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Abstract

Energy issues have been a main concern of geographical research in the Eastern Pamirs
of Tajikistan. Dwarf shrubs (Krascheninnikovia ceratoides, Artemisia spp.), as the only woody
vegetation, are of central importance in this context by representing a key thermal energy
resource. But despite their relevance for sustainable development, neither an assessment of
woody biomass quantities nor an evaluation of potential alternatives has been conducted.
Remote sensing and GIS techniques are considered as appropriate tools to study these
objectives. However, common space-borne remote sensing methods reach their limits in
such arid environments characterized by scarce vegetation cover. Therefore, the main
research goals of this dissertation are to evaluate and extend existing remote sensing
approaches and test different sensors for woody biomass quantification in drylands to
contribute to the clarification of global earth observation problems. Furthermore, related
empirical results are intended to shed light on the ongoing regional degradation debate.
Finally, the feasibility of photovoltaic energy as an alternative local energy resource for
sustainable development should be assessed.

Field data represented the basis for the study by providing spatially allocated biomass
amounts using an allometric model, climate measurements, and complementary information.
A large number of remote sensing variables, potentially relevant for woody biomass
prediction, according to the literature, were derived from the Landsat OLI, RapidEye, EO-1
Hyperion and ASTER sensors. Several spectral variables were experimentally adapted to
account for interfering background signals. Various techniques and models were applied to
compare their performance in spatial biomass prediction. An interdisciplinary analysis
including external survey data was used to contrast dwarf shrub availability, accessibility, and
demand. An integrative study of field measurements, a spatial solar radiation model,
framework scenarios, and literature based cost calculations provided the mean for an
evaluation of the local photovoltaic energy potential and anticipated environmental effects.

The results show that remote sensing based biomass quantification is possible even under
the difficult arid conditions of the research area, but relatively high modeling errors have to
be taken into account (RMSE ~1000 kg/ha). Statistical models with adequate selection
procedures and shrinkage techniques proved to be important in this high dimensional
setting. A performance assessment demonstrated that common vegetation indices are not
successful and wvariables adjusting for soil effects are necessary in this region. The
comparison of sensors indicated that a large spectral range, comprising plant as well as
background information, is advantageous in dryland vegetation modeling. The hyperspectral
sensor revealed an increased potential for woody biomass prediction, with the ability to
reduce the relative RMSE by a maximum of 20 percentage points compared to multispectral
data. Narrowband indices, calculated from the short wave infra-red spectral domain, showed
to be particularly suitable for dwarf shrub detection. A conservative biomass model enabled
the comparison of available dwarf shrub stocks with harvesting amounts in a case study
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village by taking prediction errors and harvesting practices into account. Associated results
suggest that locally, biomass quantities are sufficient to meet thermal energy demand on the
medium term. However, restricted accessibility may limit future energy supply, and long-term
sustainability is questionable due to the low regeneration rate of regional dwarf shrubs. The
implemented spatial radiation model performed well in deriving solar energy amounts. The
assessment of photovoltaic energy resources as substitutes for woody biomass showed that
the generation of thermal energy is feasible within reasonable cost limits when restricted to
certain basic applications. The estimations of the environmental effects of potentially
increased photovoltaic infrastructure showed that it would result in a considerable mitigation
of degraded areas and an amplification of carbon sequestration. This demonstrated the
benefits of solar photovoltaic energy as an alternative renewable energy resource in
peripheral arid high mountains.

This dissertation provided contributions to the utilization of remote sensing and GIS
techniques in drylands and high mountain regions. It was thereby shown that they offer
valuable tools to resolve environmental research issues, but are also subject to major
restrictions that require field based method adaptions. This study indicates that upcoming
satellite sensors, earth observation products, and sophisticated statistical models will have
much potential for regional and global research on natural resources in arid environments.
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Zusammenfassung

Energiefragen stellten im tadschikischen Ostpamir stets ein Schwerpunkt geographischer
Forschung dar. In diesem Zusammenhang sind Zwergstriucher (Krascheninnikovia ceratoides,
Artemisia spp.), die einzige verholzte Vegetation in der Region, von zentraler Bedeutung als
thermische Energieressource. Jedoch wurde, trotz deren Wichtigkeit fir eine nachhaltige
Entwicklung, bisher weder eine Abschitzung der verholzten Biomassemengen noch eine
Untersuchung potentieller Alternativen durchgefiihrt. Fernerkundung und GIS-Techniken
werden als geeignete Werkzeuge fiir eine Analyse dieser Bereiche angesehen. Allerdings
stoBen gebrauchliche weltraumbasierte Fernerkundungsmethoden in einer solch ariden
Umwelt mit spirlicher Vegetationsdecke an ihre Grenzen. Daher sind die wichtigsten
Forschungsziele dieser Dissertation die Evaluierung und die Erweiterung existierender
Fernerkundungsansitze, sowie das Testen verschiedener Sensoren fiir eine
Biomassenquantifizierung in Trockengebieten, um zu globalen Problemstellungen der
Erdbeobachtung beizutragen. Des Weiteren sollen die damit verbundenen empirischen
Ergebnisse zur Klirung der gegenwirtigen regionalen Degradationsdebatte beitragen.
SchlieBlich soll die Umsetzbarkeit von Photovoltaikenergie als alternative lokale
Energieressource fiir eine nachhaltige Entwicklung abgeschitzt werden.

Durch die Bereitstellung riumlich verorteter Biomassemengen unter Nutzung eines
allometrischen Modells, von Klimadaten und von zusitzlichen Informationen reprasentierten
Felddaten die Basis dieser Studie. Eine grof3e Zahl von fernerkundlichen Variablen, welche
laut Literaturangaben wichtig fiir eine Modellierung verholzter Biomasse sein konnten,
wurden von den Sensoren Landsat OLIL, RapidEye, EO-1 Hyperion und ASTER abgeleitet.
Eine Reihe spektraler Variablen wurde experimentell angepasst, um beeinflussende
Hintergrundsignale zu berticksichtigen. Der Einsatz verschiedener Modelle und Techniken
diente dem Eignungsvergleich fiir die raumliche Biomassemodellierung. FEine
interdisziplindre Betrachtung unter FEinbezichung externer Umfragedaten wurde
herangezogen um Zwergstrauchverfigbarkeit, Zuginglichkeit und Bedarf
gegeniiberzustellen. Eine integrative Analyse, welche feldbasierte Messungen, ein raumliches
Solarstrahlungsmodell, verschiedene Szenarien zu allgemeinen Rahmenbedingungen und
literaturbasierte Kostenberechnungen vereint, wurde durchgefihrt um das lokale
Photovoltaikenergiepotential und erwartete Umwelteffekte zu evaluieren.

Die Ergebnisse zeigen, dass fernerkundungsbasierte Biomassenquantifizierung auch unter
den schwierigen ariden Bedingungen des Untersuchungsgebietes moglich ist, aber auch ein
relativ hoher Modellierungsfehler berticksichtigt werden muss (RMSE ~1000 kg/ha).
Statistische Modelle mit angemessenen Auswahlprozessen und Verkleinerungstechniken
zeigten sich als wichtig in dieser hochdimensionalen Situation. Eine Leistungsabschitzung
demonstrierte, dass herkommliche Vegetationsindizes in diesen Regionen nicht erfolgreich
sind und Variablen, welche Anpassungen an den Boden beinhalten, benétigt werden. Der
Vergleich der Sensoren deutete darauf hin, dass eine grof3e spektrale Abdeckung, welche
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sowohl Pflanzen- als auch Hintergrundinformationen einschlieBt, vorteilhaft in der
Vegetationsmodellierung von Trockengebieten ist. Fiir den hyperspektralen Sensor konnte
ein erhohtes Potential zur Vorhersage verholzter Biomasse festgestellt werden. Dieser
ermoglichte eine Verringerung des relativen RMSE um bis zu maximal 20 Prozentpunkte im
Vergleich zu multispektralen Daten. Schmalbandindizes, welche aus Baindern der
kurzwelligen Infrarotregion errechnet wurden, zeigten eine spezielle Eignung in der
Erfassung von Zwergstriuchern. Durch die Berticksichtigung des Vorhersagefehlers und der
Erntemethoden in einem konservativen Biomassemodell konnte der verfigbare
Zwergstrauchbestand mit entsprechenden Erntemengen in einem Fallstudiendorf verglichen
werden. Die Ergebnisse legen nahe, dass lokale Biomassemengen mittelfristig ausreichen, um
den thermischen Energiebedarf zu decken. Eingeschrinkte Zuginglichkeit koénnte die
zukiinftige Energieversorgung jedoch beeintrichtigen und die langfristige Nachhaltigkeit ist
auf Grund der langsamen Regenerationsrate der Zwergstraucher fragwiirdig. Das
implementierte raumliche Strahlungsmodell zeigte eine gute Leistung in der Ableitung
verfiigbarer Solarenergie. Die Bewertung von Photovoltaikenergieressourcen als Ersatz fiir
verholzte Biomasse demonstrierte, dass die Erzeugung thermischer Energie innerhalb eines

realistischen Kostenrahmens umsetzbar ist, wenn deren FEinsatz auf bestimmte

Basisanwendungen beschrankt wird. Die Abschitzung der Umwelteffekte in Folge des
potentiellen Ausbaus der Photovoltaikinfrastruktur resultierte in der Erwartung einer
deutlichen Verminderung degradierter Flichen und einer erhéhten Kohlenstofffixierung. Die
Vorteile von solarer Photovoltaikenergie als alternative Energieressource in peripheren

ariden Hochgebirgen wurden hierdurch dargelegt.

Diese Dissertation lieferte Betrige zur Nutzung von Fernerkundungs- und GIS-
Techniken in Trockengebieten und Hochgebirgsregionen. Dabei wurde gezeigt, dass diese
wertvolle Werkzeuge zur Loésung umweltbezogener Forschungsfragen bieten, aber auch
bedeutenden Einschrinkungen unterliegen welche eine feldbasierte Methodenanpassung
erfordern.  Diese  Studie  legt  nahe, dass  zukinftige  Satellitensensoren,
Erdbeobachtungsprodukte und ausgereifte statistische Modelle ein hohes Potential fir die
regionale und globale Erforschung natiirlicher Ressourcen in ariden Okosystemen haben

werden.
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Pe3tome

DHepreTnyeckme BOMPOCkl bl OCHOBHOW NPOGIEMON reorpadiuyeckmx UccneoBaHmi
Ha BocTouHom Mamupe TamkukmucTaHa. KapivnkoBble KyCTapPHUKW (Krascheninnikovia ceratoides,
Artemisia spp.), 6yAy4n eAVHCTBEHHOW [PEBECHON PAaCTUTENIbHOCTLIO, UMEIOT LiEHTPasibHOe
3HayYeHMe B 3TOM KOHTEKCTe, ABMSACH K/IHOYEBbIM PeCypcoM [Ans BblpabOTKM TersioBOWA
aHeprn. Ho, HecMOTPA Ha WX aKTyalbHOCTb [AN8 YCTOWYMBOIO  PasBUTUS, HWU
KO/IMYECTBEHHas OLIEHKa [PeBEeCHON OMOMacChbl, HM OLEHKA BO3MOXHbIX albTepPHaTMB
npoBefeHbl He Oblin. MeToAbl AUCTAHUMOHHOIO 30HAMPOBaHMA W TexHonmorunm TUC
paccMaTpMBaeTCs Kak COOTBETCTBYIOLLME WHCTPYMEHTbI AN 3TUX Lefeil. TeM He MeHee,
o6LmMe MeTOfAbl  AUCTAHUMOHHOTO  30HAMPOBAaHUA  KOCMWYECKOTO  MPOUCXOXKAEHNS
[OCTUratoT npegenia CBOMX BO3MOXHOCTEN B 3aCyLLIMBBIX YCMI0BUAX, XapaKTepu3yHoLLMMICS
CKyAHbIM PacTUTENIbHbIM MOKPOBOM. TakMm 06pa3oM, OCHOBHbLIMW Hay4HbIMW LIeNAaMU
[aHHON fuccepTaummn ABNAKOTCA OLEHKa M PacnpoCTpaHeHVe CYLLECTBYHOLLMX MOAXOA0B
AVCTaHLMOHHOIO 30HAMPOBaHNS M TECTUPOBAHWS Pa3/IYHbIX AaTYMKOB AN OnpefeNeHuns
KONNYecTBa APeBECHOW GMOMAcChl B 3aCyLUNMBbLIX paiioHax, Y4TO6bl BHECTM CBOI BKNafg B
pasbACHeHWe rNobasibHbIX MPo6sieM HabntofeHWs 3eman. Kpome TOro, COOTBETCTBYHOLLME
IMMNUPUYECKMe pe3ynbTaTbl MpedHasHayeHbl A4, 4TOObl NPOSMTb CBET Ha TekyLiue
pervoHabHble febaTtbl N0 Aerpafauun. HakoHel, BO3MOXHOCTb (POTO3/1EKTPUYECKON
3HEPTMN B KauyecTBe aJlbTEPHATMBHOIO MECTHOrO 3HEpreTMyeckoro pecypca [A/is
YCTOMYMBOr0 Pa3BUTMA LO/MKHA ObITb OLIEHEHA.

MoneBble  JaHHble  MOCNYXWIM  OCHOBOWM NS WUCCNEAOBaHWS,  NOCPeCTBOM
NPOCTPAHCTBEHHO pacnpee/ieHHOn 6GMoMacchl, WUCMOMb3ys ai/IOMETPUYECKYIO MOZEb,
KNMMaTUYecKMe W3MEPEHWUS W LOMOSHUTENIbHYKO WMHGOpMauuio. Bosblioe KOMYEeCcTBO
MepemMeHHbIX, OCHOBAHHbIX Ha OTAA/IEHHOM 30HAMPOBAHUU U UMEKOLLMX MOTEHUMabHOe
OTHOLLIEHME K NPOrHO3y APEBECHON GMOMACChl, COrNaCHO MCTOYHMKaM, BbIn MO/MyYeHbl C
MOMOLLBIO AaTyUMKoB Landsat Onu, RapidEye, EO-1 'vnepuoHa (Hyperion) 1 ACTEP
(ASTER). HeckonbKo cnekTpasibHbIX NepeMeHHbIX 3KCMepUMeHTanbHO NPUCMOCO6eHbI AN1A
yyeta BANSHUA Ha (POHOBbIE CUTHa/bl. Pa3nnyHble METOAbI M MOLENN OblM MPUMEHEHDI,
4TOObl CPaBHUTbL WX MPOU3BOAMTENBHOCTL ANf MPOrHO3a MPOCTPAHCTBEHHOW GMOMAcChI.
MeXAnCLMNAVHAPHBIA  aHann3, BKIKOYas BHELUHWE [JaHHble 06CNefoBaHUA MO3BOANN
COMOCTaBUTb HA/IMYME Kap/IMKOBbIX KYCTAPHMKOB, LOCTYMHOCTb U Cnpoc. VIHTerpaumoHHoe
N3yYeHWe MOoJeBbIX JaHHbIX, MPOCTPAHCTBEHHOM MOLENN U3MyHeHUs, PAMOYHbIX CLiEHapueB
N pacyeTbl PacXofoB, CAENaHHbIX HA OCHOBE M3YYeHWUs IUTepaTypbl, MO3BOMUAN MPOBECTU
OLeHKY MeCTHOro noTeHumana (OTOINEKTPUYECKON 3HEPIrMM U CBA3AHHbLIX C 3TUM
3KONIOrMYECKUX MOCeCTBUIA.

Pe3ynbTatbl MoKas3aau, YTO KOJIMYECTBEHHOE AUCTAHLMOHHOIO 30HAMPOBaHUA Ha OCHOBE
6romacchbl BO3MOXHO Jaxe B TPYAHbIX, 3aCyLU/IMBbIX YCMI0BMAX 061aCTU UCCef0BaHUS, HO
OTHOCWTE/IbHO BbICOKME OLUMOKN MOAENNPOBAHUS [O/KHbI ObITb MPUHATHI BO BHUMaHMe
(RMSE/CKO ~ 1000 kr / ra). CTaTUCTMYeCKMe MOLENW C Haanexaliymun npoueaypamu



0oTOO0pa M METOAOB YCafKN SBNAKOTCA BaXHbLIMW B 3TON BbICOKOW Pa3MEPHON HaCTPOMKe.
OueHka 3dpheKTMBHOCTI MOKasasia, 4YTO O6LMe MoKasaTesin PacTUTENIbHOCTM He Obin
yCMELWHbIMWA, U PerynnpoBaHue nepeMeHHbIX 419 30dCPeKTOB MOYBbI HEOOXOAUMbI B 3TOM
pernoHe. CpaBHeHVEe [JaTYMKOB MOKas3ain LieiecoobpasHOCTb GO/bLLIONO CreKTPabHOro
[uana3oHa B MOJENMPOBaHMM PacTMUTE/IbHOTO TMOKPOBa B 3aCyLU/IMBbLIX  06/1acTsX,
BK/THOYAIOLLIETrO pacTeHNs, a Takke BBOAHYHD MHGOPMaLMIO. MnepcnekTpaibHbIA AaTumK
BbISIBU/T MOBbILLEHHbIA NOTeHUMan fANS NPOrHO3MPOBaHWUS [JpPEeBeCHOM 6uomacchl ¢
BO3MOXXHOCTbKO CHWXeHMA OTHOCUTeNIbHOro RMSE/CKO, makcmym Ha 20 NPOLEHTHbIX
NMYHKTOB MO CPaBHEHWIO C MY/bTUCMEKTPa/IbHbIMU AaHHLIMW. Y3KOMO/IOCHbIE WHAEKCHI,
paccyMTaHHble Ha OCHOBE KOPOTKOBOJIHOBOTO WMHOPPAKPACHOrO CreKTpasibHOro yyactka, B
0COBGEHHOCTM MOAXOAAT A1 O6HapY)XeHUs Kap/IMKOBbIX KyCTapHUKOB. KoOHCepBaTMBHaS
Mofenb 6Guomacchl MO3BOSIMIA MPOBECTM CPaBHEHWE WMMEOLLMXCSA 3amacoB Kap/IMKOBbIX
KyCTapHMKOB C OO6BEMOM /1eCO3arOTOBOK Ha MW/IOTHOM Y4YacTKe, NMPUHMMaA BO BHMMaHWeE
OLUMOKN MPOrHO3MPOBaHUA N MPaKTUKY /1ec03aroToBOK. COOTBETCTBYHOLLME pe3y/bTaTbl
MO3BOJIALOT MPEANONOoXUTb, YTO Ha MECTHOM YPOBHE, KO/IMYECTBO 6MOMACCHI OCTaTOUHO,
4TOObI YA0BNETBOPUTL CNPOC Ha TEM/IOBYHO 3HEPTUKO B CPEAHECPOYHON NepcnekTmee. Tem
He MeHee, OrpaHUYeHHbIN LOCTYM MOXET OrpaHuyYMTb OyAylime MOCTaBKU 3Hepruu, u
[ONrocpoYHast yCTOMUYMBOCTb HAXOAMTCS NOJ BONPOCOM M3-3a Mef/IEHHOIO BOCCTaHOB/EHMS
PErvoHa/IbHbIX  Kap/IMKOBbIX  KYCTAPHWKOB. BHeApeHHas MpOCTPaHCTBEHHaA MOZeNb
N3Mly4eHns NPOAEeMOHCTpUpoBasia 3DeKTUBHOCTb B MPOLLECCe MOJyYeHUS COJTHEYHOM
aHeprun. OueHKa (POTO3NEKTPUYECKUX 3HEPTETUYECKMX PECYpPCOB, Kak 3aMeHuTenei
APEBECHOI G1OMACChl MOKasanu, YTO BbipabOTKa TEM0BOIN 3HEPTM SBNSETCA BO3SMOXHOI B
npuemMnemMblX Mpegenax CTOMMOCTM MPUM  OTPaHUYEHUW Ha HEKOTOpPble OCHOBHbIE
npunoxeHns. OUEHKa 3KOMOTMYECKUX MOCNEeACTBUIA OT MOTEHLMANbHO YBE/IMYEHHON
thoTO3NeKTPUYUECKO  MHAPPACTPYKTYPbl MPUMBEAN K  3HAYMTENIbHOMY CMSFYEHUHO B
NnoCTpajaBLUMX parioHax W YCWU/IEHWIO TMOr/OLWEeHNs yriepoga. 3TO  LeMOHCTpUpYeT
NPEeVMYLLIECTBO COJSTHEYHOM (POTOINEKTPUYECKOM 3HEPTUN B Ka4ecTBe abTepHATUBHOIO
pecypca BO306HOB/SEMOW 3HEPTUN B MEPUPEPUINHBIX BbICOKOTOPHbIX 061aCTSX.

[aHHas [uccepTauMs BHecna BKMag B WUCMOMb30BaHME METOAOB  AWCTAHLMOHHOMO
30HAMPOBaHMS 1 TC TEeXHOMOTWIA B 3aCyLUMBLIX U BbICOKOTOPHBIX paiioHax. Takum
06pa3oM, 6bi10 NMPOAEMOCTPUPOBAHO, UTO OHW MPEACTaBNAOT COBON LIEHHbIE MHCTPYMEHTbI
ANS peLleHus NpPoG/ieM OKPYXAlOLLEin cpedbl, HO MpPW YCNOBAM Ha/IMuMs METO/OB
ajanTauyn, OCHOBAaHHbIX Ha TMOMEBbIX [aHHbIX. TO WCCMefOoBaHME TOKA3bIBaeT, YTO
NPeACcTosLLIME CNYTHUKOBbIE [JaTUMKK, Pe3y/bTaThl HAOMIOAEHVS 3eMAN U CIOXHbIE
CTATUCTUYECKME MOJENN UMEHOT BbICOKWIA MOTEHLMAN AN PETVOHANIBHOTO 1 FNo6asbHOro
1CCNefoBaHNs NPUPOAHBIX PECYPCOB 3aCYLLIMBLIX YCIOBUSIX.
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Preface

This dissertation was prepared within the interdisciplinary research project
“Transformation Processes in the Eastern Pamirs of Tajikistan. The presence and future of
energy resources in the framework of sustainable development,” which started in March
2012 and is funded by the Volkswagen Foundation'. The project aims to understand the
utilization of energetic resources at the upper altitude limits of human habitation from a
social sciences perspective, and their availability and accessibility using a natural scientific
approach. The achieved results are subsequently integrated into an energetic model providing
scenarios to develop sustainable management strategies in this peripheral high mountain
region.

In this context, the research team of the University of Bayreuth, headed by Prof. Cyrus
Samimi, concentrates on the natural-scientific basis of the project. The main research topic
of presented thesis focuses on the detection of woody biomass with remote sensing methods
in an arid environment. Furthermore, the potential of solar energy as a ubiquitous resource
should be evaluated to assess the feasibility of local alternatives for thermal energy
generation.

! For more information please refer to http://www.klimatologie.uni-
bayreuth.de/homepage_samimi/samimi_research/index.html; accessed on 13 July 2015
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1 Objectives and research questions

Sustainable development against the background of limited resources is one of the most
urgent issues worldwide. The generation of quantitative information on the availability and
distribution of respective resources is a prerequisite for an adapted management. This is
most obvious in developing peripheral regions that are characterized by restricted economic
exchange structures. The Eastern Pamirs of Tajikistan, an arid high mountain plateau, are an
illustrative example of this situation, with strong dependencies on locally available resources
for the people’s livelihoods. Despite the relevance of perennial woody vegetation as fuel and
forage source and the associated need for quantitative plant biomass information, a
sophisticated assessment of this resource is missing. Therefore, a regional objective of this
study is to generate information on spatially resolved woody biomass amounts in order to
analyze its availability in relation to local accessibility and demand. Remote sensing appears as
a suitable method to achieve this goal. However, existing remote sensing approaches reached
their limits in the study area. This leads to a research field which is of importance to remote
sensing science in general: the derivation of vegetation biomass amounts in drylands. Arid
lands cover major parts of the planet’s land surface, and woody perennial vegetation plays a
significant role, as it provides central ecosystem services in respective regions. Excessive
exploitation of plant biomass, especially overgrazing and fuelwood consumption, may lead to
degradation and desertification, which is considered a global concern. As the extensive arid
environments cannot be surveyed and monitored by field observations alone, remote sensing
is a suitable and necessary method of studying standing biomass and it’s alteration in arid
environments. However, most remote sensing based analyses have had limited success in
regions with scarce areal vegetation cover. This thesis therefore intends to contribute to
general remote sensing applications and solutions in arid environments. Due to the high local
and global relevance of this research topic, woody biomass mapping using remote sensing
techniques constitutes the central part of the presented dissertation.

Apart from the demand on some constrained local resources, others are ubiquitously
available. In particular solar power has much potential as an alternative energy resource in
petipheral mountain regions. The Pamir Plateau is considered to be an ideal setting for the
development of solar energy to alleviate energy poverty and pressure on the local ecosystem.
However, studies on the potential of solar power systems, especially for generating thermal
energy, have not been conducted. This thesis aims to fill this regional research gap and
evaluate the feasibility and effects of solar power utilization as an alternative to woody
biomass. Such an assessment has to be adapted to the respective local context. Therefore, an
integrative approach which is straightforwardly transferable to other mountain environments,
incorporating geographic information system (GIS) modeling, climate data, and field
observations, should be conducted. Wind energy is not considered in this dissertation as
preliminary climate data analysis showed, that even at favorable sites, this resource has a
much lower potential and positive synergy effects are minimal.
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Part I of this dissertation introduces the characteristics and regional challenges of the
Eastern Pamirs of Tajikistan and summarizes relevant geographical research. An outline of
state of the art research findings as well as gaps provides the starting point for forming
research questions and hypotheses of regional as well as general relevance. Subsequently,
materials and methods that are intended to contribute to these objectives are presented. In
Part II, four peer-reviewed articles exemplify the central research activities of the dissertation
in detail. Part III finally integrates the achieved results into a conclusion and gives an outlook
of related additional research.

1.1 Introduction and research area

The global relevance of mountain regions and drylands is highlighted by the United
Nations environment programme (UNEP) and the Millennium Ecosystem Assessment,
which consider them to be key environmental systems with high vulnerability to disturbances
(Hassan et al. 2005; UNEP 2012). Clearance of plant biomass and domestic livestock grazing
with intensities above regeneration rates are some of the most important drivers of
degradation in respective areas. The Eastern Pamirs of Tajikistan, entitled the ‘roof of the
world” by some of the first western explorers (Wood 1841), is a region where all of these
criteria apply. With altitudes mostly between 3,500 and 5,500 meters above sea-level (m.a.s.l.,
Figure 1), a cold and arid climate showing annual mean temperatures of -1 °C, and an annual
average precipitation of 94 mm (Murghab 1998-2012, Tajik Hydrometeorological Service
2013), the region can be characterized as a high mountain desert. All permanent settlements
are located in the sub-alpine belt (3,500 - 4,300 m.a.s.l.) where the climatic conditions have
led to the dominance of scarce dwarf shrub vegetation (Krascheninnikovia ceratoides,
Artemisia spp.) with an areal cover seldom exceeding ten percent (Walter and Breckle 19806).
Denser, azonal meadow vegetation (e.g. Carexspp., Kobresia spp.) exists in riparian
ecosystems because of the increased water supply (Figure 2a). In the alpine belt (4,300 —
4,800 m.a.s.l.), with its higher rainfall rates, grasses, and cushions (e.g. Acantholimon spp.), are
the most prevalent plants (Vanselow 2011). The already mentioned dwarf shrubs, common
woody species in arid environments regionally known as zeresken (McArthur et al. 2004;
Heklau and von Wehrden 2011; Kraudzun et al. 2014), are of major importance to the
research area. Animal husbandry is the basis of most people’s livelihood, and the shrubs are a
main winter forage source due to the seasonal scarcity of other plants (Figure 2b). Another
central ecosystem function of the perennial vegetation is the protection of soils from erosion
(Breckle and Wucherer 2006). With the absence of trees, dwarf shrubs are the only plants
that provide woody biomass and are the only locally available thermal energy carrier besides
animal manure (Breu et al. 2005). Therefore, grazing and widespread harvesting of shrubs
occurs simultaneously (Figure 2¢). This situation made local energy resources, in the context
of environmental degradation and sustainable development, a central topic of geographical
research in the Eastern Pamirs.
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Figure 1: Map of the Eastern Pamirs of Tajikistan. Areal extent is approximately identical to the rgjon (district)
Murghab.

a)

Figure 2: Photographs of (a) Krascheninnikovia ceratoides dwarf shrub formation in the front with azonal riparian
grass vegetation in the background, (b) Yaks feeding on dwarf shrubs penetrating the snow, and (c) dwarf shrub
harvesting.

Starting with the Czarist Empire and increasingly enforced under the Soviet rule in the
20™ century, nomadism with pasture use during the summer months was replaced by
permanent settlements, continuous utilization and a planned economy (Kreutzmann 2002).
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The increased demand for thermal energy and the related excessive dwarf shrub extraction
led to the ban on biomass harvesting in 1961, as the emerging degradation was recognized
(Kraudzun et al. 2014). Provision was maintained with energy resources (e.g. coal) and
fodder subsidies from neighboring regions. With the collapse of the Soviet Union, these
subsidies ceased, and the recurring local resource exploitation, especially dwarf shrub
harvesting for fuel, resulted in considerable environmental pressure (Breu et al. 2005).
Geographical research after the civil war (1992-1997) focused on this issue, and a “severe
energy crisis” (Droux and Hoeck 2004, p. 4), or a “feresken syndrome” (Breckle and Wucherer
2000), were anticipated. This culminated in the assumption that respective dwarf shrubs were
totally cleared within a radius of 80 km from the district capital Murghab (Breu 20006, p. 15).
However, still today dwarf shrubs can be found in walking distance from this village, and
harvesting activities were observed as close as 12 km (own observations). Accordingly, more
recent research on dwarf shrubs suggests a rather differentiated picture, with degraded
regions appearing alongside intact vegetation, and an increased use of other energy carriers
such as animal manure besides dwarf shrub biomass (Kraudzun 2014; Kraudzun et al. 2014;
Vanselow and Samimi 2014). Yet, to summarize, none of these studies give quantitative
figures on biomass distribution or an assessment of alternatives, but all agree that an
increased utilization of renewable energies is inevitable for sustainable development (Hoeck
et al. 2007; Forster et al. 2011; Wiedemann et al. 2012; Kraudzun 2014; Kraudzun et al.
2014).

1.2 State of the art research and research gaps

1.2.1 Regional mapping of woody vegetation

The first remote sensing based analyses on vegetation in the Eastern Pamirs were two
diploma theses by Budka (2003) and Hergarten (2004). Budka (2003) performed an
ISODATA classification (ERDAS 1999) based on Landsat 7 ETM+ images with 30 m
resolution, but only distinguishes dense green vegetation from other vegetation types and
does not contribute information on sparsely vegetated dwarf shrub habitats. Similarly,
Hergarten (2004) used Landsat 7 ETM+ satellite data, ancillary data, a digital elevation model
(DEM) and a limited set of ground observations to perform a regional land cover
classification. As a part of this analysis, an ‘expert classification’, which is a rule based
approach (ERDAS 1999), was conducted to separate general vegetation formations.
However, the mapping of dwarf shrub vegetation was not successful with this approach due
to sparse vegetation cover. Therefore, additional variables were used to extract dwarf shrub
habitats but neither a validation nor performance assessments of respective results were
implemented. Vanselow (2011) presented a more sophisticated vegetation classification using
a large set of ground observations, 5 m RapidEye satellite images and DEM data. In doing
so, an ordination method was used to preselect important predictor variables for mapping
seven vegetation formations with a random forest model (Breiman 2001). The approach
resulted in the first validated map considering general dwarf shrub occurrence, but
information on dwarf shrub quantities was not generated. However, Vanselow (2011)
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showed that topographic variables from the Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) DEM, texture variables, and vegetation indices (VIs) based
on the red-edge to infrared spectral regions were important in analyzing dwarf shrub
vegetation. The respective approach was subsequently adjusted to increase information on
degraded and intact dwarf shrub areas and showed that the latter still cover extensive areas
(Kraudzun et al. 2014). Finally, Vanselow and Samimi (2014) extended the study by using a
broader spectral region, adapted topographic predictors, additional texture variables, and a
VI that is intended to cope with soil noise. This increased classification accuracy and an
additional random forest regression model provided information on total vegetative cover,
but the prediction of dwarf shrub cover was not successful. These results indicate that
remote sensing based techniques reach their limits in the Eastern Pamirs of Tajikistan,
particularly regarding dwarf shrub habitats. Therefore, specialized techniques may be
necessary for biomass prediction with remote sensing data.

Apart from remote sensing approaches, research on total biomass amounts of dwarf
shrub communities were conducted in several studies during Soviet times which are
described in detail by Vanselow (2011). However, the stated figures are inconsistent, ranging
from 600 kg/ha to more than 20 t/ha according to different site conditions, and thus, an
application of averaged values is not practicable to assess available biomass. Despite this
absence of data on spatial availability and a large disparity of figures on local household’s
dwarf shrub use, varying from 1.2t (Wiedemann et al. 2012) to 7.9 t (Droux and Hoeck
2004), an estimation of vegetation loss due to harvesting activities has been conducted,
producing alarming figures (Droux and Hoeck 2004). As such an approach is not sufficient
to perform a sophisticated assessment of the current situation because of the lack of
empirical evidence; there is a need for research that combines reliable data on energy
consumption and supply.

1.2.2 Global remote sensing approaches on dryland vegetation

The awareness that remote sensing and GIS are both important tools to analyze arid
environments, but are also subject to major obstacles, is not new to the research community.
Tueller (1987) emphasizes that in regions with a vegetation cover below 25 to 35 percent, soil
is the dominant feature of a pixel’s spectral signal and the detection of vegetation properties
is aggravated. Moreover, the spectral variability of the vegetation itself, which consists of
living green as well as of senescent or woody parts to a large extent, introduces further
difficulties in the analysis of vegetation in respective regions. Eisfelder et al. (2012), in a
recent review on the use of remote sensing data for plant biomass derivation in semi-arid
regions, still stress the importance of additional research to address these challenges.
Furthermore, the transferability of methods in time and space are considered to be an
additional, central problem. Until now, a number of different techniques and sensors have
been applied and tested in drylands.

Empirical models, connecting optical remote sensing indices and field measurements, are
the most frequently used methods (Eisfelder et al. 2012). Therefore, a multitude of
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potentially useful and complementary VIs have been developed since the 1970s (Huete
2014). However, the utility of most common VIs is limited in drylands (Asner and
Heidebrecht 2002; Montandon and Small 2008; Yang et al. 2012), and specific methods to
reduce soil background and improve the sensitivity of existing VIs are suggested (Bannari et
al. 1995). Some studies showed increased performance due to such measures (Veraverbeke et
al. 2012), while others report no benefits for their models (Van Der Meer et al. 2001; Calvao
and Palmeirim 2011). Another promising approach in drylands is spectral mixture analysis
(SMA), which uses spectra of different materials, referred to as endmembers, to model
different vegetation fractions separately (Asner and Heidebrecht 2002; Yang et al. 2012).
Some sources conclude that the results of SMA are superior to the VI models (Yang et al.
2012), although others acquire better results with VIs using regression models in desert
environments compared to SMA (Buyantuyev et al. 2007). Additionally, as shown by
Shoshany and Svoray (2002), a multi-temporal methodology based on phenological
differences may be a solution to the problem of separately mapping different vegetation units
such as shrubs and grasses in drylands and improving woody biomass detection. However, as
this approach requires a specific variation in phenology of the species concerned, and can be
inaccurate when vegetation cover is too low (Shoshany and Svoray 2002), this method is not
universally applicable. Object based derivation of woody biomass, as shown by Spieckermann
et al. (2015), may be a suitable alternative in semi-arid regions when the sensor resolution is
sufficient to detect respective plants individually. In desert environments with small shrub
vegetation, such an approach may have great potential using an unmanned aerial vehicle
(UAV) that acquires very high resolution imagery (Laliberte and Rango 2011). Besides optical
remote sensing approaches, radar or laser based methods are important alternatives.
However, as this data is not available for the research area, or at least not in sufficient
resolution, and partly involves similar limitations in regions with low vegetation cover
(Eisfelder et al. 2012), related research is not discussed in the presented thesis.

Regarding spectral resolution, bands from the red and near-infrared (NIR) spectral
regions, e.g. as implemented in the normalized difference VI (NDVI), were among the first
used for dryland biomass analysis (Tucker et al. 1985) and are still widely applied to detect
photosynthetic vegetation fractions (Eisfelder et al. 2012). Similarly, the red-edge spectral
domain, which forms the transition from red to infrared wavelengths, improved the
modeling of green vegetation in arid environments in some studies (Ren et al. 2011; Li et al.
2012; Ramoelo et al. 2012). Mid-infrared (MIR) or short-wave infrared (SWIR) spectral
bands may contribute to biomass mapping by also capturing spectral features of senescent
vegetation (Eisfelder et al. 2012). Different multispectral sensors which are used by the
majority of remote sensing biomass studies in drylands (cf. Eisfelder et al. 2012) cover these
wavelengths with a limited number of relatively broad spectral bands. Hyperspectral sensors,
generally extending over a larger spectral domain and delivering hundreds of narrow bands,
may improve vegetation analysis in arid environments as they are less susceptible to
background effects and are better suited to capture spectral features of photosynthetic and
non-photosynthetic plant tissue (Asner and Green 2001; Oldeland et al. 2010; Swatantran et
al. 2011; Schwieder et al. 2014). However, other sources conclude that the utility of
hyperspectral data is also very restricted in areas with low vegetation cover (Asner et al. 2000;
Okin et al. 2001; Serrano et al. 2002).



SYNOPSIS

In summary, research on remote sensing based vegetation and biomass analysis in arid
environments is scarce due to the various methodological challenges. In particular in areas
with a vegetative cover below about 30 percent, satellite based analyses have shown limited
success (Hisfelder et al. 2012). Existing studies do not give clear recommendations on the
suitability of specific remote sensing variables, although a large number of potentially useful
predictors exist; yet these may not be adapted to arid regions. Furthermore, the applicability
of different VIs may vary due to regional effects (Huete 2014) which restrict their
transferability. Additionally, a comparison of different sensors in their ability to detect
biomass in respective areas is missing. To address this dilemma of methodological research
problems and the simultaneous need for biomass information in arid environments,
enhanced research on appropriate variables, associated wavelengths, sensors, and methods is
necessary to test the utility and the limits of optical remote sensing in the world’s drylands.

1.2.3 Assessment of solar energy resources

Besides a very vague estimation by Kraudzun (2014) who sees potential in solar power to
generate basic, non-thermal energy, there is no study on solar resources in the research area.
Globally, many mountain areas are considered to have a high natural potential for solar
power, but are also often characterized by inadequate energy infrastructure, heavy utilization
of local biomass, and corresponding pressure on the environment. Therefore, a number of
solar energy research approaches in high altitudes exist which either focus on the assessment
of available resources (Gilman et al. 2009; Poudyal et al. 2012), the analysis of the current
utilization (Wang and Qiu 2009; Bhandari and Stadler 2011), or the environmental effects of
installed energy systems (Limao et al. 2012). When referring to the potentials of energy
resources in general, different definitions exist, ranging from the geographical and
technological to the economical or implementation potential (Painuly 2001; de Vries et al.
2007). The calculation of such potentials varies strongly as they are based on a number of
context-based assumptions (de Vries et al. 2007), and hence no generally applicable approach
exists. The assessment of spatial solar radiation amounts, which is the basis for deriving
other potentials, is mostly conducted using GIS based solar radiation models that consider
topographic effects (Tovar-Pescador et al. 2006; Pons and Ninyerola 2008; Hofierka and
Kanuk 2009; Kumar 2012) or satellite based analyses (Huld et al. 2012; Amillo et al. 2014),
whereby both approaches produced reasonable results. In mountain regions, however,
greater uncertainties are expected for remote sensing based radiation methods (Dirr and
Zelenka 2009; Huld et al. 2012; Amillo et al. 2014) whereas GIS techniques are considered to
be an adequate approach (Tovar-Pescador et al. 20006; Pons and Ninyerola 2008). Maps of
the natural potential of solar radiation may be used to select suitable solar power sites (Aran
Carrion et al. 2008), which in turn represent the geographical potential. The technical
implementation and cost is usually calculated based on the available radiation amounts,
required energy, and selected solar energy components with their respective technical
specifications (Chandel et al. 2014). The evaluation of the economic feasibility is increasingly
complex and often based on economic indicators like the levelized cost of electricity (LCOE,
Mainali and Silveira 2013), but associated results are highly variable due to the underlying
assumptions (Branker et al. 2011). Alternatively, some studies suggest that economic
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considerations should not be solely decisive in the implementation of solar energy projects
given the lack of alternative options, and social factors ought to be taken into account
(Bhandari and Stadler 2011). Finally, the appraisal of the environmental effects of solar
energy utilization may be based on an evaluation of existing data on ecosystem variables and
solar energy development (Limao et al. 2012) or on a scenario- centered analysis (Shrestha et
al. 2007).

As outlined above, a number of studies focus on solar energy resource analysis in
mountainous terrain; but usually existing approaches are restricted to a certain delimited
research field. A combined assessment of the feasibility and the potential effects of
photovoltaic power utilization in developing mountain regions, integrating different steps of
calculating renewable energy potentials, is missing. Therefore, a simple low-cost
methodology is required which is adjusted to the local context, considers realistic limiting
factors, and is also easily adaptable to analyze comparable developing areas.

1.3 Research questions and hypotheses

Dwarf shrubs play a central role for the local people and the regional ecosystem, as does
perennial woody vegetation for the planet’s drylands in general. Remote sensing is a tool that
enables one to gain information on spatial vegetation properties over large areas; but a
number of open methodological issues exist in arid environments. Therefore, the main
research question of this thesis reads as follows:

Is remote sensing based woody biomass quantification possible in an arid
environment using space-borne data?

Existing regional remote sensing approaches showed that a classification of general
vegetation units is possible even under the challenging local settings, and that additional
spectral and topographic variables may improve respective analyses. Global remote sensing
studies, besides stating several difficulties, offer a wide range of variables and a number of
methods to adapt existing predictors to conditions of scarce areal vegetation cover. This
multitude of potentially useful predictors has not been sufficiently analyzed. Different
spectral variables may be required to detect features of woody vegetation or correct for soil
noise. This leads to the first general hypothesis:

Hypothesis 1: A combination of a large set of specifically adapted satellite based
variables together with adequate selection and modeling techniques enables spatial biomass
prediction even under difficult arid conditions.

Different sensors with various spatial, temporal, and spectral resolutions exist. However,
existing research does not present conclusive recommendations on their suitability in arid
environments. Perennial vegetation in arid environments consists of green photosynthetic,
senescent and wooden parts that are characterized by different spectral properties detectable
in variable wavelengths. Therefore, a broad spectral range may be advantageous in an

10
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associated analysis leading to general hypothesis number two:

Hypothesis 2: The coverage of a broad spectral range and a high spectral resolution
increase modeling performance. Hence, hyperspectral data is especially suitable for detecting
woody vegetation in drylands.

Regionally, geographical research shows a contrasting picture regarding available dwarf
shrubs in relation to their utilization as thermal energy carriers. On the one hand, results state
a severe energy crisis with generally dwindling dwarf shrub resources; and on the other hand,
a spatially differentiated situation is suggested by the existence of both degraded and non-
degraded areas simultaneously. However, the existing estimations are not based on
empirically derived numbers of dwarf shrub amounts or dwarf shrub demand. This leads to
the second research question of this thesis, which refers to the regional scale:

What is the spatial distribution of dwarf shrub biomass amounts in relation to their
accessibility and demand?

Remote sensing based generation of spatially resolved biomass maps allows for an
interdisciplinary comparison of available dwarf shrub quantities, with survey results regarding
dwarf shrub utilization and demand shedding light on the ongoing degradation debate in the
Eastern Pamirs. This enables the addressing of hypothesis number three:

Hypothesis 3: Despite some rather pessimistic assessments regarding dwarf shrub
resources in existing research, there are still regions with large stocks of dwarf shrub biomass
to meet local thermal energy demands.

Finally, this thesis intends to analyze possible alternatives to currently utilized energy
carriers, as existing studies consider renewable energies a prerequisite for sustainable
development. To that end, solar energy, as an infinite resource, is suggested to be of major
importance in mountain regions, but its potential in the Eastern Pamirs remains unknown.
The introduction of thermal energy as a substitute for local dwarf shrub use is a central issue
in this context. Solar thermal techniques are not considered due to the frequent recurrence of
freezing temperatures even in summer months. Accordingly, the third research question is:

Is the generation of alternative thermal energy feasible with solar photovoltaic
systems?

The assessment of renewable energy potentials or associated definitions varies widely
according to underlying assumptions and the research context. A number of potentially
useful methods exist, but they have to be integrated and adapted to the respective local
conditions. From this knowledge, the fourth hypothesis is derived:

Hypothesis 4: An integrative approach, combining climatic measurements, GIS based

radiation modeling, and additional survey data, enables an assessment of the feasibility and
effects of increased solar photovoltaic energy utilization.

11
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2 Materials and Methods

In this section, data, materials and methods to test the hypotheses are briefly presented. A
detailed description is given in the respective manuscripts (Part II). Regionally collected field
data or ground truth data present the basis of the study. Satellite data and associated
processing techniques are required to address objectives on remote sensing subjects, as are
statistical methods (Hypotheses 1 and 2). Observation based scenarios are used to define
framework conditions regarding human or economic influences (Hypotheses 3 and 4). The
GIS based radiation model, utilized for solar resource assessment, is addressed
(Hypothesis 4) and external data for interdisciplinary analyses is summarized (Hypotheses 3
and 4). Finally, applied software is listed.

2.1 Field methods and derivative data

Ground truth data on vegetation is necessary to separate dwarf shrub habitats from other
land cover (please refer to chapter 2.3.1) and for the derivation of spatially allocated biomass
quantities to train and validate remote sensing based models. The basic units providing this
information were field plots registered with a global positioning system (GPS) device. An
associated sampling design of these plots has to meet different, partly contradictory,
requirements. On the one hand, sampling design should correspond to statistical principles,
whereby probability sampling is considered as ideal (Stehman and Czaplewski 1998). On the
other hand, non-probability sampling may be better suited to ensuring ecological
representativeness (RoleCek et al. 2007). Finally, research objectives, practical considerations,
and general limitations may make deviations from probability sampling inevitable (Stehman
and Czaplewski 1998). Remote sensing involves a plot size that is adapted to the sensor
resolution (Justice and Townshend 1981), and so a certain minimum extent is required.
Furthermore, relatively homogenous vegetation is necessary (Vanselow 2011). Finally, a
broad range of dwarf shrub coverage had to be mapped with the sampling design and the
consideration of accessibility was central in this extensive and rugged terrain. Therefore, a
three-step sampling design was implemented. First, dwarf shrub stands that meet the
aforementioned criteria were preferentially selected to cover the whole research area. Within
the stands, dwarf shrub quantities were recorded in sub-plots meeting size recommendations
given in Mueller-Dombois and Ellenberg (1974). These sub-plots were randomly placed and
defined the locations of the field plots. The field plots then served for the extraction of
spectral properties for remote sensing analysis using different approaches and the allocation
of vegetation quantities. Several methods to quantify vegetation are given in literature
(Mueller-Dombois and Ellenberg 1974). Existing remote sensing approaches in the research
area used estimates to derive areal vegetative cover classes (Vanselow 2011; Kraudzun et al.
2014; Vanselow and Samimi 2014). However, such estimates may introduce additional
uncertainties (Wilson 2011), which was confirmed by testing this approach with a small pre-
test sample (Figure 3a). For this reason, as well as to establish an empirical relationship to
total dwarf shrub biomass, a regionally adapted measurement technique was implemented
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which is similar to a crown diameter method (Mueller-Dombois and Ellenberg 1974). The
shape of local dwarf shrub growth most closely resembles a circle (Figure 3b), and the
measured plant circumference was thus used to calculate the circle area of dwarf shrubs in
the sub-plots. However, as the major part of the dwarf shrub mass is located within the root
zone (Figure 3c), a conversion method is necessary to derive the total biomass.
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Figure 3: Illustrations of (a) differences between cover estimates performed by an experienced first observer
and cover measurements using the dwarf shrub circle area formula performed by a second observer in 4 m x 4
m plots with superimposed 1:1 line, (b) typical dwarf shrub growth shape with red circle overlay for
comparison, and (c) excavated dwarf shrubs for heating purposes.

2.1.1 Allometric model

Allometric models are empirical functions that permit the calculation of biomass from
easily measurable morphological parameters, and are frequently used in arid environments
(Perez-Quezada et al. 2011) and remote sensing studies (Eisfelder et al. 2012). The suitability
of several dwarf shrub surface parameters as proxies for total biomass was examined with a
small pre-test sample. Dwarf shrub circle area derived from the measured circumference
proved to be the best indicator. Regression modeling of logarithmically transformed variables
with subsequent 10-fold cross validation (Brenning 2012) and logarithm bias correction
(Baskerville 1972) was applied using a larger sample comprising all regional dwarf shrub
species to derive total biomass from dwarf shrub circle areas. The model served for the
calculation of individual dwarf shrub biomass within the sub-plots. The results were
aggregated to represent the total dwarf shrub biomass per ha for every field plot.

2.1.2 Climate data

Officially available climate data was not suitable for this study as solar radiation is not
recorded. Global solar radiation measurements, at a one minute sampling and a half hourly
logging interval, were performed using four automatic weather stations. The climate stations
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are located in the villages Murghab (3,650 m.a.s.l), Alichur (3,900 m.a.s.l.), Shaymak (3,900
m.a.s.l.), and on the summit of Pik Pionerka (4,740 m.a.s.l.). This setting was intended to
simultaneously cover the main villages and different climatological conditions, such as the
different valley configurations, altitudes, and compass directions. Subsequent analysis and
quality control of the data led to an available time period, from October 2012 until
November 2013 for the Pik Pionerka station and from October 2012 until February 2015 for
the three other stations, which was then averaged to monthly values for the analysis.

2.2 Satellite data

Due to budgetary reasons, this dissertation is based on freely available remote sensing
data. Besides, the rationale of selecting adequate satellite data depends on a number of
factors. The timing of the acquisition should fall within the period from mid-summer to the
beginning of fall to ensure minimum snow cover and data from the peak of the vegetation
period. As the vegetation related signal is relatively low in this arid environment in general,
this was necessary to achieve a maximum spectral plant response in the images. Multi-
temporal approaches such as phenological decomposition (Shoshany and Svoray 2002) were
not considered, as the phenology of local vegetation is concurrently timed due to the cold
and arid environment with snow, low temperatures, and short vegetation periods, according
to our observations and information in literature (Walter and Breckle 1986; Vanselow 2011).
Furthermore, regional plants are not characterized by an immediate response to precipitation,
such as short term greening after rainfall. Because of the prevailing aridity, overcast
conditions are relatively rare. Therefore, a moderate temporal resolution with a monthly
revisit time to allow for the acquisition of images with low cloud cover is sufficient for this
analysis. Spatial resolution is also a central issue in remote sensing based analysis (Khorram et
al. 2012). In the research area, dwarf shrub stands frequently cover relatively large areas with
a side length above 100 m, and so a medium resolution sensor (e.g. 30 m) would be sufficient
for the analysis. However, dwarf shrubs also form patches within these stands and a high to
moderate resolution sensor (around 5 m, c.f. Eisfelder et al. 2012) would be required to
resolve respective patterns. Sensors with both moderate and moderately high resolutions
deliver a mixed signal incorporating vegetation as well as soil spectral signals. Individual
dwarf shrub plants can only be detected using very high resolution imagery, well below
50 cm. At present, costly panchromatic sensors, airborne sensors, or sensors on UAVs are
able to deliver data in this resolution. However, UAV or airborne operations are currently
not possible in the research area because of legal restrictions. Furthermore, very high
resolution sensors also involve significantly higher computational and processing costs when
analyzing large areas (Matese et al. 2015). Finally, the selection of the spectral resolution is
also critical for remote sensing- based analysis (Khorram et al. 2012). As noted earlier, a
higher spectral resolution is hypothesized to increase performance of dwarf shrub detection
and so a number of sensors with a broad spectral range and a large number of spectral
divisions that meet aforementioned criteria are considered ideal for this thesis (Figure 4).
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2.2.2 landsat 8 OLI data

The Operational Land Imager (OLI) sensor onboard the Landsat 8 satellite has a
multispectral resolution of 30 m, covers the whole globe in a 16-days cycle and offers eight
spectral bands (USGS 2015). The spatial resolution of this sensor is very useful for the
regional scale (Eisfelder et al. 2012). Besides several bands ranging from the blue to NIR
regions, two SWIR bands may make this sensor particularly suitable for the analysis. The
15 m panchromatic band was not used in this study.

2.2.3 Hyperspectral EO-1 Hyperion data

The National Aeronautics and Space Administration’s (NASA) Hyperion sensor onboard
the Harth Observing 1 (EO-1) satellite was the first (Khorram et al. 2012) and is presently
the only space-borne hyperspectral sensor providing data for the research area. This sensor
has a spatial resolution of 30 m, a temporal resolution of 200 days, a very high spectral
resolution with 242 bands ranging from 356-2577 nm, and a bandwidth of about 10 nm
(Beck 2003). This spectral resolution may offer new possibilities in analyzing woody
vegetation in drylands by capturing various plant features, but processing constitutes an
additional challenge in respective research (Khorram et al. 2012). The narrow swath width,
low temporal resolution, and limitations on collectable images per day require tasking of the
satellite (Beck 2003). Therefore, only a small number of 7.5 km broad images are available
for analysis with this experimental sensor.

2.2.4 ASTER data

The ASTER global DEM provides ground elevation data from processed stereo pairs of
nadir and non-nadir-looking NIR cameras with a resolution of one arc second (METI and
NASA 2009). These images served the derivation of additional topographic variables after
resampling to a pixel size of 30 m.

2.3 Processing of satellite data and derived

variables

A modeling approach that connects field data to a multitude of potentially useful spectral
variables by simultaneously using different modeling techniques was selected to quantify
biomass in this thesis. A SMA approach, as a potential remote sensing based alternative in
semi-arid environments, was not considered. The main reason for this is that a complex
spectral unmixing methodology would be required that resolves non-linear mixing issues
whereby single plant components may not be detectable in this sparsely-covered region
(Asner et al. 2000; Okin et al. 2001). Besides field spectra, such an approach would also be
based on the separate mapping of photosynthetic and non-photosynthetic vegetation, which
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is an unresolved issue and one of the largest error sources in existing research (Meyer and
Okin 2015). In contrast, the applied method aims to utilize remote sensing- based variables
indicative of a mixed biomass signal comprising spectral properties of soil, photosynthetic,
and non-photosynthetic materials in a multi-variable model. Therefore, different processing
steps are required. These include the preparation of raw remote sensing data, the limitation
of the study region to the relevant area of interest, and the derivation of remote sensing
variables that are subsequently integrated in the actual modeling (please refer to chapter 2.4).

All optical satellite products are available in preprocessed formats subject to terrain
correction as well as geometric and radiometric calibrations. Digital numbers were
recalculated to at-sensor radiance. Atmospheric effects influence the data recorded by a
satellite sensor, and different atmospheric correction methods exist to minimize these
influences (Khorram et al. 2012). For this thesis, ENVI’s MODTRAN® based FLAASH®
algorithm was utilized as a state of the art radiative transfer model (Guanter et al. 2009;
Jiménez-Munoz et al. 2010) by applying daily atmospheric water vapor amounts from the
Aqua AIRS Level 3 Daily Standard Physical Retrieval product (AIRS science team and
Texeira 2013). The algorithm results in surface reflectance values. Products delivered in tiles
were mosaicked to spatially coherent images using a feathering algorithm. Additionally,
RapidEye images had to be normalized using color balancing (cf. Luedeling and Buerkert
2008) as some images contained visible illumination differences. A spatial error was still
present in the RapidEye and Hyperion images despite preprocessing algorithms. Therefore,
respective images were georeferenced using GPS registered ground control points and
Landsat images.

2.3.1 Preclassification

To separate the area of interest (dwarf shrub habitats) from other regions (grass
vegetation, water bodies, snow, and ice) a preclassification was performed. Existing studies
suggest good spectral separability of dwarf shrub vegetation formations from other land
cover types (Vanselow 2011; Vanselow and Samimi 2014). Spectral angle values (SAV, Figure
5a), which are numerical measures of the spectral resemblance of two spectra for the rapid
maping of spectrally similar areas (Kruse et al. 1993), were used to create raster maps for the
subsequent implementation of the dwarf shrub biomass model. A dense dwarf shrub
reference spectrum on the one hand and a closed azonal grass vegetation spectrum on the
other hand were derived from Landsat data to achieve a uniform classification. From the
reference spectra, SAV were calculated for the whole raster image and averaged for the
vegetation plots. The ability of these variables to separate dwarf shrub habitats from grass
vegetation was tested using the area under the ROC (AUROC) value, as it is considered a
favorable performance measure of classifiers (Bradley 1997, Hand and Till 2001). The
classification thresholds were determined using corresponding boxplot whisker values of
dwarf shrub plot SAV with both reference spectra to exclude spectrally different areas
(Figure 5b). Outlying areas were not considered for quantitative modeling.
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Figure 5: Illustrations of (a) spectral angle between a reference spectrum and a raster pixel using a hypothetical
two band image according to Kruse et al. (1993), and (b) boxplots of dwarf shrub SAV values with thresholds
(grey horizontal lines) of the dwarf shrub reference spectrum (left) and riparian grass vegetation spectrum

(right).
2.3.2 Individual bands and band ratios

The application of single spectral bands for vegetation modeling is the simplest form of
using remote sensing data, but they may be important indicators of vegetation biomass in
drylands (Mutanga and Rugege 20006). To enhance the contrast between different materials,
simple band ratios may be calculated by dividing one band by another which was successful
in analyzing grass biomass in semi-arid regions (Samimi and Kraus 2004). Therefore,
individual bands and band ratios were included in the present thesis.

2.3.3 Vegetation indices

VIs are the most frequently applied remote sensing based variables which represent
normalized ratios of spectral bands to reduce noise (Huete 2014). These indices are used by
the majority of dryland remote sensing studies and a number of these reported high
correlations with plant biomass (Eisfelder et al. 2012). Respective indices are usually

calculated as:

= @

Where R is reflectance; « is the first wavelength and 4 is the second wavelength.
Respective indices using all available spectral bands and other versions suggested in literature
(Gelder et al. 2009; Ramoelo et al. 2012) were derived for this study.
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2.3.4 Soil adjusted vegetation indices

Simple VIs are subject to a number of disturbances, especially in regions with low
vegetation cover, and additional indices have been developed to account for variations in soil
brightness (Bannari et al. 1995). Generally, various forms of respective indices exist: Indices
that are based on fixed, empirically derived constant coefficients to adjust for background
influences such as the soil adjusted VI (SAVI, Huete 1988), indices using self-adjustable
correction factors (Qi et al. 1994), and indices that are based on the calculation of soil line
parameters by applying regional soil plots (Figure 6, Bannari et al. 1995). Spectral variables
based on these principles are considered to improve dryland vegetation analysis in the study
area (Kraudzun et al. 2014; Vanselow and Samimi 2014) and other regions (Bannari et al.
1995; Veraverbeke et al. 2012). In this thesis, various forms of respective indices are used
and referred to as soil adjusted Vls.
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Figure 6: Scatterplot of nine bare soil sites (black) and nine dwarf shrub sites (red) in the Landsat red-NIR
spectral domain. The Black regression line is used for the derivation of soil line parameters. Presented
vegetation plots most closely resemble the theoretical concept of the perpendicular vegetation index
(cf. Jackson et al. 1980)

2.3.5 Color adjusted vegetation indices

Besides influences of soil brightness, VIs are also subject to soil color variations. To
account for such dissimilarities, specific indices were developed by correlating an additional
correction index (CI, e.g. a redness index using red and green bands, Escadafal and Huete
1991) to existing common [“Is such as the NDVI, and correcting for soil color using
following formula:

= —( ) (@)
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,where £ is the slope of the linear correlation between 1T and CI. This is considered to
increase the sensitivity of VIs in arid regions (Escadafal and Huete 1991; Bannari et al. 1995).
As such indices may be especially suitable for the research area with its highly variable soil
colors; this approach was adopted for aforementioned variables and extended with additional
CIs to derive a number of color adjusted VlIs.

2.3.6 First derivatives of reflectance and ratios

First derivatives of reflectance (FDR) are indices that are based on the changes of the
slope along the spectrum (Elvidge and Chen 1995). They may be less susceptible to soil and
illumination noise (Wang et al. 2011). Therefore, FDR indices and FDR ratios were
calculated for this study.

2.3.7 Principal components and ratios

Principal components (PCs) are low dimensional representations of data containing as
much variation as possible (James et al. 2013). PCs are reported to correlate with vegetation
in dryland regions (Mutanga and Rugege 20006). In this thesis, PCs and respective PC ratios
were derived as they may be related to dwarf shrub features or correct for background

influences.

2.3.8 Texture variables

Texture measures are characterizations of spatial grey-level distributions, edge
quantifications of image segments, or are based on gray level co-occurrence values between a
pixel and its neighbors (Irons and Petersen 1981). This variables showed to improve biomass
detection in general (Fuchs et al. 2009; Sarker and Nichol 2011) as well as vegetation analysis
in the research area (Kraudzun et al. 2014; Vanselow and Samimi 2014). As dwarf shrubs
sometimes grow in patches with a side length of several meters, texture attributes using high-
resolution data could add valuable information to model dwarf shrub biomass. Therefore,
texture measures were calculated by applying grey-level co-occurrence and range filters based
on RapidEye data.

2.3.9 Spectral angle based variables

SAV and ratios of SAV were included in this thesis as a substitute for real endmembers
used in SMA approaches that performed well in other semi-arid regions (Yang et al. 2012).
As pure image based endmembers cannot be mapped due to the scarce vegetation cover of
the study area, this approach is intended to exploit some advantages of the method by
integrating SAV of soil, dwarf shrub, and grass vegetation plots. These variables are
considered as pseudo endmembers in this study.
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2.3.10 Topographic variables

Since topography influences solar radiation, evapotranspiration, and temperature, it may
be an important factor regarding biomass quantities in arid environments (Sternberg and
Shoshany 2001). Correspondingly, topographic variables are considered to be major
components in modeling regional vegetation (Vanselow 2011; Kraudzun et al. 2014
Vanselow and Samimi 2014). To include this information in our study, we derived elevation,
the cosine of slope aspect, the sine of slope aspect, and slope as topographic predictors from
the ASTER DEM.

2.4  Statistical methods

Preliminary plots and existing literature on semi-arid shrublands suggest that biomass
shows an approximately linear relationship to spectral variables (Holm et al. 2003; Calvao
and Palmeirim 2004). Therefore, this thesis mainly focuses on linear methods of biomass
modeling. The high number of available spectral predictors caused by the multitude of
proposed variables in literature, and the tremendous number of bands provided by
hyperspectral sensors, introduce some challenges to respective modeling. Generally, time and
cost constraints limit the total number of samples. This may result in a data set that contains
more potential predictor variables than observations, which is a frequent research problem
referred to as high dimensional (James et al. 2013). The situation leads to model overfitting
with some traditional approaches, and a number of alternative methods for efficient variable
selection or weighting were designed (Brenning 2009; James et al. 2013).

2.4.1 Linear regression

The comparatively straightforward linear regression model is a widely used method and
the basis of many newer, sophisticated modeling techniques (James et al. 2013). In this
thesis, stepwise forward variable selection is applied as this procedure is computationally
efficient and can be used in a high- dimensional setting (James et al. 2013). The method starts
with a no- predictor model (null model) and adds predictors stepwise as long as an
improvement criterion is increased. The linear regression model was used in various
implementations in this thesis: Simple linear regression restricted to one predictor was
applied using the Pearson correlation coefficient as the selection criterion. Further, linear
multiple regression models, one version restricted to a maximum of four predictors to assess
the utility of sparse models and one version without predictor limitations, were applied. In
these implementations, Akaike Information Criterion (AIC) was used as a selection criterion
which adjusts for model size and is well-founded in statistical theory (James et al. 2013).
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2.4.2 Partial Least Squares linear regression

Partial least square (PLS) linear regression is a supervised dimension reduction method.
By means of it, all available original predictor variables are transformed to linear
combinations that are related to the response variable (biomass) and so fewer feature sets for
modeling are generated (James et al. 2013). Residual data is used to create new feature sets in
each step. An internal cross validation procedure of the root mean square error (RMSE) is
applied to choose the ideal number of steps (Mevik et al. 2015). Some remote sensing studies
recommend PLS as a tool that enables high dimensional data handling (Peerbhay et al. 2013).

2.4.3 Ridge regression

As with least squares regression, ridge regression (RR) aims to generate coefficients
leading to a small residual sum of squares; but it introduces a factor that shrinks less
important coefficients towards zero using a tuning parameter A (James et al. 2013). The
determination of an ideal value for A is critical with this approach and is determined using
cross validation. Although RR penalizes the coefficients and certain variables are not very
influential in the final model, the technique uses all predictors for modeling. Lazaridis et al.
(2011) report good performance of RR in their study with a large number of remote sensing
based predictors.

2.4.4 Lasso regression

The lasso regression is very similar to RR, but instead of shrinking the coefficients
towards zero, lasso actually shrinks very small coefficients down to zero (James et al. 2013).
In that way, not all predictors are used in the final model and lasso performs feature
selection, thus leading to simpler models. A priors, it is usually unclear whether RR or lasso is
more suitable for an analysis as this depends on the relationship of the number of predictors
to the response (James et al. 2013). However, some remote sensing studies showed good
performance of the lasso regression in quantifying vegetation (Gaughan et al. 2013;
Takayama et al. 2013).

2.4.5 Random forest regression

Random forest regression (RF) is a non-linear, non-parametric tree based method that is
considered an appropriate approach when handling high dimensional data (Pal 2005). In this
thesis, it is used to test the advantages of non-linear models for the prediction. The technique
uses a number of trees, where each tree is based on a randomly selected subset of predictors
which is suggested as robust to overfitting (Breiman 2001). Selection of split variables is
based on the greatest reduction of the residual sum of squares, and the number of predictors
used for the subsets usually corresponds to the square root of total predictors (James et al.
2013). The RF model is considered a valuable approach for remote sensing based analysis in
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the research area (Vanselow and Samimi 2014) and biomass mapping in other regions
(Powell et al. 2010).

2.4.6 Cross validation

Knowledge regarding the test error, which is a performance measure for a method applied
on new data not included in model building, is necessary for the evaluation of a statistical
approach (James et al. 2013). The easiest method of calculating such a test error is using an
additional test dataset not included in training the model. However, such a large test data set
is often unavailable. Another approach is splitting the data randomly into two parts, training
the model on the one sample, and using the resulting model to predict values for the
excluded set. Error measures from this validation set allow for an estimate of the test error
(James et al. 2013). However, the derived test error may be highly variable depending on
included or excluded samples, and fewer training observations may reduce model
performance. These effects are reduced when using leave-one-out cross validation or k-fold
cross validation. The latter has a lower computational cost and is considered to give more
accurate estimates of the test error (James et al. 2013). In this thesis, 10-fold cross validation
is performed where the data is partitioned into ten subsets, and each subset is excluded for
testing the model and the nine remaining samples are used for model fitting. The procedure
is repeated until every subset has been used as a test set once. To generate results that are
independent of a particular segmentation, the whole process is repeated 100 times (James et
al. 2013). As spatial autocorrelation may be present in geospatial data, k-means clustering of
coordinates was applied as outlined in Brenning (2012).

2.4.7 Variable importance

The importance of the predictors was determined using a permutation based approach in
which every predictor is randomly altered and the associated change of prediction accuracy is
used as a measure of the importance of the variable (Strobl et al. 2007). Several studies
applied this technique for importance assessment in a spatial context (Rul3 and Brenning
2010; Brenning et al. 2012).

2.4.8 Multiple test procedures

Hypothesis testing in correlation analysis introduces a multiple testing problem when a
large number of variables are investigated. When 100 independent hypothesis tests at the 5 %
significance level are conducted, five false rejections are anticipated if all the null hypotheses
of zero correlation are true. With 10,000 tests, this number should increase to 500 false
rejections. With more than 12,000 hyperspectral indices available, this problem has to be
taken into account. Therefore, the Benjamini-Hochberg procedure (Benjamini and Hochberg
1995) was applied. The suitability of this method was suggested by Pena et al. (2012) when
analyzing hyperspectral data.
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2.5 Observation based scenarios and cost

assessment

Evaluating aspects that depend on human behavior under specific circumstances are often
complex and highly variable. Therefore, assumptions on certain framework conditions are
required. Scenarios provide tools for scientific assessment and describe plausible situations or
developments. Scenarios are not forecasts and inevitably require subjective factors
(Nakicenovic¢ and Intergovernmental Panel on Climate Change 2000). Studies on sustainable
development, energy resources, or the evolution of ecosystem services frequently use
scenario based analyses (Hassan et al. 2005; Lund 2007; Shrestha et al. 2007; UNEP 2012). In
this thesis, descriptive scenarios are applied to determine harvesting behavior, potential
electric energy use, energy requirements, and economic framework conditions. The scenarios
are derived using field based qualitative information such as participatory observations of
local harvesting activities. Additionally, data from the literature (e.g. Kraudzun 2014) and
project partners is deployed. Cost assessment for energetic infrastructure is implemented
using current market prices and the adaption of literature-derived formula (Chandel et al.
2014).

2.6 GIS based solar radiation model

Several GIS based solar radiation models exist with different advantages and limitations
(Erdélyi et al. 2014). The DEM based ArcGIS solar analyst was selected for this study as
existing research showed reasonable performance of this algorithm in complex terrain
(Tovar-Pescador et al. 2000), it is a relatively simple approach, and the software is widely
available and frequently used (ESRI 2015). The solar analyst calculates a hemispheric
viewshed for every point on the raster and overlays this viewsheds with sunmaps
representing direct solar radiation and skymaps that provide diffuse solar radiation amounts
(Fu and Rich 1999). The integration of the sun position allows for the calculation of every
time period. The main parameters controlling the model are topographic effects and
atmospheric parameters. The latter are represented by transmittivity, which is an indicator of
the permeability of solar radiation through the atmosphere, and the diffuse proportion as a
measure of the quantity of global radiation that reaches the surface after scattering (Fu and
Rich 1999). A calibration station served the derivation of ideal corresponding parameters in
this thesis.

2.7 External data for interdisciplinary analysis

To integratively analyze dwarf shrub quantities against the background of accessibility and
demand, additional data is necessary. Respective data was generated by an extensive survey
on energy consumption implemented by Hohberg and Kreczi (2013). An empirical field
based model of accessibility was provided by Hohberg (submitted).
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2.8 Software

This thesis considers a broad range of geospatial analysis software as every product
provides specific tools and offers certain advantages (and disadvantages). Applied software
includes ArcGIS, ENVI, QGIS, SAGA GIS and TNTmips. Statistical analysis and spatial

modeling was performed using R.
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This publication constitutes the basis of the submitted dissertation. By testing a large
number of remote sensing based variables, two commonly used multispectral sensors, and
various models for woody biomass quantification, the manuscript addresses hypothesis 1
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building in manuscript 3 (chapter 6) which in turn contributes to hypothesis 3. Finally,
derived knowledge on spatial biomass amounts also contributes to assessing average dwarf
shrub stocks in manuscript 4 (chapter 7). The layout of the published original is maintained.
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Remote sensing based biomass estimation in arid environments is essential for monitoring degradation and carbon
dynamics. However, due to the low vegetation cover in these regions, satellite-based research is challenging. Numer-
ous potentially useful remotely-sensed predictor variables have been proposed, and several statistical and machine-
learning techniques are available for empirical spatial modeling, but their predictive performance is yet unknown in
this context. We therefore modeled total biomass in the Eastern Pamirs of Tajikistan, a region with extremely low
vegetation cover, with a large set of satellite based predictors derived from two commonly used sensors (Landsat
OLI, RapidEye), and assessed their utility in this environment using several suitable modeling approaches (stepwise,
lasso, partial least squares and ridge regression, random forest). The best performing model (lasso regression) result-
ed in a RMSE of 992 kg ha~! in spatial cross-validation, indicating that biomass quantification in this arid setting is
feasible but subject to large uncertainties. Furthermore, pronounced over-fitting in some commonly used models
(e.g. stepwise regression, random forest) underlined the importance of adequate variable selection and shrinkage
techniques in spatial modeling of high dimensional data. The applied sensors showed very similar performance
and a combination of both only slightly improved results of better performing models. A permutation-based assess-
ment of variable importance showed that some of the most frequently used vegetation indices are not suitable for
dwarf shrub biomass prediction in this environment. We suggest that predictor variables based on several
bands accounting for vegetation as well as background information are required in this arid setting.

© 2014 Elsevier Inc. All rights reserved.
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1. Introduction

Drylands cover extensive parts of the planet with about one fifth of
the land surface classified as arid or drier (Lal, 2004; UNEP, 2012).
Although biomass per unit area is normally low in those regions, the
vast extent of the earth’s arid lands gives them a significant role as a
carbon pool and for the supply of essential ecosystem services
(Perez-Quezada, Delpiano, Snyder, Johnson, & Franck, 2011; Trumper,
Ravilious, & Dickson, 2008; Safriel & Adeel, 2005). Woody perennial
vegetation has a most prominent position in drylands as it stabilizes the
soil, is a year round forage source, and can be used as firewood. However,
over-exploitation may lead to degradation with a loss of productivity,
stored carbon, and ecosystem resilience (Eisfelder, Kuenzer, & Dech,
2012; Breckle & Wucherer, 2006; Lal, 2004). Even though desertification
occurs on a local scale, it can be considered as a major global problem
because of the large area affected (FAO, 2004; UNEP, 2012). Therefore,
comprehensive research of desertification requires remote sensing as a

* Corresponding author. Tel.: +49921554636.
E-mail address: harald.zandler@uni-bayreuth.de (H. Zandler).

http://dx.doi.org/10.1016/j.rse.2014.11.007
0034-4257/© 2014 Elsevier Inc. All rights reserved.

tool for mapping biomass in arid environments (Eisfelder et al., 2012;
Trumper et al.,, 2008; Yang, Weisberg, & Bristow, 2012).

In spite of these needs, remote sensing studies of vegetation in arid
regions are scarce, and additional methodological research is needed
to address the specific challenges faced by remote sensing techniques
in these environments (Eisfelder et al., 2012). In particular, sparse and
senescent vegetation may lead to a weak or ambiguous spectral re-
sponse that is strongly influenced by soil background (Eisfelder et al.,
2012). This also limits the utility of common vegetation indices (Asner
& Heidebrecht, 2002; Montandon & Small, 2008; Yang et al., 2012).
Therefore, remotely-sensed vegetation analysis in areas with plant
cover under 30% has had limited success or was considered impossible
(Escadafal & Chehbouni, 2008; Okin, Roberts, Murray, & Okin, 2001).

To address this methodological issue and provide biomass informa-
tion in arid environments, different techniques and sensors have been
applied and tested. However, existing research does not provide clear
recommendations on the suitability of specific sensors for arid environ-
ments, although some studies indicate that sensors in the spectral region
of the red edge such as RapidEye may be more effective than convention-
al sensors such as Landsat OLI (Eisfelder et al., 2012; Li, Gao, Bai, & Huang,
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2012; Ren, Zhou, & Zhang, 2011). It is therefore our goal to assess the suit-
ability of existing spectral indices derived from two different sensors,
Landsat OLI and RapidEye in mapping biomass in a dryland environment.
An additional challenge in this context and in environmental remote
sensing as a whole lies in the use of large numbers of potentially useful
predictor variables to model and map a biophysical variable that is ob-
served at a limited number of reference sites. While numerous explorato-
ry as well as predictive tools from computational statistics and machine
learning have been introduced into remote sensing in recent years, best
results are achieved using varying techniques adapted to the given
context (e.g., Brenning, Long, & Fieguth, 2012; Xu, Li, & Brenning, 2014).
The main intention of this study is to map dwarf shrub total biomass
(TB) in an environment with extremely low vegetation cover (dwarf
shrubs <20%) using a large number of predictor variables consisting of
individual bands, indices, topographic attributes and texture variables
derived from mutli-spectral Landsat OLI, RapidEye and ASTER GDEM
satellite data. Embedded in this primary objective are two key challenges:
(1) to apply and evaluate different empirical models to derive dwarf
shrub biomass (stepwise, lasso, partial least squares and ridge regression
as well as random forest); (2) and to compare two different commonly
used relatively new sensors (Landsat OLI and RapidEye) for their
suitability for vegetation detection in extremely arid environments.

2. Study area

Research was carried out in a high mountain desert landscape located
in the Eastern Pamirs of Tajikistan (Fig. 1). The plateau-like region with
elevations between 3500 and 5500 m above sea level is characterized
by broad valleys with moderate slopes. A harsh climate with cold
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temperatures (Murghab annual mean 1998-2012: —1 °C, Tajik Met
Service, 2013) and low precipitation (Murghab annual mean 1998-
2012: 94 mm, Tajik Met Service, 2013) only allows scarce vegetation
with the exception of azonal vegetation with increased water supply
from orographically induced higher rainfall rates at high altitudes,
surface water or groundwater (Fig. 2a & b). The majority of the
non-riparian vegetation is dominated by dwarf shrubs, locally re-
ferred to as “Teresken” (Kraudzun, Vanselow, & Samimi, 2014;
Vanselow, 2011). The regional dwarf shrubs are widespread woody
species typical for steppe or semi-desert/desert habitats (Heklau &
Roser, 2008; Heklau & von Wehrden, 2011; McArthur & Stevens, 2004).

Animal husbandry is the main economic activity and provides a
livelihood for the local population. Dwarf shrubs, as the only woody
plants, therefore play an important role as both forage and fuel source.
For the latter purpose, the entire plant is dug up as the majority of the
plant mass is located underground in the root zone (Fig. 2c). The current
use has led to concerns regarding overexploitation, degradation and
desertification (Breckle & Wucherer, 2006). Although much work on
dwarf shrubs was done from the 1950s until the 1980s as reviewed by
Walter and Breckle (1986), and generalized classifications on the
occurrence of dwarf shrubs have been carried out (Kraudzun et al.,
2014; Vanselow, 2011, Vanselow & Samimi, 2014), the actual occur-
rence and density of dwarf shrub biomass distribution remains a large
research gap. The most recent remote sensing approach to quantify
dwarf shrub cover by Vanselow and Samimi (2014) was abandoned
due to unsatisfactory results. Besides aforementioned work, only two
unpublished diploma theses exist that use satellite data and those led
to very limited information regarding vegetation cover (Vanselow,
2011).

] Tajik Pamir
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e

i

e

Fig. 1. Map of the study area. Research is restricted to the region covered by RapidEye images.
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Fig. 2. Photographs of (a) a Krascheninnikovia ceratoides dwarf shrub site, (b) a
Krascheninnikovia ceratoides and Artemisia spec. formation with azonal riparian vegetation
in the background, and (c) extracted young dwarf shrub individual.

3. Methods

To date there is no mapping methodology to predict TB in the
research area. Therefore, the methodology (Fig. 3) incorporates three
separate parts: 1) the development of an allometric model to derive
field biomass, 2) the processing of satellite images and 3) the combina-
tion of both data sources in the spatial prediction of dwarf shrub biomass.

3.1. Allometric functions

To infer TB from surface parameters, allometric functions were used
(Eisfelder et al., 2012). These functions permit derivation of biomass
from simple, non-destructive measurements of morphological parame-
ters (Perez-Quezada et al., 2011). The desired allometric model involves
all regional dwarf shrub species comprising Krascheninnikovia ceratoides
and Artemisia spec. (Kraudzun et al., 2014).

In a first step, several variables (e.g. dwarf shrub maximum
transverse/minimum conjugate diameters, stem diameter, maximum
dwarf shrub circumference in cm) were measured for a small pre-test
sample preferentially derived from a small area in the central research
area (n = 34) for exploratory analysis of applicable measures. These
variables were used to calculate dwarf shrub areas assuming elliptical
or circular plant shapes to derive suitable morphological indicators for
TB in an initial analysis.

In a second step, complete dwarf shrub individuals were extracted
from the soil and weighed immediately after harvesting (1 g precision).
As this study analyzes undried biomass, dry biomass can be expected to
decrease, although moisture content is expected to be low in this arid
setting and a major part of dwarf shrub biomass is composed of dry
dead plant material as the inner old parts die off over time, while growth
continues on the outer parts (Walter & Breckle, 1986). Regression analy-
sis showed that dwarf shrub circle area calculated from circumference
(CAgs) is the best proxy for dwarf shrub TB which is in agreement with
the observation that circular shape is the most common growth habit of

undisturbed dwarf shrubs in the research area. Hence, further field
surveys only considered this variable to reduce survey efforts.

Harvesting locations were placed according to a design that covers
the whole research area stratified by geographical distribution and ac-
cessibility. At the sites, all dwarf shrubs were excavated in 3 predefined
areas with a 10 m x 10 m side length. Dwarf shrub numbers in those
areas ranged from 44 to 111 individuals.

In a third phase, linear regression was conducted with CAg; as predic-
tor and undried dwarf shrub TB as the response variable (n = 243; 132
Krascheninnikovia ceratoides, 111 Artemisia spec.). Both response and
predictor variables were transformed using natural logarithm in order
to accommodate the shape of the empirical relationship, non-negativity
of the response and model requirements. As logarithmic transforma-
tion introduces a bias in the back transformation calculation, the
predicted values were multiplied with an empirical correction factor
CF (Baskerville, 1972):

CF = (") 1)

MSE mean square error of regression

The final allometric model was then used to calculate TB for every
dwarf shrub individual. The model’s prediction error was estimated
using 10-fold cross-validation, which reduces bias in performance mea-
sures (Brenning, 2012). For the evaluation, absolute and relative root
mean square error (RMSE, RMSE,.;) and BIAS of the back transformed
variables were calculated:

n

> (vi-vi)’

_ n=1
RMSE = . 2)
RMSErel = %SE x 100% 3)
I/ o
BIAS ==~ (Yl— Yl) (4)

n=1

where n is the number of observations, Y is the observed mean value, Yi
is the measured value and Yi the predicted value of case i. The same
equations were applied to the assessment of empirical remote sensing
models (Section 3.6).

3.2. Field data

Overall, 137 field plots with homogenous vegetation cover were
mapped with a GPS device in summer 2013 to serve as field sites for
pre-classification and empirical model development. Of these, 122
field sites are dwarf shrub areas. Besides dwarf shrub habitats, 15
riparian green and dense grass vegetation sites (meadow vegetation)
were mapped for the pre-classification. Plot size was calculated (Eq. 5)
according to Justice and Townshend (1981), applying the resolution of
the coarsest used sensor,

S=P(1+2L). (5)

where S is the side length of the field plot, P is the pixel size in meters
and L is the geometric accuracy of the sensor in pixels. The Landsat
OLI sensor has a pixel size of 30 m and an accuracy of 12 m (0.4 pixels;
USGS, 2013) resulting in a calculated minimum size of 54 m. To provide
for GPS deviations of usually around 5 m (horizontal RMSE), the mini-
mum plot size was increased to 60 m side length. Additionally, a 10 m
buffer distance was maintained to environmentally different areas to
minimize side effects. Preferential sampling was the favored method
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Fig. 3. Methodological workflow.

for the selection of dwarf shrub stands in this study, whereby ecologically
and spectrally homogeneous sections covering the whole research area
should be defined. Such a sampling design is connected to methodologi-
cal concerns as it violates some assumptions of statistical analysis. On the
other hand, preferential sampling may be superior from an ecological
point of view in reaching ecological representativeness, so consequently
no particular sampling strategy is entirely suitable (Rolecek, Chytry,
Hajek, Lvoncik, & Tichy, 2007). Furthermore, given the environmental
conditions and plot requirements (e.g. minimum size, homogeneity),
preferential sampling in the research area is far more feasible due to inac-
cessibility, extensive bare rock and desert areas without plants and the
aim to cover the whole range of biomass densities. In order to consider
statistical standards, dwarf shrub density and biomass were determined
on the subplot level, which were established inside dwarf shrub stands
using an adapted random walk technique (Rudnick & Gaspari, 2004).

36

Two 4 m x 4 m subplots according to size recommendations for woody
vegetation (Mueller-Dombois & Ellenberg, 1974) were recorded at each
field site. TB was derived in a two-step approach using CA4s by measure-
ment of all circumferences in the subplot. Biomass was then derived from
areal cover of the plants by using the developed allometric function
described in Section 3.1., summed and averaged to mean TB kg ha™!
for each field site.

Regarding site homogeneity, subsequent analysis of variance of areal
dwarf shrub cover showed a standard deviation of 1.56 percentage
points within the field sites which allows an approximate precision of
1.1 percentage points with the aforementioned study design. These
figures were considered sufficiently homogeneous for satellite based
vegetation analysis, although small scale heterogeneity and uncer-
tainties originating from sampling design have to be considered when
evaluating modeling results.



MANUSCRIPT 1

144 H. Zandler et al. /| Remote Sensing of Environment 158 (2015) 140-155

3.3. Satellite image acquisition and preprocessing

The study utilizes both Landsat 8 OLI and RapidEye satellite images.
Landsat provides a consistent series of remotely sensed data over a long
time period with global coverage (USGS, 2013), and RapidEye offers a
red edge band which may be particularly suitable for vegetation
detection in arid environments (Li et al., 2012). To include topographic
information, ASTER Global Digital Elevation Model V002 (ASTER GDEM,
METI & NASA, 2009) was resampled to 30 m x 30 m resolution. Landsat
L1T images (paths 150-151, rows 33-34) with 12 m circular error (with
90% confidence) were acquired with minimal cloud and snow cover
(scenes from 19 and 28 July 2013). The L1T product is radiometrically
and geometrically calibrated, terrain-corrected and has a resolution of
30 m x 30 m for the non-panchromatic OLI bands (USGS, 2013). Level
3A ortho products have a resampled resolution of 5 m x 5 m (ground
sampling distance 6.5 m) and a geometric accuracy below 30.34 m
(circular error at the 90% confidence level; RapidEye AG, 2009). 47
RapidEye tiles were acquired from 31 July to 24 September 2013. The
timing of image acquisition coincided with the peak of the vegetation
period of shrubs when highest spectral plant signals may be expected
(Walter & Breckle, 1986).

All scenes were converted to at-sensor radiance. For atmospheric
correction, the MODTRAN® based FLAASH® approach provided by
ENVI software was applied as it is considered a state-of-the-art radiative
transfer model (Guanter, Richter, & Kaufmann, 2009; Jiménez-Mufioz,
Sobrino, Mattar, & Franch, 2010), while alternative approaches like the
6S algorithm have been reported to perform poorly in arid environ-
ments (Maiersperger et al.,, 2013). The appropriate atmospheric model
for each scene was chosen according to water vapor amounts given by
the Aqua AIRS Level 3 Daily Standard Physical Retrieval product (AIRS
Science Team & Texeira, 2013).

Prior to the analysis, all images were scrutinized for accurate
geo-referencing using field-based GPS reference points (e.g., road
intersections, bridges, rock formations). Further correction of Landsat
images was not necessary. RapidEye images showed various deviations
from GPS points. Therefore all tiles (n = 47) were adjusted, mosaicked
and finally georeferenced to GPS measurements using 9 control points
covering the whole research area (RMSExy = 5.42 m). Mosaicking of
all satellite images was performed using a feathering algorithm. During
mosaicking of RapidEye images, color balancing using statistics of
cloud-free overlapping areas was necessary for some images, as they
still showed sensible differences due to atmospheric and illumination
effects. Color balancing is a function of the ENVI software to adjust for
small differences in the image’s light intensity using gain and offset
values (Luedeling & Buerkert, 2008).

3.4. Pre-classification

A pre-classification to separate potential dwarf shrub areas from
different land cover (meadow vegetation, water bodies, snow and
glaciers) was performed to limit the study to the relevant area of
interest. The pre-classification was based on an allocation of image
pixels according to spectral similarity to dense dwarf shrub areas and
spectral difference to meadow vegetation areas. Spectral information
is known to be a good tool to distinguish these classes in this study
region (Vanselow, 2011). The discrimination is performed using spec-
tral angle values (SAV) which express spectral similarities to reference
spectra and show little influence by illumination differences (Kruse
et al.,, 1993). Reference spectra were extracted from field sites with
the densest dwarf shrub formation on the one hand, and sites with
closed meadow vegetation on the other. SAV were then calculated for
the entire images and averaged for both types of reference sites.

Considerable differences in SAV between dwarf shrub and meadow
vegetation were visible. Areas under the ROC (AUROC) values for
group discrimination ranged between 0.96 (dwarf shrub reference
spectrum) and 0.93 (meadow vegetation reference spectrum). The

pre-classification thresholds were determined using boxplots of both
measures. This was done by assuming that, on the one hand, all SAVs
above the upper whisker (i.e., median plus 1.5 times the interquartile
range) of the dwarf shrub reference boxplot correspond to non-dwarf
shrub areas and on the other hand, SAVs below the lower whisker of
the meadow vegetation reference boxplot are green, grass vegetation
areas. Thus, only spectrally coherent dwarf shrub regions were used as
our area of interest, while other land cover types were disregarded.
This also led to the elimination of eleven outlying dwarf shrub field
sites from further analysis. The pre-classification was performed using
Landsat bands only. After pre-classification, 111 field sites were left for
further analysis.

3.5. Remote sensing variables and vegetation indices

To better exploit the available spectral information, derived spectral
features were included in the analysis (selected important variables
summarized in Tables 1 and 2). The majority of studies apply vegetation
indices for remote sensing-based biomass estimation and so a variety of
indices exist (Eisfelder etal.,2012). These and all other applied variables
are grouped in following categories:

3.5.1. Unadjusted vegetation indices

These comprise simple band reflectance, band ratios and common
vegetation indices from literature that are used frequently in remote
sensing studies (Bannari, Morin, Bonn, & Huete, 1995; Eitel, Long,
Gessler, Hunt, & Brown, 2009; Haboudane, Miller, Pattey, Zarco-Tejada,
& Strachan, 2004; Homer, Aldridge, Meyer, & Schell, 2012; Ramoelo
et al., 2012; Rouse, Haas, Schell, Deering, & Harlan, 1974).

3.5.2. Soil adjusted vegetation indices

As vegetation indices suffer from various soil effects, especially when
vegetation cover is low (Bannari et al., 1995), additional soil adjusted
vegetation indices were derived to account for soil brightness variations
(e.g. SAVI, TSAVI, MSAVI). These indices are either based on empirically
derived, fixed adjustment coefficients or by construction of a soil line
using red and infrared spectral bands (Qi, Chehbouni, Huete, Kerr, &
Sorooshian, 1994).

3.5.3. Color adjusted vegetation indices

Vegetation indices do not only differ due to vegetation and brightness
variations, but also because of soil color differences when cover is low
(Bannari et al., 1995). Therefore, additional indices were developed to
adjust for the noise arising from soil color. The method correlates an
additional index that represents soil color to existing indices (e.g. NDVI,
SAVI) and may thereby double the sensitivity of the vegetation index
under arid conditions (Bannari et al., 1995, Escadafal & Huete, 1991). As
we expect these indices to be particularly suitable for the research area
with its extremely low cover and large variety of soil colors, this
technique was applied to a number of variables mentioned above with
different color adjustment indices.

3.54. First derivatives of reflectance (FDR) and ratios

FDR were calculated as they may be able to reduce scatter due to
illumination or soil compared to simple reflectance based indices
(Wang, Qu, Hao, & Hunt, 2011). To consider different spectral regions
that may be able to capture vegetation properties, FDR ratios were
calculated as well.

3.5.5. Principal components (PC) and ratios

To maximize the variance of the satellite data and identify combina-
tions of features that discriminate dwarf shrub from other land cover,
principal components (PCs) were derived. Furthermore, as certain PC
may be related to background and others to dwarf shrub features,
additional PC ratios were calculated applying the same method used
for simple band ratio calculations to enhance possible differences.
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Overview of the most important indices, principal components, FDR and respective ratios used in this study. Variables are only an excerpt. Additional predictors are listed the Appendix
(Table A1) and are based on the following studies: Bannari et al. (1995), Elvidge and Chen (1995), Gelder, Kaleita, and Cruse (2009), Homer et al. (2012), Ren et al. (2012), Rondeaux,
Steven, and Baret (1996). (S = sensor; Bpje2 = LS Band2/RE Band1; Bgreen = LS Band3/RE Band2; Beq = LS Band4/RE Band3; Brededge = RE Band4; By = LS & RE Band5; a = slope
of the soil line; b = intercept of the soil line; k = slope of linear correlation between index and color adjustment index; nine bare soil field sites were used for construction of soil related

parameters).

Variable S Formula

Reference

Unadjusted vegetation indices
NDVI
MCARI

LS/RE
RE

(Bnir - Bred)/(Bnir + Bred)

Soil adjusted vegetation indices

SAVI1 LS/RE  ((Bnir — Brea)/(Bni + Brea + 1.5))*(1 + 0.5)
SAVI2 LS/RE ((Bni - Bred)/(Bni + Bred + 05))*(1 + 05)
MNDVI LS/RE (NDVI/(1 + ((0.55"Byeq — Bpjez + 0.12))/(BZ, —
Bpiuez + 0.12)))
MTVI2 LS/RE  (1.5"1.2*(Bnir — Bgreen)
(6"Bnir — SQRT(5"Brea)) — 0.5)
MCARI/MTVI2 RE MCARI/MTVI2
WDVI LS/RE Buir — (a*Bred)

Color adjusted vegetation indices

RI (color adjustment index) LS/RE  (Breq — Bgreen)/(Bred + Bgreen)

REI (COIOI‘ adjustment RE (Brededge - Bgreen)/(Brededge + Bgreen)
index)

NDVI SA LS/RE NDVI — (k*RI)

SAVI2 SA LS/RE SAVI2 — (k*RI)

WDVI SA LS/RE  WDVI — (k*RI)

NDVI REI RE NDVI — (k*REI)

First derivatives of reflectance (FDR) and ratios
FDRLS = 6,RE = 4 LS/RE First derivative of reflectance
FDR Band ratios, all FDR LS/RE e.g. FDR Bandratio 54/32 = FDR54/FDR32, etc.

Principal components (PC) and ratios
PC #1-7/1-5 LS/RE
PC Band ratios, all PC LS/RE

Derived principal components
e.g. PC Bandratio 7/6 = PC#7/PC#6, etc.

((Brededge - Bred) - 0~2*(Brededge - Bgreen))*(Brededge/Bred)

B

- 2‘5*(Bred - Bgreen))/SQRT((z*Bnir + 1;2)2) -

Rouse et al. (1974)
Ramoelo et al. (2012)

Huete (1988)

Huete (1988)
2.4))))*(1 + 0.001*(1/(0.55"Byeq — Liu and Huete (1994)
Haboudane et al. (2004)

Eitel et al. (2009)
Qiet al. (1994)

Escadafal and Huete (1991)
Escadafal and Huete (1991)

Escadafal and Huete (1991)
Escadafal and Huete (1991)
acc.to Escadafal and Huete
(1991)

Escadafal and Huete (1991)

Entcheva-Campbell et al. (2004)

3.5.6. Texture variables
Texture measures proved to be very useful variables in existing bio-
mass related studies (Fuchs, Magdon, Kleinn, & Flessa, 2009; Sarker &

Table 2

Overview of the most important constructed SAV values, derived ratios and texture variables
used in this study. Variables are only an excerpt. A complete list is given in the Appendix
(Table A2).

Variable Sensor Description

Texture parameters

B05 TEXTURE SM RE Texture of Band 5 calculated by ENVI

angular second moment equation

SAV based variables

SAV 0.475-0.805 pm RE Calculated using field site with 2nd highest
Shrub2 B

SAV 0.475-0.805 pm Soill ~ RE Calculated using no vegetation field site 1

SAV 0.475-0.805 um Soil ~ RE Calculated using all non-vegetated field site

SAV 0.475-0.805 pm RE Calculated using non soil field sites
Shrub

SAV 0.655-0.865 pm LS Calculated using field site with highest TB
Shrub1

SAV 0.655-0.865 pm LS Calculated using field site with cover > 10%
Shrub >10%

SAV 0.655-0.865 pm Soil LS
SAV 0.657-0.805 pum Soill ~ RE
SAV 0.655-2.2 um Shrub1 LS
SAV 0.655-2.2 um Shrub2 LS

Calculated using all non-vegetated field sites
Calculated using no vegetation field site 1
Calculated using field site with highest TB
Calculated using field site with 2nd highest
B

Calculated using no vegetation field site 1
Calculated using no vegetation field site 2
SAV 0.655-0.865 pum Soil/ SAV

0.655-0.865 pm Shrub >10%

SAV 0.655-2.2 um Soil1 LS

SAV 0.655-2.2 um Soil2 LS

SAV-Ratio 0.655-0.865 um LS
Soil/ Shrub >10%

SAV-Ratio 0.475-0.805 um RE SAV 0.475-0.805 um Soil/ SAV
Soil/Shrub 0.475-0.805 pm Shrub

SA-Index 0.655-2.2 um LS (SAV 0.655-2.2 pum Soil1 + SAV
(Soil 0.655-2.2 pum Soil2) / (SAV 0.655-2.2 um

1 + 2)/(Shrub1 + 2) Shrub1 + SAV 0.655-2.2 pm Shrub2)
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Nichol, 2011). In the research area they were successfully used for vegeta-
tion classification (Kraudzun et al.,, 2014). Therefore, we calculated grey
level co-occurrence based and grey level range texture filters on a 3 x 3
processing window. The calculation of these variables was restricted to
the RapidEye sensor as the resolution of the Landsat satellite of 30 m x
30 m was unsuitable to capture small-scale dwarf shrub patterns.

3.5.7. SAV based variables

Due to the absence of real endmember sites in the research area, this
approach was included as a substitution to full spectral mixture analysis
(SAM) that performed well in other regions to quantify vegetation frac-
tions (Yang et al., 2012). We included SAV based on different reference
sites with soil, dwarf shrub and meadow vegetation, which we refer to
as pseudo-endmembers. Similar to ratio indices, SAV ratios were
computed from different SAV as well.

3.5.8. Topographic variables

Topography is an important factor for biomass distribution in arid
environments (Sternberg & Shoshany, 2001). To include topographic
attributes as possible proxies for site suitability and background soil
conditions, the sine and cosine of slope aspect, slope angle and elevation
were calculated from the ASTER GDEM and used as predictors.

Thus, in total 169 predictors were available for Landsat-based
biomass estimation (RapidEye: 144), including 7 (5) spectral bands,
148 (140) derived spectral features, and four topographic attributes in
both predictor sets.

3.6. Statistical analysis

Numerous statistical and machine-learning techniques that have
become available in recent years for remote-sensing applications
could be used to address the particular challenges of this study
(Brenning, 2009). In particular, the large number of available, plausible
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spectral features compared to a relatively modest number of ground-
truth observations creates a high-dimensional problem, in which there
are more potential predictors than available observations (James,
Witten, Hastie, & Tibshirani, 2013). This issue, which may lead to over-
fitting of models to the training data, is not uncommon in remote sensing.
Several methods have been proposed to make efficient use of the avail-
able predictors in this situation, ranging from penalization or shrinkage
approaches for statistical models to tree-based ensemble techniques
(Brenning, 2009; James et al., 2013). In this study, prior knowledge
furthermore supports the expectation that spectrally-derived predictors
are nearly linearly related to the response variable, biomass (Calvao &
Palmeirim, 2004; Holm, Cridland, & Roderick, 2003). We therefore focus
our comparison of candidate prediction methods on linear regression
methods with five different shrinkage heuristics (referred to as SLR,
SLR4, LASSO, RR and PLS). We refer to James et al. (2013) for mathemat-
ical details on the prediction methods.

The random forest (RF) technique has furthermore become popular
in remote sensing as a nonlinear and non-parametric alternative with
promising predictive capabilities on noisy and high-dimensional data
sets (Pal, 2005). RF has, in particular, become known as a tool for vari-
able selection based on variable importance assessments (Diaz-Uriarte
& Alvarez de Andrés, 2006). We therefore furthermore include this
technique in order to assess whether the presumed linearity of the
problem outweighs the advantages of the RF techniques.

Firstly, we applied linear regression with stepwise forward variable
selection as a tool for subset selection. In this method, predictors are
added to the model starting with the null model until a goodness-of-
fit criterion does not improve any further (Hastie & Pregibon, 1992).
We use the Akaike Information Criterion (AIC), which penalizes for
model size, and apply stepwise linear regression (SLR) in two different
implementations, one variant without restrictions regarding the per-
mitted number of predictors, and one variant with a maximum of four
variable selection steps, limiting model size to no more than four predic-
tors (SLR4). This ‘hard’ model size limit was included to assess the utility
of easily applicable simple criteria that require limited data preparation.

We further used partial least squares (PLS) linear regression, which
constructs a set of predictors that are linear combinations of selected
original predictors (James et al., 2013). Unlike SLR, in each step only or-
thogonalized (residual) features are used in each subsequent step, and
the optimal number of steps is determined by an internal, speed-
optimized cross-validation of the RMSE (Mevik, Wehrens, & Liland,
2013). The PLS method effectively uses all available features, although
these are re-combined into a smaller number of features. This is related
to principal components (PC) linear regression, but it has the advantage
that the linear combinations are directed toward the response, whereas
PC are calculated in an unsupervised way (James et al., 2013).

Ridge regression (RR) and the lasso (LASSO) are two additional, rel-
atively recent approaches that use mathematically similar shrinkage
penalties. Roughly speaking, these penalties push less important coeffi-
cients closer to zero in the case of ridge regression, or effectively set
them to zero when the lasso technique is used (James et al., 2013).
Thus, while the lasso performs variable subset selection and therefore
produces sparse models that can be applied more easily in a predictive
context, ridge regression effectively uses all predictors, which may pro-
duce more stable models. Optimal shrinkage parameters are obtained
using an internal cross-validation.

Finally, the random forest (RF) technique is based on an ensemble of
binary regression trees that are fitted to randomly selected subsets of
the training data (Breiman, 2001). Variables and binary splits are
selected based on the greatest reduction in the residual sum of squares.
In addition to resampling the observations to obtain multiple trees, the
random forest technique also selects a random subset of predictors in
tree construction, which is particularly useful when large numbers of
possibly redundant predictors are available. We used the random forest
technique based on individual 500 trees and the square root of the
available predictors as the number of randomly selected predictors

(Liaw & Wiener, 2002). The random forest technique has previously
been applied in biomass mapping (Powell et al., 2010) and other remote
sensing applications (Pal, 2005).

Predictive model performances were estimated 100-repeated using
10-fold spatial cross-validation. In 10-fold cross-validation, the available
data is partitioned into 10 disjoint subsets, each subset being used as a
test set while the remaining nine subsets form a training set for a predic-
tive model. This is repeated until each subset has been used once as the
test set, and the whole procedure is repeated 100 times to ensure that
the results are independent of a particular partitioning (James et al.,
2013). Since observations close to each other may be spatially
autocorrelated, we chose a spatial partitioning mechanism based on
10-means clustering of the coordinates of field sites (Brenning, 2012).
Bias, standard deviation and RMSE of prediction errors were estimated
in this way. Predictive models were furthermore fitted to obtain spatial
prediction maps of biomass for visual comparison, replacing any
negative predicted values with 0.

In order to assess the utility of data derived from different satellite
sensors for TB mapping, we estimated predictive model performances
for each of the six models using three different sets of predictor vari-
ables: Landsat-derived predictors (LS), RapidEye-derived predictors
(RE), and both sets combined (LSRE). The relative predictive impor-
tance of each predictor was furthermore measured using a
permutation-based approach. Here, each predictor was randomly per-
muted in order to determine the resulting increase in RMSE that is asso-
ciated with this loss of information (Strobl, Boulesteix, Zeileis, &
Hothorn, 2007; Brenning, 2012). This calculation was embedded in a
spatial cross-validation, using a total of 10000-50000 permutations
per predictor, depending on each model’s computational cost.

All statistical calculations were performed using R (R Core Team,
2013) with its packages ‘stats’ for SLR, ‘pls’ for PLS (Mevik et al.,, 2013),
‘glmnet’ for RR and LASSO (Friedman, Hastie, & Tibshirani, 2010),
‘randomForest’ for RF (Liaw & Wiener, 2002), ‘sperrorest’ for spatial
cross-validation and variable importance (Brenning, 2012), and
‘RSAGA’ for spatial prediction on raster stacks (Brenning, 2008).

4. Results
4.1. Allometric model

The constructed model showed a cross-validated R? of 0.87. Back
transformed, cross-validated RMSE, RMSE, and BIAS were 71 g, 30%
and 1.95 g, respectively. The model shows similarly good performance
compared to dwarf shrub related allometric models elsewhere (Elzein,
Blarquez, Gauthier, & Carcaillet, 2011, Shoshany, 2012), although an
assessment that refers to other study designs must be interpreted
with caution. This indicates the suitability of the constructed model to
calculate dwarf shrub TB in the research area.

4.2. Empirical biomass models

Mean cross-validation performances of all prediction methods and
sensors ranged from RMSE values of 992 kg ha~' (LASSO LSRE) to
1742 kg ha—! (SLR LSRE), or 75-130% of the standard deviation of bio-
mass, with a generally small bias <104 kg ha~—! (Table 3). Overall,
LASSO, RR and SLR4 performed better than PLS, SLR and RF (relative
RMSE 58-64% versus 64-103%), with PLS LSRE and SLR LSRE performing
the poorest with 70 and 103%, respectively. Thus, overall, two of the
three methods that perform variable subset selection (LASSO, SLR4,
SLR) were among the better-performing methods, while the less sparse
SLR suffered from the strongest over-fitting among all linear models
examined (difference between cross-validation test and training set
RMSE 1080 kg ha~! for SLR LSRE compared to 123-346 kg ha—' for
all other linear models). Only RF over-fitted similarly strong to the
training set (RMSE differences 693-701 kg ha=1).
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Table 3
Summary statistics of cross validated modeling results.
Bias Standard deviation RMSE RMSErel
(kg ha™1) (kg ha™1) (kg ha™—1) (%) a) 8

LASSOLS —52 1038 1034 61 'E‘ 8
LASSORE 31 1088 1085 64 A=
LASSO 5 996 992 58 S

LSRE =
RRLS —39 1043 1039 61 7] 8
RR RE 38 1040 1038 61 % =
RRLSRE  —15 1010 1006 59 = <
SLR4 LS —63 1067 1065 63 o |
SLR4 RE 104 1076 1077 63 e}
SLR4 LSRE 54 1076 1075 63 T O
PLS LS —45 1110 1108 65 QO ]
PLS RE 20 1093 1092 64 E 8
PLSLSRE —62 1184 1181 70 %
RF LS —76 1135 1132 67 O -
RF RE —18 1125 1121 66 O +
RF LSRE —65 1105 1103 65 'ﬂ-
SLRLS ~ —67 1134 1131 67 © +
SLR RE 100 1117 1117 66 I I I | | | |
SLRLSRE 22 1741 1742 103

The larger combined predictor set LSRE tended to produce equal or
better mean RMSEs compared to the predictor sets LS and RE in the
better-performing methods, while PLS and SLR achieved better results
with smaller predictor sets. There was no appreciable performance
difference between Landsat (LS) and RapidEye (RE) predictor sets.
Scatterplots of predicted versus observed values of the better-
performing models reveal a rather linear pattern, a consistent distribu-
tion with different models of the LS predictor set and slight differences
to the combined predictor set LSRE (Fig. 4).

Biomass maps obtained with three of the best performing models
(LSRE LASSO, LS LASSO, LS RR Fig. 5) generally showed similar results,
although LSRE LASSO predicted slightly lower TB. Highest predicted TB
was found on the slopes of side valleys at higher altitudes and lowest
amounts were predicted for large plains at lower altitudes. Predicted
TB tended to increase towards southwest. Furthermore, many areas
with low predicted TB were situated near villages or major roads. This
distribution reflects visual observations made during field work.

4.3. Variable importance

Variables derived from ASTER GDEM were among the 10 most impor-
tant predictors in all of the 4 best performing single sensor set models
(Fig. 6). Furthermore, variables built from SAVs, both as raw SAV or as
index and covering different spectral regions, were important predictors
in all models, especially in the LS LASSO and both RR models. Color adjust-
ed vegetation indices ranked highly in the LASSO models but were not im-
portant in the RR models and only one soil adjusted vegetation index was
among the important predictors in both of the RE models. Another set of
predictors that played an important role in all models except the RE
LASSO model were PC and derived ratios. Texture variables ranked
among the 10 best predictors in the RE models. FDR variables and derived
ratios showed also some importance in half of the models. Finally, the
combined index MCARI/MTVI2 was very important for both RE models.

Neither the most common indices (e.g. NDVI) nor raw bands or band
ratios were among the most important predictors of the 4 best
performing single sensor set models.

5. Discussion
5.1. Overall performance of the biomass model

To our knowledge, this is the first study to quantify and map shrub
TBin such an arid climate using optical sensors, addressing a major chal-

lenge in dryland remote sensing. We showed that predictive modeling
of TB in this kind of landscape is possible with different sensors and
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Fig. 4. Scatterplots of observed and predicted biomass in kg ha~!, a) LSRE LASSO, b) LS
LASSO, c) LS RR. Predictions correspond to cross-validation test sets for a repetition with
RMSE close to cross-validation mean RMSE (LSRE LASSO: 991 kg ha~', LS LASSO:
1021 kg ha™', LS RR: 1036); all scatterplots correspond to the same cross-validation
partitioning.
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Fig. 5. Maps of predicted biomass in kg ha—'. a) LSRE LASSO, b) LS LASSO and c) LS RR.

techniques, although cross-validated, relative RMSE were high with the
better values ranging around 60%. These values are similar to other
studies that analyze above ground biomass (AGB) or above ground car-
bon using spectral data (Fuchs et al., 2009; Powell et al., 2010), although
direct numerical comparisons of performance measures between stud-
ies with different sampling and measurement procedures are problem-
atic. RapidEye or the combined predictor set showed no appreciable
performance improvement over Landsat-derived features, and models
that utilize all predictors (RR, PLS, RF) did not outperform sparse
methods, in particular LASSO and SLR4.

The observed prediction errors underline the limitations and uncer-
tainties of dwarf shrub TB mapping from optical remote-sensing data. A
general problem in the spectral derivation of dwarf shrub TB is the fact
that a large part of the plant consists of non-photosynthetic, woody
matter and the photosynthetic signal, captured by most spectral bands
and indices, may be low in relation to the biomass amount. Furthermore,
grasses, either associated with shrubs or growing in cushions within
shrubs, may constitute a certain amount of the spectral signal of an area
without contributing to TB. This may lead to model bias in areas with
higher or lower than average amounts of grass cover. This problem was
also mentioned by other authors, and a multi-temporal approach may
be adequate to identify the spectral influence of grass vegetation
(Duncan, Stow, Franklin, & Hope, 1993; Holm et al., 2003). Shoshany
and Svoray (2002), for example, successfully mapped soil, herb, shrub
and dwarf shrub cover in a semi-arid to arid environment using a
multi-temporal approach based on seasonal phenological differences.
However, such techniques require certain environmental conditions, e.g.
that woody vegetation has a stable phenology year round (Roderick,
Noble, & Cridland, 1999) or that germination and growth of vegetation
is closely related to rainfall distributions (Shoshany & Svoray, 2002). In
contrast to that, the short vegetation period in the Eastern Pamirs, classi-
fied as cold and arid, is increasingly determined by temperature and
shrub leaves are dropped with the onset of cold conditions during fall
(Walter & Breckle, 1986). At the same time, wilting of grasses takes
place. Therefore, phenological conditions of different plants are more con-
currently timed in the Eastern Pamirs compared to warmer arid regions.
Furthermore, Shoshany and Svoray (2002) showed that phenologically
derived cover estimates led to reduced accuracies with low vegetation
cover which reduces the applicability of such an approach in the research
area. Therefore, fine scale differences in phenology between dwarf shrub
vegetation and grasses, accurately detectable by vegetation indices, have
to be studied to apply this method in the research area.

Predictive uncertainties can also partly be attributed to the use of an
allometric model to obtain plot-scale biomass estimates as the response
variable. Our allometric model achieved a relative RMSE error of
approximately 30% (absolute RMSE: 70 g) at the plant level. With on
average 34 plants per 4 m x 4 m plot and two plots per field site, this
would be expected to result in a RMSE of about 180 kg ha™! for TB at
the field site level. Finally, a certain amount of prediction error can be
attributed to the within-site variability since only a small fraction of a
pixel’s area (3.6% of Landsat pixels, or 0.9% of 60 m x 60 m field sites)
and of its dwarf shrub population were measured. An analysis of
variance of plot-level TB observations suggests that plot-scale (4 m x
4 m) TB estimates varied, on average, with a standard deviation of
732 kg ha~! within the 60 m x 60 m field sites. This results in an
approximate precision of 518 kg ha™~! for field site TB estimation from
two plots in this study, which corresponds to about one-quarter of the
cross-validated prediction variance of our models. To reduce these
sampling-related uncertainties substantially, much larger field efforts
and environmental impacts would be required. Roughly speaking, four
times the field data would be needed to improve sampling-related com-
ponents of precision by 50%. On the other hand, this implies that the “net”
RMSE of our models after accounting for sampling-related uncertainties
is more likely in the order of 850 kg ha~" for our best-performing model.

5.2. Relevance of predictors

One of the main limitations for dwarf shrub TB remote-sensing
arises due to the extreme aridity and the associated strong influence
of soil background. This problem may be enhanced in areas with highly
variable geology as found in our study region (Vanselow, 2011). To ap-
proach this problem, we applied several alternative techniques that
have been proposed in the literature to relieve this issue. Given the
large number of predictors that have been proposed and the differences
in mathematical assumptions of the available models, our variable im-
portance assessment provides a general overview of promising
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Fig. 6. Results of variable importance measures showing the 10 best predictors of a) LS LASSO, b) RE LASSO, ¢) LS RR and d) RE RR. Values between 0 and 1 represent relative variable importance.

predictors that warrant further research with more focused study de-
signs. In our study none of the unadjusted vegetation indices made a sub-
stantial contribution in predicting TB in this environment. Also soil
adjusted vegetation indices that incorporated slope or intercept of soil
line alone (e.g. TSAVI, PVI, WDVI) were not among the most important
variable sets in any models. This is consistent with the findings of Calvao
and Palmeirim (2011), who found no benefits in soil-adjusted indices in
Mediterranean shrubland due to the complexity of constructing a gen-
erally valid soil line. Similarly, Van Der Meer et al. (2001) state that
soil-adjusted indices did not improve their AGB estimates and may
have introduced additional scatter. In our study, however, the statistical
uncertainty associated with soil line estimation (e.g. LS NIR-red bands:
slope 1.15, standard error 0.06, intercept —0.003, standard error
0.016) implies only minor uncertainty in the resulting TSAVI and
WDVI values (spearman correlations of 0.98/0.99 and 0.95/0.95 under
a +/— one standard error change in the adjustment parameter/s).
However, Veraverbeke et al. (2012) state that soil-adjusted vegetation
indices outperformed others in environments with variable substrates
and a single vegetation type, conditions that also apply to our study re-
gion after the pre-classification step. In contrast to these indices with
adjustment coefficients derived from a soil line, two soil adjusted vegeta-
tion indices with fixed adjustment coefficients were among the most im-
portant predictors in the RE models. Especially the more complex of
these, the combination index MCARI/MTVI2 ranked at 1st and 2nd posi-
tion, which may be explained by its low sensitivity to soil background
variation compared to single indices (Eitel et al., 2009). Among the veg-
etation indices, color adjusted vegetation indices that contain additional
separate indices to correct for soil effects were frequently listed as im-
portant predictors. This is in agreement with Escadafal and Huete
(1991) whose color adjusted indices performed considerably better
compared to NDVI or SAVI in detecting sparse vegetation amounts.
SAV based variables were among another group of important
predictors, showing that this is a valuable approach even when real
endmember spectra are not available. SAV may be less susceptible to
background noise due to their insensitivity to brightness variations
(Kruse et al., 1993) and may better account for soil variation by
encompassing a greater spectral range than most single indices. Addi-
tionally some of them account for the soil signal already by including
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bare soil pseudo-endmembers. Our variable importances furthermore
support the utility of SAV covering a restricted spectral region, in partic-
ular the red to SWIR region. This agrees with results obtained by Asner,
Wessman, Bateson, and Privette (2000), who state that this spectral re-
gion may be able to differentiate between bare soil, green and non-
green vegetation even under arid conditions.

The fact that PC and ratios played such an important role in a number
of models may be due to the large share of information included in one
single variable. PC variables may therefore also be able to reproduce
shrub and soil characteristics better than vegetation indices. Finally,
FDR and FDR ratios did show some importance in predicting TB. This
could be because derivative based ratios are able to capture pairs of gra-
dients in the spectrum (Pefia, Brenning, & Sagredo, 2012), e.g. a charac-
teristic curve pattern from the green to infrared spectral regions, which
may be an important capability to detect TB in the research area.

Besides spectral data, topographic variables were also ranked among
the best 10 predictors in all of the 4 best performing single sensor models,
which is consistent with results of Powell et al. (2010) who state that bio-
physical variables (e.g. elevation, slope) were the second most important
predictors for AGB in parts of their research area. This may be attributed
to the fact that water availability, and hence plant growth, may be con-
trolled by topography. In particular, the assumed relationships between
slope orientation and evapotranspiration and between elevation and
(orographic) precipitation may have contributed to the importance of
topographic predictors. This is in agreement with results obtained by
Sternberg and Shoshany (2001) who state that slope aspect significantly
influenced shrub biomass in a region with limited water availability.
Furthermore, as shown by Shoshany and Karnibad (2011), also direct
use of precipitation data in biomass modeling can significantly enhance
mapping of shrub vegetation on a larger scale.

One texture variable did rank among the most important predictor
variables in both RE models. In other studies, texture measures
outperformed other variables in biomass or carbon prediction (Fuchs
et al., 2009; Sarker & Nichol, 2011), which was not the case in this
study. As these authors analyze forest environments, texture related
to biomass variations may be simpler to detect in satellite images com-
pared to a finer resolution that would be required to detect variations in
dwarf shrub vegetation that could be linked to biomass amounts
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(Vanselow, 2011). In addition to the applied texture variables, texture
measures of soil adjusted indices could be incorporated in the study
which showed improved performance in other studies (Vanselow &
Samimi, 2014). Also different window sizes and texture filters could
be utilized (Blanco, Metternicht, & Del Valle, 2009, Dobrowski, Safford,
Cheng, & Ustin, 2008). However, we did not fully utilize the whole
range of possible texture variables because the abundance of existing
methods and an associated evaluation goes beyond the scope of this
study. Besides, as dwarf shrub patterns are expressed on the sub
meter scale, texture variables derived from a 5 m x 5 m resolution
also contain illumination, rock, soil and other signals beside plant infor-
mation (Shoshany, 2000). Hence, further comprehensive research and
mapping would be necessary to assess the relative contribution of dif-
ferent sources to texture variations with the applied resolution.

5.3. Performance of statistical models

The availability of a large number of remote sensing variables to
predict a biophysical variable creates new challenges, but also provides
the opportunity to extract the relevant information and filter important
predictors. Two models using shrinkage techniques (LASSO, RR)
outperformed the other models, which is in agreement with existing
studies in a high dimensional remote sensing setting. Lazaridis,
Verbesselt, and Robinson (2011) state that both techniques showed
better performance in comparison to others and Gaughan, Holdo, and
Anderson (2013) successfully quantified tree cover using LASSO. The
restricted SLR4 that uses variable subset selection also performed well
but the unrestricted SLR was among the poorest performing modeling
techniques. This is contrary to results obtained by Fuchs et al. (2009)
who successfully applied unrestricted SLR to select suitable predictors
among image bands, indices and texture measures for above ground
carbon modeling. Likewise, Sarker and Nichol (2011) evaluated SLR as
a suitable approach in modeling forest AGB.

In this study, the tree based RF model performed poorer than most
other models, which is different to results obtained by Powell et al.
(2010), where RF resulted in the lowest RMSE in comparison to other
models in predicting forest biomass. Furthermore, PLS resulted in seri-
ous over-fitting which is in contrast to findings of Mitchell, Glenn,
Sankey, Derryberry, and Germino (2012), where it is shown that PLS
provides a good approach when modeling with large predictor sets.

5.4. Sensor performance

An additional objective of this study was to assess the ability of the two
applied sensors, RapidEye and Landsat OLI, for biomass modeling in arid
environments. As the Landsat 8 satellite has only been in orbit since be-
ginning of 2013, this is, to our knowledge, the first study to compare the
performance of both sensors in biomass remote sensing. Our results sug-
gest that none of the sensors performs considerably better than the other.
Furthermore, a combination of the sensors did not significantly improve
modeling results. Surprisingly, the RapidEye sensor with higher spatial
resolution and an additional red edge band designed for vegetation anal-
ysis, showing good performance in arid regions in other studies (Li et al,,
2012; Ramoelo et al., 2012; Ren et al.,, 2011), did not improve model per-
formance. According to our variable assessment, the red edge band was
important in those indices that account for background information.
However, the red edge band did not lead to a superiority of RE over LS
models. A reason for equal performance of the OLI sensor may be the cov-
erage of the SWIR spectral region which is regarded as important in de-
tecting shrubs (Asner et al., 2000) or non-photosynthetic vegetation
(Ren, Zhou, Zhang, & Zhang, 2012). This suggests that improved dwarf
shrub TB predictions may be possible by using hyperspectral sensors.

Spatially, RapidEye with its five meter pixel size, is still too coarse to
recognize dwarf shrubs as distinctive delimitable entities, therefore, ob-
ject based approaches which were successfully applied with large
woody vegetation in other arid environments (Spiekermann, Brandt,

& Samimi, 2015) or methodologies that incorporate the influence of
patch patterns on shrub biomass (Shoshany, 2012), could not be uti-
lized in our study. Furthermore, Frank and Tweddale (2006) showed
that only very high resolution imagery of below one meter was able to
significantly increase detection of dwarf shrubs compared to high reso-
lution data in an arid environment. Hence and because most vegetation
formations in the Eastern Pamirs generally cover larger patches suffi-
ciently detectable by the Landsat OLI sensor as well, the higher resolu-
tion of RapidEye data may not have led to a better performance in
biomass mapping in the research area.

Regarding temporal resolution, RapidEye is highly resolved with a
revisiting period between one to five and a half days (RapidEye AG,
2009) compared to 16 days with Landsat OLI Such a high temporal fre-
quency may be important to analyze phenological changes in remote
sensing studies with a multi-temporal approach or to better capture
cloud free images in regions where overcast conditions prevail
(Maselli, Gilabert, & Conese, 1998). However, these circumstances do
not apply to the Eastern Pamirs and the temporal resolution of Landsat
may be regarded as sufficient even for multi-temporal decomposition in
arid environments (Shoshany & Svoray, 2002).

As discussed above, TB prediction is complex and connected to a num-
ber of limitations. However, this is the first study that generates spectrally
resolved dwarf shrub biomass information in the research area. Further-
more, when compared to existing work of dwarf shrub formation classi-
fication (Kraudzun et al., 2014; Vanselow & Samimi, 2014), there is some
consistency in results. Besides, results are ecologically plausible since
higher TB was predicted at higher elevations and in the Southwest,
which may reflect the main precipitation gradient with rainfall rates in-
creasing from Northeast to Southwest (Vanselow, 2011). Moreover, the
smallest amounts of TB were predicted for regions that are near larger
settlements or in the vicinity of major roads, which may reflect the
increased anthropogenic use of dwarf shrub biomass in those areas.
These rather qualitative reasons show that the presented modeling re-
sults represent valuable information in remote sensing based desertifica-
tion assessment in spite of relatively large quantitative prediction errors.

6. Conclusions

This study showed that remote sensing based mapping of dwarf
shrub TB is possible even under conditions with extremely low vegeta-
tion cover, although the predictions are subject to substantial uncer-
tainties. The lasso technique for linear regression is a particularly
appealing, sparse model that performed very well in this study. While
some of the models used, in particular random forest and stepwise lin-
ear regression, suffered from strong over-fitting to the training data, the
better performing prediction methods achieved cross-validation perfor-
mances that were closer to their training-set errors. This study indicates
that variables that incorporate the information of several bands, cover-
ing vegetation as well as background information, may be especially
suitable for this arid setting. Both sensors, Landsat OLI and RapidEye,
as well as their combination performed equally well. Future research
may therefore benefit from a reduced set of predictors from a single sen-
sor based on the variables identified as important in this study.
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Derived indices, principal components, FDR and respective ratios used in this study. (S = sensor; Byjue = LS Band2/RE Band1; Bgreen = LS Band3/RE Band2; Beq = LS Band4/RE Band3;
Brededge = RE Band4; By, = LS & RE Band5; Bswiri = LS Band6; By = LS Band7; a = slope of the soil line; b = intercept of the soil line; k - slope of linear correlation between Index
and adjustment index; nine bare soil field sites were used for construction of soil related parameters).

Variable S Formula Reference
Unadjusted vegetation indices
NDVI LS/RE  (Bpir — Bred)/(Bnir + Bred) Rouse et al. (1974)
Band ratios (BR); all bands ~ LS/RE  e.g. Bswir2/Bswir1;Bswir2/Bnir; €tc. Bannari et al. (1995)
NDRE RE (Bnir - Brededge)/(er + Brededge) Eitel et al. (2009)
NDTI LS (Bswu'l BswtrZ)/(Bswm + BSWII’Z) Gelder et al. (2009)
RDVI LS/RE  (Bpir — Bred)/SQRT(Bpir + Bred) Ramoelo et al. (2012)
RDVI2 RE (Bnir — Brededge)/SQRT(Bpir + Brededge) Ramoelo et al. (2012)
NDRI LS (Bred — Bswir2)/(Bred + Bswir2) Gelder et al. (2009)
NDI5 LS (Bnir — Bswir1)/(Bnir + Bswir1) Gelder et al. (2009)
NDI7 LS (Bnir — Bswir2)/(Bnir + Bswir2) Gelder et al. (2009)
NDSVI LS (Bswirt — Brea)/(Bswir1 + Bred) Gelder et al. (2009)
PPR LS/RE (Bgreen Bbluez)/(Bgreen + Bolue2) Ramoelo et al. (2012)
NRI LS/RE  (Bgreen — Bred)/(Bgreen + Bred) Ramoelo et al. (2012)
SIPI LS/RE  (Bnir — Bbiue2)/(Bnir — Bred) Ramoelo et al. (2012)
TVI RE 0.5"(120%(Brededge — Bgreen) — 200* Ramoelo et al. (2012)
( red green))
MCARI RE ((Brededge — Brea) — 0.2*(Brededge — Bgreen))” Ramoelo et al. (2012)
(Brededge/Bred)
MTCI RE (Bnir — Brededge)/(Brededge — Brea) Ramoelo et al. (2012)
TCARI RE 3*((Brededge — Breda) — 0.2%(Brededge — Bgreen)* Ramoelo et al. (2012)
( rededge/Bred))
MOIST LS/RE ( m, — Bpiue2)/(Bnir + Bpiue2) Homer et al. (2012)
LAI LS/RE  (Byir)/(Brea + Bgreen) Homer et al. (2012)
SLAI LS (Bnir/(Brea + Bgreen) Homer et al. (2012)
NDVI53 LS/RE  (Buir — Bgreen)/(Buir + Bgreen) Rouse et al. (1974)
NDRE/ NDVI RE NDRE/NDVI Eitel et al. (2009)
Soil adjusted vegetation indices
SAVI1 LS/RE  ((Bnir — Breda)/(Bni + Brea + 1.5))* Huete (1988)
(14 0.5)
SAVI2 LS/RE  ((Bni — Bred)/(Bni + Brea + 0.5))* Huete (1988)
(1 +0.5)
MSAVI1 LS/RE  (2*Bpir + 1 — SQRT(2*By;; + 1)% — 8* Qi et al. (1994)
(Bnir — Brea))/2
0SAVI RE (1 + 0.16)*(Bnir — Brededge)/(Bnir + Brededge + 0.16) Rondeaux et al. (1996)
OSAVI2 LS/RE (1 + 0.16)*(Bpir — Bred)/(Bnir + Brea + 0.16) Rondeaux et al. (1996)
MNDVI LS/RE  (NDVI/(1 4 ((0.55*Bred — Bpiuez + 0.12))/(B2i; — B%4))))* Liu and Huete (1994)
(1 4 0.001%(1/(0.55"Bred — Bpiuez + 0.12)))
MNDVI2 RE (NDVI/(1 + ((0.55*Brededge — Boiuez + 0.12))/(Bair — Biededge)))) Liu and Huete (1994)
*(1 + 0.001*(1/(0.55*Brededge — Bobiue2 + 0.12)))
EVI LS/RE  2.5%(Bpir — Bred)/Bnir + (6™Bred) — (7.5 Bpjuez) + 1 Ramoelo et al. (2012)
SARVI LS/RE (1 + 0. 5) (Bnir — Bred — Bblue2 — Bred)/ Haboudane et al. (2004)
( nir red Bblue2 - Bred + 05)
MTVI2 LS/RE (1.5%1 2*( nir — Bgreen) — 2.5*(Bred — Bgreen) )/SQRT((2*Bpir + 1;2)%) — Haboudane et al. (2004)
(6"Bnir — SQRT(5"Bred)) — 0.5)
TCARI/OSAVI RE TCARI/OSAVI Eitel et al. (2009)
MCARI/ OSAVI RE MCARI/OSAVI Eitel et al. (2009)
MCARI/MTVI2 RE MCARI/MTVI2 Eitel et al. (2009)
WDVI LS/RE  Bpir — (@*Breq) Qi et al. (1994)
WDVI REDEDGE RE Buir — (0" Brededge) acc.to Qi et al. (1994)
PVI LS/RE  (Bpir — (a*Breq) — b)/SQRT(1 + a?) Elvidge and Chen (1995)
PVI REDEDGE RE (Bnir — (@ Brededge) — b)/SQRT(1 +a?) acc.to Elvidge and Chen
(1995)
MSAVI ORIG LS/RE  ((Bpir — Bred)/(Bnir + Brea + 1 — (2*a*NDVI*WDVI)))* Qi et al. (1994)
(1 + 1 — (2*a*NDVI*WDVI))
MSAVI ORIG REDEDGE RE ((Bmr Brededge)/(Bnir + Brededge +1 — (2*@*NDVlieqedge" WDVl ededge)))* acc.to Qi et al. (1994)
(1 +1- (2*(1 NDVlrededge WDVllededge))
TSAVI LS/RE (a*(Bpir — @ Bred — b))/(a"Bpir + Brea — a’b + Qi et al. (1994)
(0.08*(1 + a%)))
TSAVI REDEDGE RE (a ( nir — a* Brededge ))/(a*Bnir + Brededge —ah+ acc.to Ql et al. (1994)
(0.08%(1 + a?)))
SACRI LS a*(Bred — Bswirt — b)/(a*Bred + Bswir1 — a*b) Ren et al. (2012)
MSACRI LS 5*(a*(Bswir1 — @*Bswir2 — b))/ Ren et al. (2012)

Color adjusted vegetation indices

RI (color adjustment index)
REI (color adjustment
index)

LS/RE
RE

(G*Bswirl + Bswir2 + ﬂ*b)

(Bred -

Bgreen )/( Bred + Bgreen)

(Brededge - Bgreen)/(Brededge + Bgreen)

Escadafal and Huete (1991)
Escadafal and Huete (1991)
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Variable S Formula Reference
RBI (color adjustment LS/RE  (Bred — Bbiue2)/(Bred + Bbiuez) acc.to Escadafal and Huete
index) (1991)
SWI1 (color adjustment LS (Bswirt — Bred)/(Bswir1 + Bred) acc.to Escadafal and Huete
index) (1991)
SWI2 (color adjustment LS (Bswirt — Bred)/(Bswir1 + Bred) acc.to Escadafal and Huete
index) (1991)
NDVI SA LS/RE NDVI — (k*RI) Escadafal and Huete (1991)
SAVI1 SA LS/RE SAVI1 — (k*RI) Escadafal & Huete, 1991
SAVI2 SA LS/RE SAVI2 — (k*RI) Escadafal and Huete (1991)
TSAVI SA LS/RE TSAVI — (k*RI) acc.to Escadafal and Huete
(1991)
TSAVI REDEDGE SA RE TSAVI REDEDGE — (k*RI) acc.to Escadafal and Huete
(1991)
WDVI SA LS/RE  WDVI — (k*RI) acc.to Escadafal and Huete
(1991)
WDVI REDEDGE SA RE WDVI REDEDGE — (k*RI) acc.to Escadafal and Huete
(1991)
NDVI RBI LS/RE NDVI — (k*RBI) acc.to Escadafal and Huete
(1991)
SAVI1 RBI LS/RE SAVI1 — (k*RBI) acc.to Escadafal and Huete
(1991)
SAVI2 RBI LS/RE SAVI2 — (k*RBI) acc.to Escadafal and Huete
(1991)
TSAVI RBI LS/RE TSAVI — (k*RBI) acc.to Escadafal and Huete
(1991)
TSAVI REDEDGE RBI RE TSAVI REDEDGE — (k*RBI) acc.to Escadafal and Huete
(1991)
WDVI RBI LS/RE  WDVI — (k*RBI) acc.to Escadafal and Huete
(1991)
WDVI REDEDGE RBI RE WDVI REDEDGE — (k*RBI) acc.to Escadafal and Huete
(1991)
NDVI SWI1 LS NDVI — (k*SWI1) acc.to Escadafal and Huete
(1991)
SAVI 1 SWI1 LS SAVI1 — (k*SWIT) acc.to Escadafal and Huete
(1991)
SAVI 2 SWI1 LS SAVI2 — (k*SWIT) acc.to Escadafal and Huete
(1991)
TSAVI SWI1 LS TSAVI — (k*SWIT1) acc.to Escadafal and Huete
(1991)
WDVI SWI1 LS WDVI — (k*SWI1) acc.to Escadafal and Huete
(1991)
NDVI SWI2 LS NDVI — (k*SWI2) acc.to Escadafal and Huete
(1991)
SAVI 1 SWI2 LS SAVI1 — (k*SWI2) acc.to Escadafal and Huete
(1991)
SAVI 2 SWI2 LS SAVI2 — (k*SWI2) acc.to Escadafal and Huete
(1991)
TSAVI SWI2 LS TSAVI — (k*SWI2) acc.to Escadafal and Huete
(1991)
WDVI SWI2 LS WDVI — (k*SWI2) acc.to Escadafal and Huete
(1991)
NDRE SA RE NDRE — (k*RI) acc.to Escadafal and Huete
(1991)
NDRE RBI RE NDRE — (k*RBI) acc.to Escadafal and Huete
(1991)
NDVI REI RE NDVI — (k*REI) Escadafal and Huete (1991)
NDRE REI RE NDRE — (k*REI) acc.to Escadafal and Huete
(1991)
SAVI1 REI RE SAVI1 — (k*REI) Escadafal and Huete (1991)
SAVI2 REI RE SAVI2 — (k*REI) Escadafal and Huete (1991)
TSAVI REI RE TSAVI — (k*REI) acc.to Escadafal and Huete
(1991)
TSAVI REDEDGE REI RE TSAVI REDEDGE — (k*REI) acc.to Escadafal and Huete
(1991)
WDVI REI RE WDVI — (k*REI) acc.to Escadafal and Huete
(1991)
WDVI REDEDGE REI RE WDVI REDEDGE — (k*REI) acc.to Escadafal and Huete

First derivatives of reflectance (FDR) and ratios

FDRLS = 6,RE = 4

FDR Band ratios, all FDR

LS/RE

LS/RE

Principal components (PC) and ratios

PC #1-7/1-5
PC Band ratios, all PC

LS/RE
LS/RE

First derivative of reflectance

e.g. FDR Bandratio 54/32 = FDR54/FDR32, etc.

Derived principal components
e.g. PC Bandratio 7/6 = PC#7/PC#6, etc.

(1991)

Entcheva-Campbell et al.
(2004)
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Table A2
Overview of constructed SAV values, derived ratios and texture attributes used in this study.

Variable Sensor Description
Texture parameters
B04 TEXTURE CONTRAST RE Texture of Band 4 calculated by ENVI contrast equation
B04 TEXTURE CORRELATION RE Texture of Band 4 calculated by ENVI correlation equation
B04 TEXTURE SM RE Texture of Band 4 calculated by ENVI angular second moment equation
B04 TEXTURE VARIANCE RE Texture of Band 4 calculated by ENVI variance equation
B05 TEXTURE CONTRAST RE Texture of Band 5 calculated by ENVI contrast equation
B05 TEXTURE CORRELATION RE Texture of Band 5 calculated by ENVI correlation equation
B05 TEXTURE SM RE Texture of Band 5 calculated by ENVI angular second moment equation
B0O5 TEXTURE VARIANCE RE Texture of Band 5 calculated by ENVI variance equation
NDRE TEXTURE RANGE RE Texture of NDRE calculated by TNTmips range filter
NDVI TEXTURE RANGE RE Texture of NDVI calculated by TNTmips range filter
SAV based variables
SAV 0.44-2.2 ym Shrub1 (RE = 0.475-0.805 pm) LS/RE  Calculated using field site with highest TB
SAV 0.44-2.2 um Shrub >10% (RE = 0.475-0.805 pm) LS/RE  Calculated using field sites with cover > 10%
SAV 0.44-2.2 um GD (RE = 0.475-0.805 pm) LS/RE  Calculated using meadow field sites
SAV 0.44-2.2 ym Shrub2 (RE = 0.475-0.805 pm) LS/RE  Calculated using field site with 2nd highest TB
SAV 0.44-2.2 um Soil1 (RE = 0.475-0.805 um) LS/RE  Calculated using no vegetation field site 1
SAV 0.44-2.2 um Soil2 (RE = 0.475-0.805 um) LS/RE  Calculated using no vegetation field site 2
SAV 0.44-2.2 ym Soil (RE = 0.475-0.805 pum) LS/RE  Calculated using all non-vegetated field site
SAV 0.655-0.865 pm Shrub1 (RE = 0.657-0.805 pm) LS/RE  Calculated using field site with highest TB
SAV 0.655-0.865 pm Shrub >10% (RE = 0.657-0.805 um) LS/RE  Calculated using field site with cover > 10%
SAV 0.655-0.865 pm GD (RE = 0.657-0.805 um) LS/RE  Calculated using meadow field site
SAV 0.655-0.865 pm Shrub2 (RE = 0.657-0.805 pm) LS/RE  Calculated using field site with 2nd highest TB
SAV 0.655-0.865 pm Soil1 (RE = 0.657-0.805 um) LS/RE  Calculated using no vegetation field site 1
SAV 0.655-0.865 pm Soil2 (RE = 0.657-0.805 pum) LS/RE  Calculated using no vegetation field site 2
SAV 0.655-0.865 pm Soil (RE = 0.657-0.805 pm) LS/RE  Calculated using all non-vegetated field sites
SAV 0.655-2.2 um Shrub1 LS Calculated using field site with highest TB
SAV 0.655-2.2 um GD LS Calculated using meadow field sites
SAV 0.655-2.2 um Shrub2 LS Calculated using field site with 2nd highest TB
SAV 0.655-2.2 um Soill LS Calculated using no vegetation field site 1
SAV 0.655-2.2 um Soil2 LS Calculated using no vegetation field site 2
SAV 0.71-0.805 pm Shrub1 RE Calculated using field site with highest TB
SAV 0.71-0.805 pm Shrub >10% RE Calculated using field site swith cover > 10%
SAV 0.71-0.805 um GD RE Calculated using meadow field sites
SAV 0.71-0.805 pm Shrub2 RE Calculated using field site with 2nd highest TB
SAV 0.71-0.805 pm Soil1 RE Calculated using no vegetation field site 1
SAV 0.71-0.805 pm Soil2 RE Calculated using no vegetation field site 2
SAV 0.71-0.805 pm Soil RE Calculated using all non-vegetated field sites
SAV 0.475-0.805 pm Shrub RE Calculated using non soil field sites
SAV-Ratio 0.44-2.2 (0.475-0.805) um Soil/ Shrub >10% LS/RE  SAV 0.44-2.2 um Soil/ SAV 0.44-2.2 um Dense
SAV-Ratio 0.44-2.2 (0.475-0.805) um Soil/GD LS/RE  SAV 0.44-2.2 um Soil/ SAV 0.44-2.2 ym GD
SAV-Ratio 0.655-0.865 (0.657-0.805) um Soil/ Shrub >10% LS/RE  SAV 0.655-0.865 pm Soil/ SAV 0.655-0.865 um Shrub >10%
SAV-Ratio 0.655-0.865 (0.657-0.805) um Soil/GD LS/RE  SAV 0.655-0.865 pm Soil/ SAV 0.655-0.865 um GD
SAV-Ratio 0.71-0.805 pm Soil/ Shrub >10% RE SAV 0.71-0.805 um Soil/ SAV 0.71-0.805 pm Shrub >10%
SAV-Ratio 0.71-0.805 pm Soil/GD RE SAV 0.71-0.805 um Soil/ SAV 0.71-0.805 pm GD
SAV-Ratio 0.475-0.805 pm Soil/Shrub RE SAV 0.475-0.805 pm Soil/ SAV 0.475-0.805 pum Shrub
SA-Index 0.44-2.2 (RE = 0.475-0.805) um (Soil LS/RE  (SAV 0.44-2.2 um Soil1 4+ SAV 0.44-2.2 pm Soil2) / (SAV 0.44-2.2 um Shrub1 + SAV 0.44-2.2 ym
1 + 2)/(Shrub1 + 2) Shrub2)
SA-Index 0.655-0.865 (RE = 0.657-0.805) pm (Soil LS/RE  (SAV 0.655-0.865 pm Soill + SAV 0.655-0.865 um Soil2) / (SAV 0.655-0.865 pm Shrub1+ SAV
1 + 2)/(Shrubl + 2) 0.655-0.865 pum Shrub2)
SA-Index 0.655-2.2 um (Soil 1 + 2)/(Shrub1 + 2) LS (SAV 0.655-2.2 pm Soill 4 SAV 0.655-2.2 pum Soil2) / (SAV 0.655-2.2 um Shrub1 + SAV
0.655-2.2 um Shrub2)
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Abstract: In spite of considerable efforts to monitor global vegetation, biomass quantification
in drylands is still a major challenge due to low spectral resolution and considerable background
effects. Hence, this study examines the potential of the space-borne hyperspectral Hyperion
sensor compared to the multispectral Landsat OLI sensor in predicting dwarf shrub biomass in
an arid region characterized by challenging conditions for satellite-based analysis: The Eastern
Pamirs of Tajikistan. We calculated vegetation indices for all available wavelengths of both
sensors, correlated these indices with field-mapped biomass while considering the multiple
comparison problem, and assessed the predictive performance of single-variable linear models
constructed with data from each of the sensors. Results showed an increased performance of the
hyperspectral sensor and the particular suitability of indices capturing the short-wave infrared
spectral region in dwarf shrub biomass prediction. Performance was considerably poorer in the
area with less vegetation cover. Furthermore, spatial transferability of vegetation indices was not
feasible in this region, underlining the importance of repeated model building. This study
indicates that upcoming space-borne hyperspectral sensors increase the performance of biomass
prediction in the world’s arid environments.
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1. Introduction

Remote sensing is an essential tool to study degradation of vegetation and biomass in arid
environments [1,2]. However, low vegetation cover and significant background effects make optical
satellite analysis challenging in these regions [3,4]. The majority of dryland studies apply multispectral
sensors for biomass quantification [3] but more recently, hyperspectral techniques, using hundreds of
bands, are considered as a more promising approach [2,5-8]. In arid regions, an important advantage of
hyperspectral data is that narrowband and derivative indices of hyperspectral sensors are less susceptible
to soil and illumination impacts [5]. Additionally, the high spectral resolution enables the analysis of the
vegetation-related red-edge transition which is especially useful for quantification of green vegetation at
low cover values [9]. Besides spectral properties of green vegetation, hyperspectral sensors are also able
to capture reflective features of other plant tissue, like lignin or cellulose [7,8,10-12], which may be
important in detecting vegetation in drylands where significant parts of plants consist of structural
non-photosynthetic tissue [8,11]. In contrast to these encouraging factors, other sources conclude that
areas with low vegetation cover cannot be reliably analyzed using hyperspectral data [10,13]. Therefore,
it is still uncertain if space-borne hyperspectral sensors are able to significantly improve vegetation
detection in extremely arid regions, and so assessments of their practical viability in comparison to
broadband sensors are required [7].

The application of hyperspectral data with its numerous bands is mostly based on prior knowledge of
the optimal spectral regions for a specific research question [7]. In contrast to that, particular wavelengths
or indices related to a given variable may not have been tested for vegetation mapping [14], or may vary
from one study to another as the spectral signal is dependent on a number of external factors [15].
Consequently, the biggest challenge for remote sensing based studies, especially in arid environments
with increased background noise, is the transferability of methods or appropriate spectral indices in time
and space [3].

To address these essential issues of applied hyperspectral research against a background of the
forthcoming launches of new hyperspectral sensors (e.g., EnMAP), we test the utilization of NASA’s
Hyperion sensor for dwarf shrub biomass analysis in the Eastern Pamirs of Tajikistan. This area is
especially suitable for testing the limits of optical remote sensing satellites as vegetation cover is sparse
(dwarf shrub cover < 20%), large parts of local plants consist of non-photosynthetic structural materials
and substrate colors are highly variable [4,16]. As multispectral methods proved to be unsuccessful or
associated with large uncertainties in the research area [4,17], our main goal is to assess if novel
narrowband indices of the hyperspectral Hyperion sensor improve the performance of dwarf shrub
biomass detection in this arid environment compared to the commonly used multispectral sensor Landsat
OLLI. Thereby, spectral regions and indices that are sensitive to dwarf shrub amounts should be identified,
taking the issue of false positive tests in multiple comparison studies into account. Furthermore,

52



MANUSCRIPT 2

Remote Sens. 2015, 7 4567

transferability of vegetation indices is assessed by comparison of the most important spectral regions for
dwarf shrub analysis from scenes of different regions in the study area.

2. Materials and Methods
2.1. Research Area

The Eastern Pamirs of Tajikistan are a high mountain desert plateau with mean altitudes between
3500 and 5500 meters above sea level (Figure 1). The climate is characterized by low temperatures and
scarce amounts of precipitation (Murghab annual mean 1998-2012: —1 °C, 94 mm, [18]). These natural
conditions allow the development of dense, green grass vegetation only in areas with sufficient water
supply (e.g., riparian vegetation in riverbeds, alpine meadows at very high altitudes). All other areas are
sparsely covered and dominated by dwarf shrub vegetation adapted to water scarcity (Figure 2, [19]).
These dwarf shrubs play a vital role in a region where the main economic activity is animal husbandry,
as they serve both as a source of forage and fuel. The energy importance of shrubs is caused by the fact
that they are the only local plants that develop woody parts, mainly in the root zone. Extensive
harvesting, whereby the whole plant is dug up, has raised concerns regarding sustainable development
of the region [19]. Therefore, a comprehensive assessment of the availability of this resource is needed
as existing remote sensing approaches are still erroneous [4].
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Figure 1. Overview of the research area, analyzed satellite images and field sites. The two
Hyperion scenes were acquired on 3 August 2012 (western scene) and on 29 July 2013
(eastern scene), the Landsat OLI scene on 28 July 2013 respectively. DEM source: METI &
NASA [20].
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Figure 2. Photographs of (a) dwarf shrub stand located within the eastern Hyperion scene
taken in fall 2014, and (b) dwarf shrub stand located within the western Hyperion scene with
azonal grass vegetation in the background taken in summer 2013.

2.2. Data

Selection of satellite images was based on an acquisition date during the peak of the vegetation period
to maximize the vegetation related reflectance signal in this arid environment [4].

2.2.1. Landsat OLI Data

A multispectral, terrain corrected image (L1T) with 30 m x 30 m spatial resolution was acquired on
28 July 2013 by the operational land imager (OLI) sensor of NASA’s Landsat 8 satellite. Visual
inspection and comparison to GPS measurements showed that geo-referencing of the image was accurate
and no further adjustment was needed. All eight multispectral bands were included in the analysis.

2.2.2. Hyperion Data

Two hyperspectral, terrain corrected images (Level 1T) with 30 m x 30 m spatial resolution were
acquired on 3 August 2012 (western scene) and 29 July 2013 (eastern scene) by the Hyperion sensor of
NASA’s Earth Observing 1 Satellite (Figure 1). The sensor spans the spectral range from 356-2577 nm
with a bandwidth of ~10 nm leading to a total of 242 bands. Exclusion of bad bands (not calibrated,
redundant, noise from atmospheric water vapor, low signal to noise ratio) left 158 bands for the analysis
(cf. [21]). These are bands 8-57 (427-925 nm), 79-119 (933-1336 nm), 133-164 (1477-1790 nm),
183-184 (1982-1992 nm) and 188-220 (2032—-2355 nm). Despite automatic terrain correction of Hyperion
images, a spatial error was present in the data. This error was corrected by matching the image pixels with a
nearest neighbor resampling algorithm to respective Landsat pixels using a second-order polynomial model
with 19 control points (3 August 2012 RMSExy: 3.37 m, 29 July 2013 RMSExy: 5.02 m). The images were
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not corrected for other effects such as spectral smile or striping as no generally accepted procedure exists
as well as to preserve the original spectral characteristics [22].

2.2.3. Atmospheric Correction

All images were recalculated to at-sensor radiance with subsequent atmospheric correction using
ENVI’s state-of-the-art MODTRAN®-based FLAASH® approach. Aqua AIRS Level 3 Daily Standard
Physical Retrieval product [23] provided information of daily atmospheric water vapor amounts for each
scene to select the appropriate FLAASH® atmosphere.

2.2.4. Field Data

Sixty dwarf shrub stands (30 field sites in each Hyperion image) with homogenous vegetation cover
and a minimum area of 60 m x 60 m were mapped in summer 2013 and fall 2014 with a handheld GPS
device (horizontal RMSE ~5 m) using a study design similar to Zandler et al. [4]. Areas were selected
preferentially to achieve the following objectives: (i) minimum size requirements [24]; (ii) mapping of
a broad range of dwarf shrub densities; (iii) homogenous spectral properties and to take accessibility of
field sites into account (cf. [4]). Furthermore, field sites were placed so that steep terrain is avoided to
prevent potential spatial errors due to inaccurate terrain correction in Hyperion data. Within the stands,
two subplots with 4 m side length were placed randomly and circumferences of all dwarf shrub
individuals were measured inside the subplots. These measurements were used to calculate dwarf shrub
total biomass using an allometric model developed specifically for the research area and the analyzed
dwarf shrub species [4]. Results were averaged to represent the mean dwarf shrub biomass in kg-ha™ of
the stands. The midpoint between the subplots was taken as reference pixel to extract spectral
information for each stand. A descriptive comparison of site biomass amounts shows that the western
Hyperion scene is characterized by higher biomass amounts compared to the eastern scene (Figure 3).

o

o -

o ]

© !
i) N i
28 i o
23 ! °
) a H
&
£ S | BR
(@] o [l
5 N

&5 o i e

T T
03 August 2012 29 July 2013

Figure 3. Boxplots showing dwarf shrub biomass amounts of sites located in Hyperion
scenes of August 2012 and July 2013, respectively. Each scene contains 30 field sites.
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This publication provides an assessment of the solar photovoltaic energy potential,
evaluating this resource as a woody biomass substitute. By combining a GIS based radiation
model and field and literature data into an integrative approach, hypothesis 4 is addressed.
The costs and potential environmental effects of regional solar energy implementation are
calculated. As this article was not published before the submission date of this thesis, the
format of the manuscript is adapted to this synopsis and the content may be altered in the
final form.
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Methodological limitations

Only two years of climatic measurements were available to calibrate and validate the presented
radiation model. Therefore, it is challenging to ascertain that the available data is representative of
average climatic conditions. However, our measurements show large conformity with available
climatic parameters from the official climate stations averaged over 15 years (Tajik
Hydrometeorological Service 2013). Furthermore, precipitation data from the Tropical Rainfall
Measuring Mission (TRMM 2014) which may be a proxy for cloudiness and therefore solar
radiation, indicates that the relevant time period may be regarded as representative of the long
term average. Therefore, we expect that measurements used for this study are largely
representative of the long term average solar radiation. Similarly, field observations that form the
basis of scenarios on energy requirements do not allow a comprehensive insight into energy
consumption habits of local households. An extensive survey on the potential use of electric
energy would be needed to enable more accurate scenario specifications. Economically, our
feasibility assessment is based on the comparison to a regional investment project. Hence, an
increased evaluation of economic feasibility would improve the comparability to other peripheral
mountain regions. However, as commonly used economic indicators are also based on a number
of assumptions and highly variable input factors (Branker et al. 2011), additional research and a
sensitivity analysis would have been necessary, which was beyond the scope of this study.
Besides, research on the temporal variation of discharge volumes in conjunction with the
specifications of the planned local hydropower plant would be required to calculate monthly
generated electricity amounts and thus allow an objective comparison of PV and hydro energy
potentials. Finally, as both the scenarios and derived figures of dwarf shrub biomass use and
savings are based on assumptions and subject to temporal variations, it is important to consider
the associated uncertainties of the study.

Conclusion

The presented approach integrates different areas of renewable energy research to assess the
natural potential, the feasibility and the effects of increased solar photovoltaic electricity
generation in a peripheral mountain region. Thereby, we derived the first atlas of solar resources
in the Eastern Pamirs of Tajikistan from field measurements. Results showed a high natural
potential of solar energy. A good modeling performance indicates the suitability of the method in
other mountain areas when some climatic data is available. The modeled radiation amounts
combined with realistic scenarios based on own observations, a running energy project and
existing research suggest that basic thermal energy can be generated with photovoltaic
applications within reasonable cost limits. The presented calculations emphasize that the
realization of the fictitious photovoltaic power plant would considerably change the region's
energy situation by increasing the sustainability of local energy resource use, alleviating energy
poverty and fostering carbon sequestration. More generally, this study showed that solar
photovoltaic energy has great potential to improve sustainable development and livelihoods of
remote mountain communities as similar conditions persist worldwide. Therefore, solar energy
constitutes a suitable alternative to other regenerative energy resources in mountainous
environments. We recommend that future studies concentrate on the assessment of the local
potential and effects of hydro energy systems based on field measurements and on changes in
household’s energy consumption if electric energy is increasingly available.
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SYNOPSIS

8 Synthesis

This chapter provides an integrative discussion of findings from the individual
manuscripts in relation to the research questions and hypotheses of the dissertation. Each
hypothesis is repeated and respective conclusions and answers summarized. Remote sensing
based quantification of woody biomass represents the central objective of this dissertation
which reintroduces the first hypothesis:

Hypothesis 1: A combination of a large set of specifically adapted satellite based
variables together with adequate selection and modeling techniques enables spatial biomass
prediction even under difficult arid conditions.

The submitted thesis successfully performed woody biomass quantification in an arid
environment using space-borne optical data (Manuscript 1). In so doing; it is the first study
that derives spatially resolved dwarf shrub quantities in the research area and, to the
knowledge of the author, it is also the first approach that addresses this task in a region with
such a low rate of areal vegetation cover using satellite images. However, relatively high
prediction errors were apparent in the presented models (RMSE ~1000 kg/ha). Therefore,
the first research question cannot with certainty be answered in the affirmative. The stated
uncertainties necessarily have to be considered when interpreting respective results.
Furthermore, the findings are strictly limited to the analyzed area of interest. Yet, these
uncertainties and errors are comparable to existing space-borne earth observation studies
deriving plant biomass in other regions and are a common phenomenon in remote sensing
based analysis, as various error sources exist. Among them, the low intensity of the spectral
plant signal constitutes the greatest challenge in the analyzed area.

Considering the first hypothesis in more detail, the presented results verify that a large set
of predictor variables is necessary for the analysis and that specific adaptions to arid
conditions are of central importance. Most common remote sensing variables and indices
were not applicable for biomass prediction; nor were variables that adjust for soil brightness
among the essential variables, which implies a result differing from prior expectations.
Experimental indices, such as color adjusted VIs and SAV or PC derivates, represented the
most important predictors, and these variables were complemented by measures of
vegetation pattern (texture) and topography. This shows that the integration of soil
information and a complex, regionally adapted variable set are required for woody biomass
prediction under conditions of scarce areal vegetation cover. As transferability of spectral
variables is a crucial issue and « priori information on optimal predictors is frequently
unavailable, the selection of such suitable variable sets and associated variable weighting or
selection procedures are key remote sensing topics; which leads to the second part of the
hypothesis. Results confirmed that an adequate model enabling high dimensional data
handling is necessary. Models that either penalize variables or include variable shrinking
resulted in smaller errors and lower overfitting. Most widely used methods, such as multiple
linear regression, performed poorly or were not successful in biomass prediction. The
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performance of statistical models showed some overlap compared with existing research,
especially regarding the better models, but differing results were reported for the algorithms
with lower predictive capability in this study. An important reason for this may be that the
application of a statistical model cannot be universally determined as it is dependent on the
number of the predictors, the relationship of the predictors to the dependent variable, and
the interrelation between the predictors in a given context. In summary, biomass
quantification in the most arid regions simultaneously requires sophisticated models that are
able to handle several variables and a large number of predictors, including various spectral
bands. The latter result is directly related to the discussion of the second hypothesis:

Hypothesis 2: The coverage of a broad spectral range and a high spectral resolution
increase modeling performance. Hence, hyperspectral data is especially suitable for detecting
woody vegetation in drylands.

The results of this thesis provide clear indications that a broad spectral range is important
for woody biomass prediction in drylands. Variables or indices utilizing the whole or a large
part of the sensors’ available spectral range ranked high in the performance assessment, and
variables that cover different spectral regions were jointly integrated in the best performing
models (Manuscript 1). However, the results do not unequivocally indicate certain optimal
spectral regions in the multispectral study and both showed similar performances. Important
spectral variables comprised bands from the red to NIR regions indicative of photosynthetic
parts, red-edge bands sensitive to chlorophyll content or vegetation state, SWIR bands
potentially capturing senescent or woody materials, and the blue to red/red-edge domain that
may adjust for soil color effects according to literature on the subject. Hence, both sensors
comprise bands potentially important in detecting woody vegetation, although some spectral
bands may be too broad to precisely reflect features of respective tissue. The absence of the
higher spectral resolution in the SWIR may have been compensated for by the additional
red-edge band and texture measures of the RapidEye sensor. A synergetic usage of both
sensors slightly increased modeling performance. In addition to existing research, these
findings strongly suggest a great potential of hyperspectral data for woody biomass analysis;
which leads to the second part of this hypothesis (Manuscript 2).

In this thesis, with a multitude of available spectral bands, hyperspectral data was shown
to improve the modeling of woody biomass and decreased the relative RMSE by up to 20
percentage points compared to multispectral sensors. Thereby, a very large number of
spectral indices significantly correlated with dwarf shrub biomass. Though, commonly used
band combinations that are indicative of photosynthetic materials did not show the highest
correlations with biomass and were not among the most important variables. However,
indices from the early SWIR or far SWIR spectral regions highly correlated with dwarf shrub
biomass and were among the most important hyperspectral variables. Hence, this spectral
domain may be especially suitable for woody biomass quantification in arid environments,
since it detects green as well as non-photosynthetic materials, containing cellulose and lignin,
and respective tissue is most distinguishable from the background using these wavelengths.
Furthermore, the relatively narrow bands may be required to capture small absorption and
reflection features of perennial vegetation or reference wavelengths unaffected by
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background variations. The presented findings showed that space-borne hyperspectral
sensors enable and improve the modeling of woody plant spectral properties in the world’s

drylands.

In spite of the mentioned encouraging factors regarding hyperspectral remote sensing of
scarce woody vegetation, this thesis also clearly demonstrated the limits of hyperspectral
data. First, space-borne hyperspectral imagery is currently in an experimental stage and
respective research is restricted to small test regions, which also applied in this study. The
presented results also underline the boundaries in the transferability of specific hyperspectral
VIs. This may be owing to regional differences in soil color that may diversely influence VI-
values, and color correction may also be required for hyperspectral data analysis. Similatly to
the first manuscript, this limited transferability emphasizes the relevance of techniques that
are able to handle large data sets for repeated model fitting and automatically select or weigh
variables. This becomes particularly obvious in light of the more than 12,000 unique VIs that
are available using hyperspectral bands. Finally, although hyperspectral data considerably
improved modeling in one region, notable errors were still present, and very low vegetation
cover resulted in an only slightly higher performance of the hyperspectral sensor compared
to multispectral images in parts of the research area. This indicates that below a certain
vegetation threshold, the plant signal is increasingly affected by background effects or noise,
and space-borne detection is very constrained regardless of the sensor. In summary, this
thesis outlined a number of solutions and methods for the derivation of woody vegetation
quantities in arid environments. Taking the connected uncertainties into account, the results
of the remote sensing approach provide data on the spatial distribution of dwarf shrub
amounts over a region covering more than 20,000 km? These outcomes enable the analysis
of regional research issues; which leads to findings regarding the third hypothesis:

Hypothesis 3: Despite some rather pessimistic assessments regarding dwarf shrub
resources in existing research, there are still regions with large stocks of dwarf shrub biomass
to meet local thermal energy demands.

Biomass maps confirm the findings of more recent research studies on the degradation of
dwarf shrub formations and extend the regional picture by providing empirically based
biomass quantities. Results clearly showed a diversification in the biomass availability of
different regions (Manuscript 1). The highest dwarf shrub amounts are present in side
valleys and on higher elevations, the least amounts in the main valleys, at lower altitudes and
in the north-central region. A qualitative comparison suggests depletion in areas of increased
human utilization, with a distribution of scarcer dwarf shrub amounts near main roads (e.g.
Pamir highway) and larger villages, especially near Murghab, in contrast to high dwarf shrub
amounts in more remote areas and around smaller villages (e.g. Shaymak). A more
sophisticated assessment of the regional situation was provided through an integrative
evaluation with interdisciplinary methods in a case study village (Manuscript 3). In this
evaluation, dwarf shrub biomass accessible to harvesters was calculated and then compared
to actual demand. The consideration of modeling uncertainties led to the conception of a
conservative model which subtracts the average error from the prediction to calculate
expected minimum quantities. This resulted in relatively large dwarf shrub amounts that are
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available to the local population with the current harvesting practices and possibilities of
transport. Considering local figures on yearly dwarf shrub use, the model showed that woody
biomass resources are sufficient to meet fuel demands on the medium term. Most
households of the case study village are therefore able to meet their basic energy demands,
and the presented results contradict studies suggesting a severe energy crisis. According to
these empirically based results, the third hypothesis can be verified on the medium term and
on a local scale.

However, considering the time scale as a central factor influences this perspective
substantially. Soviet literature and additional findings indicate a regeneration rate that is too
slow for the recovery of dwarf shrub stocks near settlements, given the contemporary
harvesting quantities. Cleared areas are also visible in the vicinity of the case study village.
Hence, a depletion of dwarf shrub resources is not unlikely in the long run. Additionally, the
distances to lucrative harvesting areas increase and accessibility is lessened. For some
households, this may hamper or prevent the provision of a basic energy supply. At present,
many areas with high dwarf shrub biomass amounts are only accessible by vehicle with
reasonable effort, and the availability of affordable motor fuel is a key issue for the regional
thermal energy supply. Finally, the presented results are restricted to the case study village
which may not be representative of the whole region as the energy situation is highly
diversified in general and energy demand is much higher in Murghab as it is the largest
settlement. However, these findings provide a first assessment of the energy situation based
on extensive empirical data, and substantially improve the state of geographical research in
the Eastern Pamirs. Yet, the presented thesis was not only aimed at the assessment of
current woody biomass resources, but intended to evaluate the feasibility of solar energy as a
possible alternative with the associated fourth hypothesis:

Hypothesis 4: An integrative approach, combining climatic measurements, GIS based
radiation modeling, and additional survey data, enables an assessment of the feasibility and
effects of increased solar photovoltaic energy utilization.

This dissertation represents the first study providing field based information on regional
solar energy resources in the Eastern Pamirs (Manuscript 4). The underlying GIS based
radiation model achieved good results in spatially determining the natural solar energy
potential. It thereby enabled the derivation of ideal panel inclinations and created a sound
basis for the calculation of potentially generated energy amounts. Errors resulted in slightly
underestimated radiation quantities, but were similar to existing studies in complex mountain
terrain. The main uncertainties of the model originate from the restrictions of a relatively
short time period of climatic measurements, but comparisons to other data indicate sufficient
representativeness of the long term conditions. The calculation of financial requirements for
the construction of a solar photovoltaic power plant in the district capital Murghab using
various scenarios of energy demand enabled addressing to the third research question. The
generation and storage of thermal energy for cooking and heating purposes using
photovoltaic systems demands excessive costs and is not considered to be feasible in regard
to the present situation. However, restricting the energy requirements to the generation of
basic electric energy supply for lighting, entertainment devices and, more importantly, the
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generation of hot water, resulted in a different conclusion. With a total cost of less than five
million Euros, such a potential realization proved to lie within reasonable cost limits as this is
the budget of a comparable, ongoing regional hydro-energy project. Field observations and
existing social surveys indicate that the aforementioned forms of electric energy utilization
are most likely viable. The generation of thermal energy with photovoltaic systems may
constitute a feasible alternative to dwarf shrub use to a certain degree. In agreement with
high mountain research results of comparable areas, this shows that solar resources are an
important renewable energy option besides other regional energy carriers.

The development of a photovoltaic power plant for basic electric energy supply would
substantially alter the energy system of the region. The presented thesis performed an
assessment of the anticipated environmental effects through the hypothesized substitution of
dwarf shrub biomass with electric energy for hot water boiling. The potential decrease of
cleared annual dwarf shrub stands would result in a significant increase of carbon fixation in
the ecosystems and simultaneously, enhance pasture quality. A reduction of negative effects
related to energy poverty, such as indoor pollution or excessive physical labor in supplying
energy, would considerably improve the living conditions of the local population. The locally
adapted assessment of the solar energy potential based on the integration of different fields
of renewable energy research showed that photovoltaic systems have the realistic possibility
to substantially contribute to sustainable development in the Eastern Pamirs of Tajikistan.
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9  Outlook

Pursuing a research objective inevitably leads to the emergence of new research questions,
the recognition of limitations, and the formation of new ideas to overcome related problems.
Several approaches were not tested in this dissertation. In addition to the image based
analysis of woody vegetation, a sampling of field based spectra would generate further
information on unique spectral features of shrub biomass as compared to soil or other
plants. Respective data may enable a target oriented search on ideal spectral regions or the
testing of alternative modeling concepts based on fractional analysis of soil, green, and
nonphotosynthetic vegetation (Meyer and Okin 2015). Other SMA methods, presently
problematic due to the lack of pure endmember sites in arid regions, may become more
suitable in the near future due to new algorithms, such as endmember purification
procedures (Ma et al. 2015). These techniques would constitute fundamentally different
approaches and provide important references on the performance of various methods in a
region that sets the limits of remote sensing. In addition to these concepts, the analyzed time
period of a research approach is central to addressing certain objectives. Due to the
complexity and limitations of arid regions, this thesis focused on the derivation of present
biomass in a first step, and hence represents a static approach. However, temporal vegetation
dynamics in relation to human activities are another central issue in the Eastern Pamirs.
Future research may therefore primarily aim at the development of appropriate change
detection algorithms based on the findings of existing remote sensing studies. In this context,
different potential techniques are available (Lu et al. 2004; Hecheltjen et al. 2014). Since the
Landsat sensor showed to be of use in biomass detection, within certain limits, and the
Landsat legacy project provides decades of satellite imagery, an approach with Landsat time
series using specifically adapted change thresholds (cf. Zhu and Woodcock 2014) may enable
important insights on vegetation degradation and the inference of related causes.

The presented results clearly showed that a number of variables spanning the spectrum
from the blue to the SWIR domain are important for the derivation of woody biomass in
arid regions. Data from recently launched and upcoming sensors, complementing these
spectral domains with more bands, are hypothesized to significantly increase performance of
biomass modeling in drylands. The multispectral Sentinel 2a sensor, launched on 23™ of June
2015, will provide freely available images with a medium spatial resolution (10 m to 60 m)
and a spectral configuration that includes several red-edge and two SWIR bands (ESA
2015a). This sensor incorporates the advantages of the RapidEye and Landsat sensors and
may be especially suitable for regional vegetation modeling which will be tested in the
research area when respective data becomes available. Such an analysis may be supplemented
by texture attributes derived from SPOT-5 imagery with up to 2.5 m spatial resolution (ESA
2015b) which is accessible free of charge since 2014 after an application process. Besides
multispectral images, the thesis indicates a large potential of operational hyperspectral data.
Data from the upcoming Hyperspectral Infrared Imager (HyspIRI, California Institute of
Technology 2015) or the Environmental Mapping and Analysis Program (EnMAP, EnMAP
Science Advisory Group 2015) will allow for extensive and profound analysis in this regard.
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Especially the coupling of hyperspectral bands with topographic predictors or other
techniques successfully applied in the presented dissertation, such as color adjustments and
SAV wvariables, are considered a promising approach for increasing modeling performance.
Therefore, research on the suitability of sensors using models that enable high dimensional
data handling will continue to improve remote sensing applications in these challenging

ecosystems.

This study focused on a broad range of remote sensing techniques and variables, but
some amplification may increase the accuracy of the approach. First, future work may
concentrate on the main variables that proved to contribute to biomass modeling and on the
respective correction algorithms. Increased sampling of bare soil spectral properties with
various background colors in relation to woody biomass features would enable the
development of new adjustment indices that are considered very advantageous in this thesis.
Further, due to the multitude of different soil colors that may diversely affect vegetation
indices, a preceding classification that differentiates between soil color classes and
subsequent partitioned biomass models may enhance dwarf shrub mapping with additional
ground truth data. Similarly, the presented approach could be connected to sophisticated
classification results, as presented in Vanselow (2011). If such a classification is extended to
the whole research area with additional satellite images, this might improve the
preclassification applied in this thesis. A further option for increasing modeling performance
is the inclusion of more accurate topographic variables, as they proved to be a central factor
for biomass modeling. Products of the TerraSAR-X add-on for Digital Elevation
Measurement (TanDEM-X) mission may provide topographic data with a higher spatial
resolution (12 m) and outstanding accuracy and may be globally available at the end of 2016
(Brautigam et al. 2015). Apart from applied topographic variables, a direct integration of
modeled annual solar radiation may be a better indicator of biomass quantities because it is a
main driver of evapotranspiration, and hence of water availability, which represents a key
limiting factor for vegetation growth in arid regions.

The evaluation of the energy situation, by linking dwarf shrub amounts to accessibility
and demand, was restricted to a rather local scale as regional survey data was not completely
analyzed during the finalization of this thesis. Therefore, the assessment will be extended to
the whole region in a next step to provide a comprehensive image of the energy conditions
in the Eastern Pamirs. The district capital Murghab is of main interest in this context.
Another important regional research issue is the empirical appraisal of sustainable dwarf
shrub harvesting amounts. To address this subject, comprehensive figures on the
regeneration of shrubs would be required. However, these plants are characterized by an
extremely slow growth rate in this environment and sophisticated dendrochronological
dating attempts, tested in collaboration with experts from the University of Erlangen-
Nuremberg (Dr. Jussi Grielinger), have not yet been successful. Future research may
therefore focus on long-term observations of meticulously maintained field plots and
enclosures (cf. Su et al. 2015) to shed light on the regrowth of dwarf shrubs under different
conditions.

113



SYNOPSIS

Finally, the integrative feasibility study of solar photovoltaics as an alternative thermal
energy source may be complemented in various ways. A longer time period of climatic
measurements will enhance the reliability of the model. Although the performance of the
GIS based radiation model showed adequate results, comparative testing using other and
more complex models may increase modeling accuracy (Ruiz-Arias et al. 2009). Shifting the
focus to a more financial perspective with calculations of economic indicators may allow for
a better comparison with other developing mountain regions. Measurements on river
discharge together with technical specifications of hydro-power systems may provide data to
directly compare different locally available energy resources. In addition, the actual as well as
the potential electric energy demand and usage should be increasingly analyzed using a social
scientific approach for a better adaption of basic assessment scenarios. Therefore, the
presented study provides insights into the state of local energy resources and analyzing
methods, but also points out various ways of adapting and improving related future research.
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