climatology Project (GPCP) of both study areas were analyzed for
this purpose. GPCP data incorporates infrared and microwave satellite retrievals and
rain gauge observations. It is freely available since 1997 with a spatial resolution of 1°
latitude and longitude.

In order to minimize any impact by rainfall, surface evadnd soil moisturenly radar
imagery acquired during the dry season (May to Octobergused inthis study. The
precipitation pattern of the two study areas and their similarities was analyzed by
examining the daily GPCP data from January 2007 until April 2009 (only available for

this period) and by relating the total monthly values of both study areas toteach

3.4.Biomass regression modeling

The relationship between radar signals and AGB was analyzed using spatially averaged
backscattering coefficients over a grid with a cell size ofrhOQ ha). Different grid

sizes were previously tested, but the chosea sf 100 m contained the best trade
between radiometric accuracy and loss of spatial information and is similar eoehe
used for thdLiDAR estimations. The radiometric accuracy was calculated according to
Laur et al.(1998)and varies as a function of the size of the sampling win@aup et

al. 2007) It constitutes 0.58B, 0.27dB and 0.18IB in TerraSARX ScanSAR scenes

and 0.79B, 0.41dB and 0.28IB in ALOS PALSAR dual polarized images for a cell

size of 50m, 100m and 150m, respectively.

For monetemporal analyses, a single image acquired in August was used: Multi
temporal analyses included temporally averaged radar backscatter signals from three
scenes acquired during the dry season of either 2007 or(Rzg8to October) and thus
extreme conditionsvhich might affect the radar signal are compensat8drface
moisture resulting from heavy rainfall, occurring especially in the tropics, can have an
effect on the radar signal. In general, longer wavelengthdeas affected by surface
moisture(Henderson et al. 1998ut increases in the backscatter are repdiDedbson

et d. 1991) The multitemporal approach compensates possible extreme conditions and
is supposed to be more feasible for biomass modeling.

The mone and multitemporal ALOS PALSAR models of 2007 and 2008 can be
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[1l. AGB retrieval in tropical forests based on SAR

compared as the preprocessing of the imageag the same. Furthermore, it was
investigated if there is any systematic change in the backscatter signal of 2007 to 2008
analyzing the descriptive statistics but no systematic change could be detected.

As AGB reference data, a total of 3,970 pointdéugag the wholebiomass range, were
available, andomly 10% of the LiDARJerived biomass reference data were left out of
the modeling process for the subsequent independent validation. The preliminary
modeling step was to investigate sinfyequency biorass models of Xor L-band SAR

data. Both mono and multitemporal radar signals were related to AGB values
examining these relationships. The combined biomass regression models included two
frequencies, the Xand TerraSARX and L-band ALOS PALSAR, and nftivariate
regression analyses on the basismaine and multitemporal backscattering values
were conductedThe coefficient of determinatior? for the linearized models were
calculated for nantercept models, as within the later analysis this typearfehproved

to be the most sufficient. The following formula was used as describédviayseth

1985)

8) rz=1- 4 (y- ¥2/a v

where E is fitted (calculated) value anyg is the actual value of the dependent variable

(aboveground biomass).

Subsequently the independent validation wsed to evaluate the predictive accuracy of

the model comparing estimated to actual AGB values, whereby the coefficient of
determination i) and root mean square err®®NISB were calculatedThe coefficient

of determinationr? of the independent validation was calculated as the square of
Pearson's correlation coefficienfor a linear transformation of the model.

Additionally, the mean errdME) wasdeterminedof which the algebraic is relevarit

the mean error is positive, the predicted values are underestimated and if it is negative,

they are overestimated.

3.5. Saturation level estimation

Biomass analyses using radar imagery are limitethéyaturation of the radar signal at
high biomass values which occurs when the biomass/backscatter slope approaches zero.
Similar to Watanabe et a{2006) the saturation was determined on the basis of a
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backscatter/biomass slope threshold which wasutated on the basis othe
radiometric accuracy and a specific accuracy intdivalhe estimates. The radiometric
accuracy of an area ofth is, as above mentioned, 0dH in TerraSARX ScanSAR
images and 0.4dB in ALOS PALSAR dual polarized scend$ie accuracy intervals of
the estimates was set to 8Ga and 10@ha. Within the 50t/ha accuracy interval the
AGB estimations are supposed to be accurate whereas estimations within thea100
accuracy interval are only indicators for the spatial Adifribution.

The slopem of the saturation threshold can be calculated as follows:

(9) m= O.°
DAGB

where DU’ is difference of the backscattering coefficietit (in this case: the
radiometric accuracy of the respective sensor) @#iGBis the difference of the
aboveyround biomass (the accuracy interval of the estimates). Above the calculated
saturationpoint, the biomass estimati®nannot be dierentiated within the determined
biomass accuracy interval due to the radiometric accuracy. The slopes of the saturation
thresholdwith the differentaccuracy interval ae depicted ifrablelll -2. The saturation

point of the different established biomass models was determined on the basis of the
derivative of the respective regression modéle combined model was differentiated

with respect to either TerraSAR or ALOS PALSAR backscatter signal and identified
with the slope threshold depictedTiablelll -2.

Tablelll-2: Slopes of the biomass saturation threshold (in dB ha/t) for the respective sensors within two

different accuracy intervals of the estimates calculated on the basis of eqg{@tion

accuracy interval of the estimates

sensor

50 t/ha 100 t/ha
TerraSAR-X 0.0054 0.0027
ALOS PALSAR 0.0082 0.0041
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3.6. Spatial application of biomass estimation models

Finally, the biomass models were applied to the full extethes$tudy area in Central
Kalimantan The most accurate regression model was applied to the study area in
Kapuas Hulu, West Kalimantan, testing the spatial transferability of the masel.
TeraSARX data were only available for one year per study site, the temporal
transferability wasbeforehandinvestigated by comparing monand multitemporal

ALOS PALSAR regression models covering a time period of two years/ (266

2008).

As radar imagerywas recorded only during the dry season and the -temfporal
approach compensates variable climatic conditions, the SAR backscatter is supposed to
be constant. Romsho@004) has shown that the-hand (JERSL SAR) backscatter
signal (of a scene recorded during the dry season) of peat swamp forests is very
constant. This was confirmed by Jaeniekeal.(2011)who found the ALOS PALSAR

HV polarized backscattering coefficient was very staber a long time period. Both
study areas comprise a very similar vegetation composition and forest structure. The
preprocessing techniguof the radar imagery of both study areas was the same and
further potential errors were eliminated by using images recorded only during the dry
season with the same incidence anglBsble Ill-1). These facts are very important
preconditions as they increase the probability of the spatial transferébikiyas et al.

2005) There was ndiDAR data available for Kapuas Hulu, and only a limited set of
field inventory data to evaluate the spatial transferability. Instead, a detailed Landsat
ETM+ landuse/land cover classificatio considering different forest types was
availablefor 2009 The different forest classes were linked to AGB values derived from
literature and/or forest inventory data and compared to the averaged biomass estimation

result of the model and the potentitioe spatial transferability was examined.
4. Results

4.1.Regression modeling

First, the relationship between AGB and backscattering coefficients was investigated for
both X- and L-band data separately. By carefully examining the different curve
progression othe correlation between biomass and radar signals, the optimal equation

for mono and multitemporal singldrequency regression models was found to be:
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(10) y=a*exp(s’)"

whered® = backscattering coefficient ara] b = coefficientsdepending on sensand

date

Equation(10) was fitted after a logarithmic transformation and for a least squares linear
regression. The coefficients of determinatig?) are given for the logarithmic version

of the models and were recalculated for-imrcept models. The results are
summarized irfrablelll -3 and Table Il -4 in which theexact date is listed for mono
temporal and the respective year for mtétnporal modelsThe independent validation

of the models is given within the AGB range up to the saturation threshold with
accuracy requirements of Hda and 10@®ha. The multitemporal relationships
between AGBand TerraSARX or ALOS PALSAR radar sigals in 2008 are depicted

in scatterplots irfrigurelll -2.

Tablelll -3: Results of singlérequency AGB regression nalihg on the basis of equatigh0) (h=3970;
90% were used for regression modeling and 10% for the independent validation). The date indicates

monatemporal models, all others specify miaétmporal models of the respective year..

regression model

Sensor date y=a*exp(s®)’
r2 a b

TerraSAR-X 08/08/200€¢ 0.462 4.48*10 2.04
2008 0.462 26.94*1C¢ 2.30

ALOS 24/08/2007 0.651  2.44*1C 1.02
PALSAR 2007 0.693 1.02*1C0° 0.95
26/08/200¢ 0.637  3.97*1C 1.06

2008 0.706 1.14*1C0 0.97
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Tablelll -4: Results of the independent validation of equafitd) given within an accuracy requirement
of 50t/ha and 10G/ha. The coefficients of determination (rBpot mean square error (RMSE) and mean
error (ME) of the independent validaticare depicted for the single frequency mefexact date) and
multi-temporal (year) regression models.

saturation validation saturation sl
(t/ha) (tha)

accuracy RMSE 2 ME | accuracy RMSE 2 ME
S0tha  (t/ha) (ha)| 100 t/ha (t/ha) (tha)

Terra 08/0808 91 439.56 0.01 -67 181 542.68 0.05 -135
SAR-X 2008 80 117.10 0.12 -28 161 257.45 0.18 -65
ALOS 24/08/07 119 158.54 0.27 -54 239 150.03 0.30 -47
PALSAR 2007 128 122.42 0.32 -42 256 109.43 0.39 -23
26/0808 115 151.42 0.23 -50 230 143.42 0.36 -54

2008 126 105.20 0.35 -38 252 103.33 0.48 -35

Sensor date

TerraSAR-X 2008 PALSAR 2008

backscattering coefficient (dB)
backscattering coefficient (dB)

0 50 100 150 200 250 300 350 400 ) 0 50 100 150 200 250 300 350 400
aboveground biomass (t/ha) aboveground biomass (t/ha)

Figure IlIl-2: Single frequency multemporal correlation between TerraSARVV (left) or ALOS
PALSAR HV polarized backscatter (right) of 2008 and AGB with corresponding curve progressions.

ALOS PALSAR backscatter is generamore nsitive to AGB than TerraSAR due

to a higher backscatter range but the accuracies are lower in the low biomass range
because of a higher variance. In detail, the independent validation of TerRaSAR
monctemporal model features higheMSEsand lowen? within the different accuracy
requirements. These result from an extreme overestimation in the higher biomass range
which is negatively influenced by extreme climatic conditions, such as moisture, which

is not compensated in the metemporal model. Hower, the multitemporal
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TerraSARX model is considered to be useful in low biomass ranges. The ALOS
PALSAR backscatter signal is in contrast sensitive to a wider biomass range which is
indicated by higher saturation levels: 12t with an accuracy requireent of 50t/ha

and 252/ha with an accuracy requirement of Xfta for the multtemporal model of

2008 while TerraSARK models saturate at &ha and 16Yha, respectively.
Therefore, ALOS PALSAR imagery is considered to be appropriate for AGB
estimdions in the higher range up to the saturation.

In a comparison of mondo multi-temporal regression models from the same year, it
was found that mukiemporal models argenerallymore accurate, as they are less
influenced by any shoterm variations.The mean error of all regression models is
negative, indicating that the predicted biomass is overestimategse results are
comparable to previous studies that found longer wavelengths more adequate for AGB
retrieval(Castro et al. 2003; Lu 2006)

ALOS PALSAR imagery was available for tlyears 2007 and 2008. The respective
mono and multitemporal biomass models for both years, the curve progression results,
the parameterwvalidationand saturation levelre very similar, indicating the temporal

stability of the models as well as thewmnsferability to subsequent years.

4.2.Combined % and L-band regression models

In a next step we combined-Mand and Eband backscatter in the analysis. The best
biomass model is described by the following equation:

(11)  y=a*10°*exp(sfsp) +b*10°* exp(S1sy)

where (% = ALOS PALSAR backscatterf’sx = TerraSARX backscatter and
a,b=variables.

Again, the coefficients of determinatior?)(were calculated for nmtercept models.
The results of the mor@and multitemporal regression model are depictedlable
[II-5 and Tablelll-6. The independent validation results are given up to theatetr
thresholds at 307ha with an accuracy requirement of tAta and at 61#ha with an
accuracy requirement of 1@afor both mone and multitemporal biomass models.
Figurelll-3a shows ALOS PALSAR and TerraSARsignals in a 3D scatterplot and
depicts the mulitemporal correlationwith biomass values. The scattering of the
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[1l. AGB retrieval in tropical forests based on SAR

relationship in the low biomass range is less than for only using ALOS PALSAR, while
a slight curve inclination is still visible in the high biomass raffggurelll -3b displays
the corresponding scatterplot of estimated versus actual biomass values from the
independent validation, also indicating the 1:1 line through the origin. Using the
combined approach the low biomass rangelightly overestimated while the Hig
biomass range (> 100 t/ha) is slightly underestimaaed overall results in an

underestimation which is indicated by the positive mean.error
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Figure 111-3: a) Multi-temporal correlation between TerraSARVV, ALOS PALSAR HV polarized
backscatterand biomassb) Corresponding actual versus predicted AGBluesof the independent
validation, shown with 1:1 line

The multitemporal biomass model is, similar to the results presented above, more
accurate thathe monetemporal modeas shorterm variations are compensat&ith
combined models tend to generally underestimate the AGB, which is indicated by
positive mean errors. Nevertheless, the bias is much lower than with Bewlency
models.

To summarnze, combined Xand L-band biomass regression models, both mamul
multi-temporal, achieved more significant results than the respective $iegleency
models, both in terms of regression analyses and model validdat@y. also have

higher saturatiothresholds demonstrating that they are applicable to a broader biomass
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range. he most reliable biomass model is based on a +tauttporal combined Xand

L-banddataset

Table Il -5: Results of biomass regression modeling using a combination of TerrdS#&R ALOS
PALSAR data based on equatidl)(10). The exact date depicts the maemporal and the year the

multi-temporal model (n=3,970; 90% were used for regression modeling and 10% for the subsequent

independent validation).

regression malel

sensor date y=a*10°* exp(s 2ep) +b* 10°* exp(S vsy)
r2 a b
26/08/2008+
i v . .62
Combined 08/08/2008 0.709 55.660 86.620
2008 0.789 60.626 106.189

Tablelll -6: Results of the independent validation of equafidh) given with an accuracy requirement of

50t/ha and 10Q/ha. The coefficients of determination (r2), root mean square error (RMSE) and mean

error (ME) are depicted for the Xand L-band combined SAR mongexact date) and muitemporal

(year) regression model

saturation validation saturation validation
(tha) (t'ha)
sensor date
accuracy RMSE ,  ME | accuracy RMSE — ,  ME
50t/ha (t/ha) (ha) | 100t/ha (t/ha) (tha)
26/0808
Combined + 307 82.71 0.43 19 614 86.97 0.43 23
08/0808
2008 307 75.72 0.53 4 614 78.77 0.53 8

4.3.Large scale model application

The validated multtemporal regression models were applied to28@,062ha study

area in Central Kalimantan. The spatial pattern oflfoenassestimationsindicating

different vegetation types and degradation lewets compared to amultispectral

satellite imageryshowing these different vegetation typ@sgure Ill-4). Biomass
estimations are shown in aggregated classes frofmaQO(dark red) to 600ha (dark

green).Valuesexceeding 60@ha appear in grey and arssamed to overestimate the
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[1l. AGB retrieval in tropical forests based on SAR

actual biomassThe saturation levels for the two different accuracy levels (50 t/ha and
100t/ha) are indicated within the legemss expected, the spatial pattern of biomass
show low values in degraded, deforested or burnt aeddigh values in peat swamp
forests.

Subsets of deforested areas and peat swamp forest, whose locations are indicated in
Figurelll -4, are displayed ifrigurelll-5. TerraSARX estimated AGB is better in low
biomass ranges (up to 10Ba where the saturation starte/hile the performance is
weaker at high biomass valuaisove 50t/ha which exceeds the saturation threshold of

the 100t/ha accuracy intervalALOS PALSAR demonstrates opposite results: low
biomass values were hardly resolved, while high biomass values show greaipittail
150t/ha (saturation level for Sha acuracy interval)and allow discrimination
between different forest typagp to 300t/ha (saturation level for 1Q¢ha accuracy
interval). The regression model combining Xnd L-band data estimates valuaslow
biomass ranges and up to 30ta within e 50t/ha accuracy interval while it
represents the spatial pattern of the vegetation over the whole biomass range (up to
600t/ha, saturation threshold for the 1@a accuracy interval) which is also apparent

in the Landsat image.
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Figure 111 -4: Multi-temporal TerraSAR, ALOS PALSAR and combined regression models applied to
the study area in Central Kalimantan in comparison to a Landsat scene from 19/05/2008 (RGB: bands
543). The saturation threshold is indicated in the respective biomass fefrah accuracy interval of
50t/ha (solid line) and 10@ha (dashed line). The rectangles in the Landsat image indicate the extent of
the subsets of a deforested area (solid line) and peat swamp forest (dashed line) shiguneil -5.

Note the spatial variation in biomass in the large forest area to the left. The same pattern is visible as
different shades of green in the Landsat image (whitevgtr The pattern relates to different growth

conditions due to various levels of flooding.
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Figure Il -5: Details of multitemporal TerraSAR, ALOS PALSAR and combined biomass estimation
models of deforestl areas with low biomass (upper panels) and peat swamp forest areas with high
biomass (lower panels). Left panels show a Landsat scene from 19/05/2008 (RGB: bands 543).
Photographs show examples of different land cowvedicated by arrows within the biams maps

(O F. Sieger}.

Figurelll -6 displays a comparison of biomass estimations using 4finetjuency SAR

and LiDAR data, superimposed on an ALOS PALSAR imdde diagram depicts the

AGB along the marked 9M6n long transecshownon the Landsat image. The transect
covers the whole biomass range and thus features a rather complex biomass pattern.
Low biomasspredictionsappear in red and high biomass valuesrieeg. The spatial
pattern of degraded areas (dark in ALOS PALSAR image and bright green or pink in
the Landsat scene) and forest areas (bright in the ALOS PALSAR scene and dark green
in the Landsat image) are clearly visible in both biomass estimatiotisisiexample,

the majority of LIDAR biomass estimations are lower thanakd L-band combined

SAR estimations, which arenostly below 30@/ha (saturation within an accuracy
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