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Abstract	

 
Forests play a crucial role in many aspects such as the conservation of 

biodiversity, wood and non-wood supply, soil protection, water balance, wildlife 

habitat, climate change studies, and the global carbon cycle. Accordingly, forests 

require comprehensive assessments for their reliable utilization, management and 

protection at various spatial scales ranging from the individual tree level to the global 

scale. For this purpose, the structure and function, which both are used to characterize 

a forest ecosystem, are investigated. Remote Sensing (RS) imagery, obtained from 

either active or passive systems, provides a fundamental opportunity to quantify, map, 

and monitor forest ecosystems. This thesis focuses on obtaining forest attributes from 

RS data. Different approaches coupled with different types of RS data are employed to 

map ecosystem properties and estimate forest attributes over a complex landscape 

with a structurally heterogeneous forested area.  

The performance of two methods, i.e., a discrete and a continuous field (CF) 

mapping approach to map vegetation (i.e., grassland and forest) aboveground biomass 

(AGB) was tested. To achieve this, Airborne Prism Experiment (APEX) data and in-situ 

measurements were acquired over the Swiss National Park (SNP). The proposed CF 

mapping approach showed a reasonable accuracy in estimating vegetation AGB due to 

its capability to involve sub-pixel information and hence outperformed the discrete 

approach. This thesis investigates the capability of imaging stereoscopy (IS) data to 

empirically predict and map forest structural attributes such as canopy closure, basal 

area, and timber volume in a mixed and multi-layered forest. Findings reveal a strong 

relationship between canopy closure and APEX derived metrics. In addition, findings 

show promising results to estimate basal area and timber volume as well. Furthermore, 

in this thesis we implemented a methodology to estimate the most challenging forest 

structural attribute, i.e., tree density (TD), and a forest functional attribute, i.e., forest 

productivity based on an integration of Airborne Laser Scanning (ALS) and IS data. 

The results show a large underestimation of ALS derived TD for small trees. Larger 

trees were predicted with higher accuracy. Beside faced limitations in predicting TD, 

this thesis concludes that the combined application of ALS and IS data offers an 

efficient alternative to provide relevant information to gain understanding on 
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dependencies between structural and functional attributes at plot and landscape scales 

in a protected area. 

  



	
 

Zusammenfassung 

 
Wälder spielen in vielen Bereichen eine entscheidende Rolle, unter anderem zum 

Schutz der Biodiversität, der Versorgung mit Holz- und nichthölzernen Produkten, im 

Bereich des Bodenschutzes und des Wasserhaushaltes, als Lebensraum für Wildtiere, 

und nicht zuletzt für Studien zum Klimawandel und dem globalen 

Kohlenstoffkreislauf. Folglich ist es notwendig, Wälder sowohl hinsichtlich ihrer 

Nutzbarkeit und Bewirtschaftung als auch im Hinblick auf ihren Schutz zu beurteilen. 

Diese Beurteilung muss hierbei auf unterschiedlichen räumlichen Skalen, vom 

Einzelbaum bis auf globale Ebene, durchgeführt werden. Zu diesem Zweck werden 

sowohl die Struktur als auch die Funktion von Wäldern untersucht, da sie für eine 

Charakterisierung von Waldökosystemen häufig verwendet werden. 

Fernerkundungsbilder von aktiven als auch passiven Fernerkundungssystemen bieten 

in diesem Zusammenhang eine einzigartige Möglichkeit für die Quantifizierung, 

Kartierung und Überwachung von Waldökosystemen. Die vorliegende Arbeit widmet 

sich der Erfassung von Waldeigenschaften mittels Fernerkundungsdaten. 

Verschiedene Methoden werden mit unterschiedlichen Fernerkundungsdaten 

kombiniert, um Waldeigenschaften in einer sehr komplexen Landschaftstopographie 

mit heterogenen Waldstrukturen abzuleiten und zu kartieren. 

Zuerst wird auf die Qualität zweier Kartierungsmethoden zur Schätzung der 

oberirdischen Vegetation-Biomasse (OVB) von Grasland und Wald eingegangen: der 

diskreten und der continuous field (CF) Methode. Für diesen Zweck wurden Bilddaten 

des abbildenden Spektrometers APEX (Airborne Prism Experiment) und 

entsprechende Referenzmessungen im Schweizer Nationalpark (SNP) erhoben. Im 

Gegensatz zur diskreten Methode konnten hierbei mit der CF-Methode durch die 

Nutzung der Sub-Pixel Informationen gute Ergebnisse bei der Schätzung der OVB 

erzielt werden. Zudem wird die Eignung von abbildender Spektropskopie zur 

empirischen Schätzung und Kartierung von Waldstruktureigenschaften, wie z.B. 

Kronenschluss, Bestandesgrundfläche und Holzvolumen in einem mehrschichtigen 

Mischwald untersucht. Es wurde sowohl ein starker Zusammenhang zwischen 

Kronenschluss und den von APEX-Daten abgeleiteten Maßen nachgewiesen, als auch 

vielversprechende Ergebnisse für die Schätzung der Bestandsgrundfläche und des 

Holzvolumens erzielt. Darüber hinaus wird in dieser Arbeit eine Methodik basierend 
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auf der Kombination von flugzeuggestützten Laser-Scanning (ALS) und abbildenden 

Spektroskopie Daten zur Schätzung einer strukturellen und einer funktionalen 

Waldeigenschaft vorgestellt. Diese Eigenschaften umfassen die Baumdichte (BD), die 

am schwierigsten zu bestimmende Waldstruktureigenschaft, und die Produktivität des 

Waldes. Die Ergebnisse zeigen eine grosse Unterschätzung der ALS basierten BD für 

kleine Bäume. Die BD in Beständen mit grösseren Bäumen konnte jedoch mit höherer 

Genauigkeit bestimmt werden. Trotz der Einschränkungen bei der Schätzung der BD 

lässt sich aus den Ergebnissen schliessen, dass die kombinierte Anwendung von ALS 

und abbildenden Spektroskopie Daten eine Alternative bei der Generierung von 

relevanten Informationen für das Verständnis von klein- und grossräumlichen 

Abhängigkeiten zwischen strukturellen und funktionalen Waldeigenschaften darstellt. 
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1  
Introduction 

 



 
1.1 Background	

“We	can	look	forward	to	the	translations	of	these	capabilities	of	space	vehicles	and	associated	
remote	sensors	into	a	variety	of	applications	programs.”	

—	E.	M.	Riseley,	1967	

	

The	Food	and	Agriculture	Organization	of	the	United	Nations	(FAO)	reported	that	

forests	 cover	31	percent	 of	 terrestrial	 ecosystems	 [1],	which	 contain	45%	of	 the	word’s	

terrestrial	carbon	[2].	Forests	contribute	to	the	economic	development	of	many	countries.	

It	is	estimated	that	approximately	410	million	people	are	directly	dependent	on	forests	for	

subsistence	and	 income,	and	that	1.6	billion	people	rely	on	forest	goods	and	services	 for	

some	part	of	 their	 livelihood	 [3].	 In	 addition,	 forests	play	 a	 crucial	 role	 in	many	aspects	

such	 as	 the	 conservation	 of	 biodiversity	 [4],	 [5],	 wood	 and	 non-wood	 supply	 [6],	 soil	

protection	 [7],	 [8],	 water	 balance	 [9],	 [10],	 wildlife	 habitat	 [11],	 [12],	 climate	 change	

studies	 [13],	 and	 the	 global	 carbon	 cycle	 [14]–[16].	 Accordingly,	 forests	 require	

comprehensive	 assessments	 for	 their	 reliable	 utilization,	management	 and	 protection	 at	

various	spatial	scales	ranging	from	the	individual	tree	level	to	the	global	scale	[1],	[17].	In	

response	 to	 this	 need,	 forest	 resources	 have	 been	managed	by	 foresters	 for	 a	 long	 time	

and	have	received	a	great	deal	of	attention	not	only	from	forest	communities	but	also	from	

the	 public.	 Sustainable	 forest	 management	 aims	 to	 reconcile	 the	 economic,	 ecological,	

social	 and	 cultural	 functions	 of	 forests	 with	 the	 preservation	 of	 their	 structural	 and	

ecological	characteristics	for	the	benefit	of	current	and	future	generations	[6],	[18].		

Forest	 inventories	 have	 been	 used	 in	 order	 to	 capture	 forest	 characteristics	 and	

follow	 their	 developments.	 These	 support	 activities	 at	 both	 the	 operational	 level	 (i.e.,	

harvest	 planning,	 road	 layout,	 and	 regeneration	 treatment)	 and	 the	 strategic	 level	 (i.e.,	

provide	data	for	long	term	forest	management	plans	and	support	a	multitude	of	decisions	

relevant	 to	 forest	 protection	 and	 wildlife	 management)	 [19].	 The	 traditional	 way	 to	

implement	 forest	 inventory	 is	 based	 on	 field	 sample	 plots.	 Field	 measurements	 fail	 to	

allow	wall-to-wall	mapping	of	 forest	attributes.	The	combination	of	 field	 inventories	and	

remote	 sensing	 (RS)	 data,	 e.g.,	 satellite,	 airborne,	 or	 terrestrial	 laser	 scanning	 data,	

provides	a	possibility	to	scale	up	the	field	data	to	generate	spatial	maps	of	parameters	of	

interest	at	regional	or	national	scale	and	can	make	field-based	inventories	more	efficient	



Chapter 1  

	

12	
	

[20].	Beside	the	advances	in	image	processing	approaches,	the	widespread	availability	of	

RS	 data	 made	 it	 relatively	 possible	 to	 a	 huge	 number	 of	 users	 to	 employ	 such	 data	 to	

address	 their	 issue	 [21].	 In	 forest	 studies,	 RS	 data	 have	 been	 proven	 effective	 to	

characterize	homogenous	forest	ecosystems.		

This	 thesis	 focuses	 on	 obtaining	 forest	 attributes	 from	 RS	 data.	 Different	

approaches	coupled	with	different	types	of	RS	data	are	tested	to	map	landscape	and	forest	

attributes	of	a	complex	landscape	with	a	structurally	heterogeneous	forested	area,	which	

was	selected	as	study	area.			

The	introduction	section	gives	a	general	overview	on	the	importance	of	forests	and	

forest	 management.	 Forest	 structure	 definition	 and	 the	 approaches	 to	 obtain	 forest	

structural	 information	 are	 addressed	 in	 section	 1.2.	 Two	 conceptual	 methods	 to	 map	

ecosystem	attributes	are	presented	in	section	1.3.	The	following	section	(1.4)	specifies	the	

objectives	and	research	questions.	Finally,	section	1.5	provides	the	structure	of	the	thesis.	

	

1.2 Different	approaches	to	forest	structure	characterization	

Forest	 ecosystems	 are	 complex,	 diverse,	 and	 dynamic.	 In	 general,	 three	

components	 –	 composition,	 function,	 and	 structure	 –	 are	 used	 to	 characterize	 a	 forest	

ecosystem	[22].	Composition	is	expressed	as	the	number	of	species	(species	diversity)	or	

genetic	diversity	(i.e.,	how	many	genes	and	pieces	of	genetic	information	are	present	in	a	

forest)	[23],	 [24].	Forest	 function	simply	refers	to	what	a	 forest	does	and	the	 interaction	

among	 both	 biotic	 and	 a	 biotic	 forest	 components	 [25].	 In	 general,	 it	 reflects	 the	

economical,	biological,	and	social	products	of	a	forested	area;	for	example,	gain	of	carbon	

through	 photosynthesis	 (productivity),	 timber	 production,	 energy	 exchange	 with	

atmosphere,	 soil	 and	 water	 conservation.	 Forest	 structure	 indicates	 the	 spatial	

arrangement,	vertically	and	horizontally,	of	vegetation	components	of	a	particular	forested	

area	[26].		

These	 components	 are	 often	 closely	 correlated	 to	 each	 other;	 for	 example,	 a	

structural	 attribute,	 like	 biomass,	 is	 also	 an	 indicator	 of	 a	 functional	 attribute	 such	 as	

productivity	 [7].	 Species	 composition	 and	 their	 abundance	 can	 also	 be	 an	 indicator	 of	

structural	attributes	such	as	canopy	closure	or	canopy	 layering.	Therefore,	McElhinny	et	

al.	 (2005)	 [5]	 suggested	 that	 to	 define	 structure	 in	 an	 unambiguous	 way,	 structural,	

functional	 and	 composition	 attributes	 can	 be	 integrated	 into	 a	 single	 category	 simply	

called	forest	structural	attributes	[5].	A	wide	variety	of	structural	attributes	has	been	used	
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to	 characterize	 forest	 structure	 (cf.	McElhinny	et	 al.	 [5]	 and	Franklin	et	 al.	 [22]).	Among	

these,	 tree	 diameter	 at	 breast	 height	 (DBH),	 height,	 canopy	 closure,	 tree	 density,	 basal	

area,	 timber	 volume,	 and	 biomass,	 are	 the	 most	 commonly	 used	 by	 literature	 for	

determining	forest	structure	[23],	[27]–[30].	

	

1.2.1 Traditional	approach	

Forest	 inventories	 can	 provide	 forest	 structural	 attributes	 based	 on	 field	

measurements	 [31]–[33].	 Kangas	 et	 al.	 [34]	 defined	 an	 inventory	 as	 a	 system	 for	

measuring	 the	 extent,	 quantity,	 composition,	 and	 condition	 of	 forests.	 In	 other	 words,	

forest	 inventories	attempt	 to	characterize	a	 forested	area	by	estimating	 forest	structural	

attributes	 [29],	 [35]–[37],	 obtaining	 information	 on	 forest	 tree	 species	 [30],	 [38],	 and	

more	 recently	 determining	 the	 forest	 functioning	 mechanisms	 [12],	 [39]–[41].	 It	 is	

practically	impossible	to	obtain	full	inventory	coverage	of	a	large	area	on	the	ground	[42],	

therefore,	 forest	 experts	 measure	 the	 relevant	 attributes	 in	 some	 randomly	 selected	

sample	 plots	 (with	 relatively	 small	 size	 of	 e.g.,	 0.1	 ha),	 which	 are	 distributed	 over	 the	

whole	 forested	area.	Then,	 the	structural	attributes	of	 the	entire	 forest	are	estimated	by	

multiplying	the	measured	values	by	the	total	forest	area	[43].		

Although	 field	 surveys	 are	 the	 most	 accurate	 way	 to	 collect	 forest	 structural	

attributes	 [44]–[46],	 taking	 field	 measurements	 is	 time	 and	 labor	 intensive,	 and	 often	

difficult	 to	 implement	 for	remote	areas.	 In	practice,	non-observation	of	sample	plots	can	

usually	happen	due	to	inaccessibility	[47].	In	addition,	field	sampling	is	spatially	restricted	

since	 it	 covers	 only	 a	 small	 part	 of	 a	 given	 area	 [48].	 Furthermore,	 high	 temporal	

resolution	sampling	 is	 challenging	 for	 larger	areas	 (e.g.	 regional	or	national	 scales)	 [49],	

[50].	 Consequently,	 many	 studies	 conclude	 that	 it	 is	 crucial	 to	 use	 auxiliary	 data	 to	

enhance	 the	 estimation	 of	 forest	 structural	 parameters	 and	 to	 generate	 spatial	 explicit	

information	[32],	[51],	[52].	

Remote	 sensing	 (RS)	 approaches	 have	 become	 a	 realistic	way	 to	 estimate	 forest	

ecosystem	attributes	in	recent	decades	[53]–[56].	RS	data	can	provide	a	synoptic	view	of	a	

large	area	at	a	wide	range	of	spatial	and	temporal	resolutions	 [57],	which	 in	 turn,	offers	

the	 opportunity	 to	 generate	 wall-to-wall	 maps	 of	 forest	 attributes	 in	 combination	 with	

field	data	[58].	
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1.2.2 Remote	sensing	approach	

Remote	sensing	has	been	defined	as	the	science	of	acquiring	information	about	an	

object	without	being	in	contact	with	it	[59].	Two	types	of	RS	systems	are	often	employed,	

being	passive	and	active	sensors.	Passive	optical	sensors	capture	the	reflected	or	emitted	

electromagnetic	 energy	 from	 the	 Earth’s	 surfaces	 [60].	 In	 contrast,	 active	 systems	 both	

generate	 and	 record	 the	 energy	 at	 a	 given	wavelength.	 Both	 passive	 and	 active	 systems	

have	been	widely	used	to	predict	forest	structural	attributes	[61].	The	rapid	progress	of	RS	

instruments	 provides	 scientists	 with	 a	 great	 opportunity	 for	 a	 variety	 of	 terrestrial	

ecosystem	 applications	 [62].	 Therefore,	 the	 need	 to	 evaluate	 the	 capability	 of	 a	 new	

generation	of	sensors	is	of	critical	importance	[63].	This	thesis	investigates	the	use	of	two	

promising	 techniques	 i.e.,	 imaging	 spectroscopy	 (IS)	 and	 airborne	 laser	 scanning	 (ALS)	

data	to	estimate	forest	attributes	[64],	[65]	including	accuracy	assessment	of	the	applied	

methods.		

	

1.2.2.1 Imaging	spectroscopy	

Imaging	spectrometers	function	as	a	passive	sensor,	being	able	to	capture	a	wide	

range	 of	 the	 electromagnetic	 radiation	 coming	 from	 the	 Earth	 surface.	 According	 to	

Schaepman	 et	 al.	 [66],	 Imaging	 Spectroscopy	 (IS)	 is	 “the	 simultaneous	 acquisition	 of	

spatially	co-registered	images,	in	many	narrow,	spectrally	contiguous	bands	between	400	

nm	 and	 2500	 nm,	 measured	 in	 calibrated	 radiance	 units,	 from	 a	 remotely	 operated	

platform”.	 Compared	 to	 multispectral	 (MS)	 data,	 the	 high	 capability	 of	 IS	 sensors	 to	

measure	 detailed	 spectral	 information	 make	 them	 a	 preferred	 choice	 in	 many	 fields,	

including	 forest	 characterization	 [67].	 The	 spectral	 reflectance	 contains	 information	

related	to	bio-chemical	and	structural	properties	of	vegetation	canopy.		

The	estimation	of	vegetation	properties	using	optical	data,	in	general,	 is	based	on	

determining	 a	 link	 between	 spectral	 information	 captured	by	 the	 sensor	 and	 vegetation	

metrics	of	interest.	IS	data	have	been	successfully	utilized	for	forest	structural	estimation	

[61],	 [68]–[71].	 More	 research	 on	 the	 potential	 of	 IS	 data	 for	 forest	 characterization	 is	

necessary	 to	 prepare	 the	 remote	 sensing	 community	 for	 future,	 space-borne,	 imaging	

spectrometers	such	as	EnMap	[72].		

Two	main	approaches	exist	in	order	to	estimate	forest	structural	attributes	from	IS	

data:	 i)	 physical-based	 approaches,	 and	 ii)	 empirical	 approaches	 [73].	 Physical-based	

approaches	 use	 leaf	 and	 canopy	 radiative	 transfer	 models	 (RTM)	 to	 model	 canopy	
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reflectance	[74].	The	spectral	variation	of	canopy	reflectance	is	simulated	as	a	function	of	

viewing	 and	 illumination	 geometry,	 as	 well	 as	 canopy,	 leaf	 and	 soil	 background	

characteristics	 [72].	 To	 estimate	 the	 forest	 structural	 and	 biochemical	 properties	 the	

canopy	 reflectance	 models	 need	 to	 be	 inverted	 [75].	 The	 main	 advantages	 of	 physical-

based	 approaches	 are	 their	 general	 applicability	 to	 different	 sites,	 different	 acquisition	

configurations	and,	importantly,	the	necessity	of	no	or	only	a	few	field	sample	points	[76].	

However,	 RTM	 parameterization	 requires	 many	 input	 parameters,	 which	 are	 not	 often	

readily	 available,	 especially	 for	 structurally	 heterogeneous	 forests	with	multiple	 canopy	

layers	[77].	Further,	the	procedure	is	computationally	intense	and	is	suffering	from	the	ill-

posedness	of	model	inversion	(i.e.,	several	sets	of	input	can	generate	similar	spectra)	[78],	

thus	limiting	its	applicability	for	large	areas	[79].	

Empirical	 approaches	employ	a	 statistical	 relationship	between	 in-situ	measured	

reference	 and	 RS	 data	 [80].	 Typically,	 either	 original	 spectral	 bands	 or	 mathematical	

transformation	 of	 spectral	 bands	 (e.g.,	 vegetation	 indices	 (VIs))	 are	 defined	 and	 then	

linked	 to	 the	 variable	 of	 interest	 based	 on	 a	 fitting	 function	 [81].	 Empirical	 approaches	

strongly	 rely	 on	 the	 assumption	 that	 variations	 in	 forest	 attributes	 affect	 the	 spectral	

reflectance	of	a	forest	and	can	be	modeled	by	a	parametric	or	a	non-parametric	regression	

[82].	Empirical	approaches	for	forest	structural	estimation	are	commonly	developed	using	

in-situ	measured	reference	data	at	stand,	plot,	or	individual	tree	level	(e.g.,	canopy	closure,	

timber	 volume,	 basal	 area,	 biomass).	 These	 reference	 data,	 also	 called	 dependent	

variables,	 are	 afterwards	 combined	 with	 spectral	 bands	 or	 VIs	 data	 (i.e.,	 independent	

variables)	 to	 derive	 empirical	 models	 that	 finally	 allow	 estimating	 forest	 structural	

attributes	for	the	entire	study	area	[80].		

Forest	 structural	 variables	 have	 been	 successfully	 retrieved	 from	 IS	 data	 by	 i)	

considering	original	 spectral	bands,	 ii)	 computing	all	possible	 two-band	combinations	of	

e.g.,	 normalized	 difference	 vegetation	 indices	 (NDVI)	 type	 [83],	 [84],	 iii)	 narrow	 simple	

ratio	(SR)	vegetation	indices	[69],	[85],	[86],	iv)	narrow-band	normalized	difference	water	

indices	(NDWI)	[87],	v)	red-edge	position	(REP)	analysis,	or	vi)	band	depth	analysis	[46],	

[88],.	Due	to	 their	ease	of	 implementation	and	efficiency,	empirical	approaches	based	on	

VIs	 are	 by	 far	 the	 most	 common	 and	 largest	 group	 of	 forest	 structural	 attributes	

estimation	 methods	 [81],	 [89]–[91].	 However,	 the	 empirical	 approaches	 have	 to	 be	

developed	 based	 on	 extensive	 field	 work	 to	 collect	 in-situ	 data	 [73],	 [92].	 Another	

drawback	 of	 these	 approaches	 is	 the	 non-transferability	 of	 results	 from	 one	 area	 to	

another	[84],	[93],	[94].		



Chapter 1  

	

16	
	

1.2.2.2 Airborne	laser	scanning	

Airborne	Laser	Scanning	(ALS)	 is	an	active	remote	sensing	technology	that	emits	

pulses	of	laser	energy	towards	the	Earth	surface	[95]	and	measures	the	distance	from	the	

sensor	 to	 the	 target,	 based	 on	 the	 two-way	 return	 time	 of	 emitted	 laser	 pulses	 over	 a	

region	of	 interest	 [96].	The	position	of	 the	 sensor	 is	 precisely	 recorded	by	 a	differential	

global	 positioning	 system	 (DGPS).	 The	 aircraft’s	 orientation	 is	 obtained	 from	 an	 inertial	

measurement	 unit	 (IMU)	 [19].	 Consequently,	 by	 having	 the	 precise	 orientation	 and	

position	of	the	laser,	ALS	can	provide	the	three-dimensional	(3D)	position	of	points,	called	

point	 cloud,	 from	which	 it	 is	 possible	 to	 obtain	 a	 digital	 terrain	model	 (DTM),	 a	 digital	

surface	model	 (DSM),	 and	 information	 on	 the	 vertical	 and	 horizontal	 structure	 of	 forest	

canopies	 [97].	 ALS	 systems	 can	 be	 categorized	 as	 either	 discrete	 return	 systems	 or	 full	

waveform	systems.	A	discrete	return	system	records	one	(e.g.,	first	or	last),	two	(e.g.,	first	

and	 last),	or	multi-	 (e.g.,	 five)	 returns	 for	each	pulse	 [98].	 In	 the	case	of	a	 full	waveform	

system,	 the	 returned	 signal	 is	 completely	 digitized	 [99].	 Footprint	 size	 (i.e.,	 small	

footprints	with	0.2-3	m	of	diameter	or	large	footprints	with	tens	of	meters	of	diameter)	is	

another	criteria	to	classify	ALS	systems	[100].	The	ALS	data	have	been	extensively	used	as	

a	promising	source	to	model	forest	structural	attributes	[70],	[101]	

Approaches	 to	model	 forest	 structural	 attributes	 from	ALS	 are	 typically	 grouped	

into	two	categories:	 i)	area-based	approach	(ABA)	and	ii)	 individual	tree	detection	(ITD)	

approach	 [102].	 The	 ABA	 approach	 is	 based	 on	 developing	 an	 empirical	 relationship	

between	forest	structural	attributes	(e.g.,	 tree	height,	basal	area)	and	ALS	metrics	within	

pre-defined	areas	such	as	field	plots	[103].	The	ABA	approach	is	now	commonly	applied	in	

operational	forestry	applications	[104].	However,	it	relies	on	extensive	in-situ	data	(i.e.,	for	

model	training	and	validation)	and	is	site	specific	[105].		

	The	 ITD	 approach,	 in	 general,	 uses	 either	 the	ALS	 point	 cloud	 data	 or	 a	 canopy	

height	 model	 (CHM)	 to	 identify	 individual	 trees	 [102],	 [104],	 [106].	 Afterwards,	 the	

structural	 attributes	 of	 forests	 at	 the	 individual	 tree	 scale	 can	 be	 estimated	 using	

allometric	 equations	 [107].	 One	 disadvantage	 of	 this	 approach	 is	 that	 the	 inaccuracy	 of	

tree	 detection	 can	 introduce	 a	 considerable	 systematic	 error	 in	 forest	 structure	

estimation.	 Estimating	 forest	 structural	 attributes,	 e.g.,	 timber	 volume,	 from	 ALS	 data	

using	the	ITD	approach	requires	several	steps	[108]:	first,	detecting	the	trees,	using	either	

a	CHM	or	point	clouds,	covering	the	area	of	interest	(e.g.,	over	a	plot	or	a	stand);	second,	

linking	 the	 detected	 trees	 derived	 from	 ALS	 data	 to	 the	 known	 trees	 observed	 on	 field	

plots;	third,	fitting	an	empirical	model	(e.g.,	a	statistical	model)	to	regress	field-measured	
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attributes	 (e.g.	 tree	 volume)	 against	 ALS	 metrics	 derived	 for	 the	 detected	 trees	 (e.g.,	

maximum	height,	percentage	of	first	pulses);	fourth,	implementing	the	fitted	model	for	all	

detected	 trees	 within	 the	 field	 plots	 or	 the	 stand;	 finally,	 summing	 up	 the	 predicted	

volumes	at	tree	scale	in	order	to	calculate	the	mean	or	total	volume	at	plot	or	stand	scale.	

Usually,	only	trees	occupying	the	upper	part	of	the	forest	canopy	are	correctly	identified.	

Depending	 on	 the	 rate	 of	 commission	 error	 (the	 number	 of	 falsely	 detected	 trees)	 and	

undetected	 trees	 present	 in	 the	 lower	 part	 of	 the	 forest	 canopy	 (omission	 error),	 the	

implementation	 of	 the	 empirical	 model	 developed	 in	 step	 3	 can	 introduce	 a	 huge	

uncertainty	 (bias)	 in	 tree	 volume	 estimation.	 Furthermore,	 this	 approach	 requires	 ALS	

data	with	higher	point	density	compared	to	the	ABA	approach.	The	ITD	approach	has	not	

yet	 been	 widely	 applied	 in	 practice.	 Hence,	 there	 is	 a	 need	 to	 assess	 its	 capability	 to	

estimate	forest	structural	attributes	(e.g.,	tree	density).	

1.2.2.3 Vegetation	and	structural	mapping	strategy	

Conceptually,	 two	 approaches,	 namely	 the	 discrete	 approach	 and	 the	 continuous	

field	(CF)	approach,	can	be	used	to	map	ecosystems	based	on	RS	data	[85],	[109].		

The	 discrete	 approach	 follows	 Boolean	 logic	 in	 labeling	 every	 single	 pixel	 and	

represents	 one	 class	 only	 for	 each	 pixel	 [110]–[112].	 This	 approach	 assumes	 that	 the	

image	pixel	is	completely	occupied	by	one	thematic	class	and	discrete	hard	boundaries	are	

separating	 classes.	 Alpine	 ecosystems	 are	 characterized	 as	 a	 highly	 heterogeneous	

landscape.	These	 include	often	a	complex	combination	of	vegetation,	soil,	 rock	and	snow	

cover	[113].	Pre-dominant	land	cover	types	(LCTs)	are	spatially	heterogeneous	within	and	

between	 classes.	 For	 example,	 vegetation	 cover	 (i.e.,	 forest	 and	 grassland)	 shows	 a	

gradient	with	 change	 in	elevation.	 It	 is	basically	a	 transition	 from	dense	closed	 forest	 to	

the	treeline	and	finally	ending	up	with	alpine	grassland.	A	small-scale	pattern	of	all	 land-

cover	types	such	as	tree,	grassland,	rock,	soil	and	snow	can	be	observed	at	the	same	time	

across	 a	 small	 change	 in	 elevation.	 RS	 data	 face	 a	 challenge	 to	 cope	 with	 such	 a	 high	

heterogeneity.	 The	mapping	 of	 ecological	 components	 in	 such	 an	 environment	with	 the	

presence	of	broad	ecotones,	 i.e.,	areas	of	transition	in	which	components	grade	into	each	

other	 across	 complex	 geomorphic,	 edaphic,	 and	hydrologic	 gradients,	 is	 challenging	 and	

difficult	[114].	Hence,	applying	a	discrete	strategy	in	such	complex	landscape	may	not	be	

able	to	realistically	reflect	gradients	within	ecosystem	components	[109].	

The	 CF	 approach	 has	 been	 developed	 based	 on	 the	 fact	 that	 the	 changes	 in	 a	

natural	 landscape	are	following	a	gradient	trend	[115].	 It	simply	assumes	that	pixels	can	

contain	 different	 LCTs,	 and	 thus	 are	 a	 mixture	 of	 different	 spectral	 information	 [112],	
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[116].	 The	presence	 (abundance)	 of	 each	 ecosystem	 component	 (i.e.,	 LCTs)	 is	 computed	

within	 each	pixel.	 The	CF	mapping	 approach	 is	 a	 promising	 alternative	 for	 representing	

the	 spatial	 and	 temporal	 distribution	 and	 potential	 changes	 of	 terrestrial	 ecosystems	 in	

highly	heterogeneous	alpine	environments.		

	

1.3 Research	context		

According	to	Thenkabail	[63],	[68],	IS	data	contain	spectral	information	that	allow	

accurate	 quantification	 of	 forest	 structural	 attributes.	 A	majority	 of	 studies	 in	 this	 field	

have	employed	VIs	to	estimate	a	number	of	forest	attributes.	VIs	are	intended	to	enhance	

sensitivity	 to	 specific	 vegetation	 properties,	 while	 minimizing	 the	 effects	 of	 soil	

background,	 illumination	and	view	angles,	as	well	as	atmospheric	disturbance	[92].	Such	

VIs	have	been	traditionally	developed	for	broad-	spectral	band	sensors	[81].	Broad-band	

VIs	use	average	spectral	information	over	a	wide	spectral	range,	leading	to	loss	of	crucial	

information	available	in	specific	narrow-bands	[111].	Furthermore,	it	has	been	shown	that	

broad-band	VIs	can	suffer	from	saturation	once	a	certain	level	of	canopy	cover	or	leaf	area	

index	(LAI)	[117]	is	reached.	Using	IS	data	to	generate	narrow-band	VIs	can	mitigate	such	

drawbacks	of	broad-band	VIs	 [117].	A	number	of	 studies	have	used	narrow-band	VIs	as	

proxies	 to	 predict	 forest	 structural	 attributes.	 Schlerf	 et	 al.	 [69],	 for	 example,	 found	 a	

significant	linear	relationship	between	forest	LAI	and	crown	volume	using	a	narrow-band	

perpendicular	vegetation	index	(PVI)	with	HyMap	data	over	highly	managed	and	relatively	

homogenous	Norway	spruce	(Picea	abies).	Cho	et	al.	[61]	selected	a	homogenous	(in	terms	

of	in	DBH,	height,	tree	density	and	species)	and	dense	beech	(Fagus	sylvatica)	stand	to	test	

the	 relationship	 between	 reflectance	 factors	 derived	 from	 HyMap	 data	 and	 forest	

structural	 attributes	 including	 mean	 DBH,	 mean	 tree	 height	 and	 tree	 density.	 They	

reported	 that	 the	 new	VIs,	 generated	 from	 contrasting	 spectral	 regions	 around	 the	 red-

edge	 shoulder	 (756-820	 nm)	 and	 the	 water	 absorption	 feature	 centered	 at	 1200	 nm	

(1172-1320	nm),	showed	higher	correlation	with	structural	variables	compared	with	the	

standard	 vegetation	 indices	derived	 from	near-infrared	 and	visible	 reflectance.	 Previous	

studies	have	mostly	focused	on	IS	data	being	used	on	managed	and	relatively	homogenous	

forested	 areas,	 while	 this	 thesis	 concentrates	 on	 their	 potential	 for	 forest	 structural	

attributes	estimation	in	a	highly	heterogeneous,	protected	alpine	ecosystem,	i.e.,	the	Swiss	

National	Park	(SNP).		
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Canopy	spectral	reflectance	varies	with	canopy	structure,	leaf	properties,	and	soil	

background	proportion	[17].	This	variation	may	result	in	challenges	in	using	VIs	to	assess	

forest	 structural	 attributes.	 This	 is	 particularly	 true	 in	 an	 alpine	 environment,	 where	

vegetation	complexity,	spatial	variability,	diversity,	and	dynamics	are	at	their	highest	level.	

Therefore,	there	is	a	crucial	need	to	evaluate	the	potential	of	IS	data	in	a	complex	natural	

environment	and	 to	develop	new	combinations	of	narrow-band	VIs	 aiming	 to	 cope	with	

heterogeneity,	 to	 compensate	 for	 disturbing	 background	 effects,	 and	 finally	 to	 enable	

improved	linkage	of	spectral	features	to	natural	vegetation	structural	attributes.		

In	this	thesis,	the	capacity	of	narrow-band	VIs,	continuum	removal	(CR)	techniques	

and	band	depth	analysis	to	retrieve	vegetation	biomass	(forest	and	grassland	AGB),	forest	

canopy	 cover,	 forest	 basal	 area,	 forest	 timber	 volume	 and	 forest	 productivity	 are	

investigated.	The	 study	area	 is	 the	Swiss	National	Park	 (SNP),	which	 is	 a	heterogeneous	

alpine	 ecosystem	 comprising	 natural	 forests	 of	 different	 coniferous	 tree	 species,	 with	

variation	in	their	composition	and	abundance.	The	SNP	has	been	protected	since	1914	and	

represents	an	area	where	human	 impact	 is	strictly	controlled	[118].	For	various	reasons	

the	application	of	IS	and	ALS	data	to	estimate	structural	attributes	in	an	unmanaged	and	

protected	 forest,	 such	 as	 in	 the	 SNP,	 proved	 to	 be	 difficult	 and	 highly	 challenging.	

Noormets	et	 al	 [39]	 showed	 that	unmanaged	 forests	 contain	about	50%	higher	C	 stocks	

than	managed	forests.	Paillet	et	al	[119]	found	that	tree	basal	area	is	significantly	higher	in	

an	unmanaged	forest.	Higher	structural	diversity	for	unmanaged	forests	has	been	reported	

by	Latifi	et	al.	[120].	All	these	findings	have	an	effect	on	increased	heterogeneity,	which	in	

turn	 makes	 the	 estimation	 of	 forest	 structural	 attributes	 based	 on	 RS	 data	 more	

challenging.	 Promising	 results	 to	 predict	 forest	 structural	 attributes	have	been	 achieved	

by	 using	 IS	 data	 in	 relatively	 homogenous	 and	 monoculture	 forests.	 It	 is,	 however,	

recommended	to	investigate	the	applicability	of	IS	data	in	natural	mixed	forests	[61],	[69].		

Application	of	ALS	data	 to	 characterize	 forest	 structural	 attributes	has	 increased	

over	 the	 past	 decade	 [19],	 [107],	 [121],	 [122].	 Despite	 the	 capability	 to	 directly	 predict	

tree	height	 [123]	 and	 canopy	 cover	 [124]	 from	ALS	data,	 researchers	 face	difficulties	 to	

accurately	 estimate	 tree	 density	 using	 ALS	 data	 [125],	 [126].	 Tree	 density	 (TD),	 the	

number	of	trees	per	unit	area,	is	a	significant	structural	component	of	forest	ecosystems.	

TD	 plays	 a	 crucial	 role	 to	 study	 forest	 succession	 dynamics	 [127],	 forest	 productivity	

[128],	 and	 to	 assess	 spatio-temporal	 patterns	 in	 tree	 mortality	 [129].	 Therefore,	 TD	

estimation	 has	 attracted	 the	 most	 attention	 especially	 in	 non-commercial	 forests	 and	

protected	areas,	such	as	the	SNP.	The	accuracy	of	TD	estimation	using	either	ITD	or	ABA	

approaches	from	ALS	data	varies	largely	among	studies,	ranging	from	30%	to	90%	[130],	
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[131].	Tree	detection	approaches	basically	assume	that	each	tree	has	a	distinct	boundary	

with	no	overlap	between	adjacent	crowns	[132],	and	tree	location	is	identified	as	a	point	

or	a	pixel	containing	the	highest	height	value	of	the	point	cloud	compared	to	other	pixels	

in	 a	 specific	 neighborhood	 [133].	 These	 assumptions	 hold	 in	 flat	 terrain,	 in	 tree	

plantations,	and	in	homogenous	stands	in	terms	of	species	and	tree	size.	Consequently,	TD	

for	 structurally	 less	 complex	 forest	 distributed	 over	 relatively	 flat	 areas	 has	 been	

estimated	with	 high	 accuracy	 [134],	 [135].	 Pretzsch	 (2014)	 [136]	 indicated	 that	mixed-

species	 and	 structurally	 heterogeneous	 forests	 are	 well	 explored	 in	 their	 favorable	

ecological,	 socio-economical	 functions	 and	 services	 compared	 to	 pure	 forest	 stands,	 but	

still	 poorly	 understood	 in	 their	 structure	 and	 functions.	 Technically,	 there	 is	 a	 lack	 of	

knowledge	 on	 the	 capability	 of	 ALS	 data	 used	 to	 estimate	 TD	 in	 a	 natural	 unmanaged	

multi-story	 forested	 area.	 Consequently,	 we	 aim	 to	 combine	 the	 ALS	 and	 IS	 data	 to	

investigate	the	assessment	of	structural	and	functional	properties	of	 forested	area	 in	the	

SNP.	

	

1.4 Research	questions	

The	main	objective	of	the	present	thesis	is	to	explore	the	contribution	of	remotely	

sensed	 data	 to	 estimate	 and	 map	 forest	 structural/functional	 attributes	 in	 a	 complex	

natural	environment.	IS	and	ALS	data	were	acquired	in	a	highly	protected,	heterogeneous	

alpine	 environment	 (the	 Swiss	 National	 Park,	 previously	 described	 in	 Section	 1.3).	 The	

following	research	questions	are	addressed:	

• How	can	remotely	sensed	data	capture	the	heterogeneity	of	an	alpine	ecosystem	and	

what	are	the	accuracies	of	retrieved	ecosystem	variables?		

• Can	 forest	 structural	 attributes	be	 estimated	based	on	 IS	data	 in	 a	heterogeneous,	

alpine	forest	area?	

• What	is	the	capability	of	ALS	and	IS	data	integration	to	map	structural	and	functional	

properties	in	a	heterogeneous,	alpine	forest	area?		

	

1.5 Structure	of	the	thesis	

This	thesis	consists	of	five	chapters	as	follows:		
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Chapter	1	 contains	 a	 general	 introduction	 and	provides	 a	 definition	 of	 forest	 structure.	

This	 Chapter	 introduces	 the	 approaches	 to	 estimate	 and	 to	 map	 forest	 structural	

attributes.	The	research	questions	and	the	structure	of	thesis	also	are	presented.		

Chapter	2	is	based	on	a	first-authored	peer-reviewed	scientific	paper	(Fatehi	et	al.,	2015)	

published	 in	 IEEE	 Journal	 of	 Selected	 Topics	 in	 Applied	 Earth	 Observations	 and	 Remote	

Sensing.	 It	describes	a	new	concept	to	generate	continuous	fields	(CF)	maps	of	grassland	

and	 forest	 aboveground	 biomass	 (AGB)	 in	 an	 alpine	 environment.	 It	 also	 discusses	 the	

potential	of	 the	CF	mapping	approach	and	compares	 it	with	a	discrete	approach	 to	map	

grassland	 and	 forest	 areas.	 The	 publication	 is	 self-contained	 in	 terms	 of	 structure	 and	

content.		

Chapter	3	consists	of	a	first-authored	peer-reviewed	scientific	paper	(Fatehi	et	al.,	2015)	

published	 in	 the	 MDPI	 Remote	 Sensing	 journal.	 The	 paper	 describes	 the	 capability	 of	

Imaging	Spectroscopy	(IS)	data	to	map	forest	structural	attributes	such	as	canopy	closure,	

basal	 area,	 and	 timber	 volume	 in	 a	 highly	 heterogonous	 alpine-forested	 area.	 The	

publication	is	self-contained	in	terms	of	structure	and	content.	

Chapter	4	is	based	on	a	first-authored	peer-reviewed	scientific	paper	(Fatehi	et	al.,	2016)	

submitted	 to	Forest	 ecology	and	management.	This	Chapter	describes	an	approach	using	

Airborne	Laser	Scanning	(ALS)	and	Imaging	Spectroscopy	(IS)	data	to	quantify	and	assess	

patterns	of	tree	density	(TD)	and	forest	productivity	in	the	Swiss	National	Park	(SNP).	The	

publication	is	self-contained	in	both	structure	and	content.	

Chapter	 5	 summarizes	 and	 synthesizes	 the	 major	 findings	 of	 chapters	 2-4,	 provides	

concluding	remarks	and	an	outlook	to	the	thesis.		
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Abstract	

Aboveground	biomass	(AGB)	of	terrestrial	ecosystems	is	an	important	constraint	of	global	

change	 and	 productivity	 models	 and	 used	 to	 assess	 carbon	 stocks	 and	 thus	 the	

contribution	 of	 vegetated	 ecosystems	 to	 the	 global	 carbon	 cycle.	 Although	 an	

indispensable	 and	 important	 requirement	 for	 decision	 makers,	 coherent	 and	 accurate	

estimates	of	grassland	and	forest	AGB	especially	in	complex	environments	are	still	lacking.	

In	this	study	we	aim	to	assess	the	capability	of	two	strategies	to	map	grassland	and	forest	

AGB	in	a	complex	alpine	ecosystem,	i.e.,	using	a	discrete	as	well	as	a	continuous	field	(CF)	

mapping	 approach	 based	 on	 imaging	 spectroscopy	 (IS)	 data.	 In-situ	 measurements	 of	

grassland	 and	 forest	 AGB	 were	 acquired	 in	 the	 Swiss	 National	 Park	 (SNP)	 to	 calibrate	

empirical	models	and	to	validate	AGB	retrievals.	The	selection	of	robust	empirical	models	

considered	all	potential	 two	narrow-band	combinations	of	the	Simple	Ratio	(SR)	and	the	

Normalized	 Difference	 Vegetation	 Index	 (NDVI)	 generated	 from	 Airborne	 Prism	

Experiment	 (APEX)	 IS	 data	 and	 in-situ	 measurements.	 We	 found	 a	 narrow-band	 SR	

including	 spectral	 bands	 from	 the	 short	 wave	 infrared	 (SWIR)	 (1689	 nm)	 and	 near	

infrared	(NIR)	(851	nm)	as	the	best	regression	models	to	estimate	grassland	AGB.	Forest	

AGB	showed	highest	correlation	with	a	SR	generated	from	two	spectral	bands	in	the	SWIR	

(1498	 nm,	 2112	 nm).	 The	 applied	 accuracy	 assessment	 revealed	 good	 results	 for	

estimated	grassland	AGB	using	the	discrete	mapping	approach	(R2	of	0.65,	mean	RMSE	of	

0.91	t.ha-1,	and	mean	relative	RMSE	of	26%).	The	CF	mapping	approach	produced	a	higher	

R2	 (R2	=	0.94),	and	decreased	 the	mean	RMSE	and	 the	mean	relative	RMSE	to	0.55	 t.ha-1	

and	15%,	respectively.	For	forest,	the	discrete	approach	predicted	AGB	with	a	R2	value	of	

0.64,	 a	 mean	 RMSE	 of	 67.8	 t.ha-1,	 and	 a	 mean	 relative	 RMSE	 of	 25%.	 The	 CF	 mapping	

approach	 improved	 the	accuracy	of	 forest	AGB	estimation	with	R2	=	0.85,	mean	RMSE	=	

55.85	 t.ha-1,	 and	mean	 relative	 RMSE	 =	 21%.	 Our	 results	 indicate	 that,	 in	 general,	 both	

mapping	approaches	are	capable	to	accurately	map	grassland	and	forest	AGB	in	complex	

environments	using	IS	data,	while	the	CF	based	approach	yielded	higher	accuracies	due	to	

its	 capability	 to	 incorporate	 sub-pixel	 information	 (abundances)	 of	 different	 land	 cover	

types.	
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2.1 Introduction	

The	Aboveground	biomass	 (AGB)	of	 terrestrial	ecosystems	 is	an	 important	constraint	

of	dynamic	global	vegetation	models	to	assess	carbon	stocks	and	feedbacks	of	vegetation	

with	the	global	carbon	cycle	[1].	Further,	quantitative	maps	of	AGB	are	an	important	input	

to	support	forest	and	landscape	management	[2],	[3],	to	understand	deforestation	impact	

on	 carbon	 release	 and	 global	 warming	 [4],	 to	 assess	 productivity	 of	 forested	 areas	 in	

relation	to	forest	composition	[5]	and	in	view	of	specific	forest	management	practices	[1],	

[6].	Since	AGB	is	an	 indicator	 for	quantity	and	quality	of	 forage,	 it	 is	considered	relevant	

information	 to	 study	animal	ecology,	 i.e.,	herbivore	behaviors	 [7]	and	grazing	 intensities	

[8],	 [9].	Further,	 grassland	biomass	has	a	high	potential	 to	become	 flammable	during	an	

extended	dry	season	[10],	and	therefore	accurate	AGB	estimates	are	relevant	input	for	fire	

risk	assessment	[11]	and	carbon	cycle	modeling.	

Different	 approaches	 have	 been	 applied	 to	 estimate	 AGB	 including	 i)	 geographical	

information	 systems	 (GIS)	 based	 modeling	 parameterized	 with	 various	 environmental	

data	 [4],	 [12],	 ii)	 in-situ	 observations	 [3],	 or	 iii)	 remote	 sensing	 (RS)	 based	 assessments	

[13],	[14],	[2].	A	GIS-based	approach	provides	a	platform	to	apply	a	mathematical	model	to	

employ	 all	 parameters,	 (i.e.,	 forest	 inventory	 data,	 vegetation	 distribution	 map,	 digital	

elevation	model	 (DEM),	 soil	 inventory	data,	 soil	distribution	map)	 that	potentially	 affect	

the	available	biomass	(see	Deng	et	al.	[12]	and	Lu	[15]	for	more	details).	This	implies	that	

identifying	 relevant	 data	 as	 well	 as	 underlying	 assumptions	 directly	 impact	 the	

performance	 of	 a	 GIS-based	 approach.	 Further,	 input	 data	 with	 reasonable	 quality	 and	

accuracy	 are	 often	 not	 available,	 limiting	 the	 applicability	 for	 timely	 biomass	 estimates	

[15].	

In-situ	observational	approaches	based	on	 field	surveys	are	 the	most	accurate	way	 to	

collect	 biomass	 data	 [15],	 but	 required	 in-situ	measurements	 are	 often	 limited	 in	 their	

spatial	and	temporal	resolution	[16].	Furthermore,	in-situ	sampling	is	expensive	and	time	

consuming,	and	often	not	transferrable	to	large	and/or	remote	areas.	

Various	studies	discuss	the	estimation	of	biomass	using	RS	data	[17].	RS	provides	the	

advantage	 of	 spatially	 explicit	mapping	 of	 vegetation	 biomass	with	 reasonable	 accuracy	

[18],	 repeatedly	 over	 large	 and	 remote	 areas	 [19].	 As	 such,	 it	 reduces	 time	 and	 human	

effort	 compared	 to	 field	 observations.	 Two	 predominant	 approaches	 to	 estimate	

vegetation	properties	(e.g.,	chlorophyll,	LAI,	biomass)	from	imaging	spectrometer	data	are	

i)	physical-based	approaches,	and	ii)	empirical	approaches.	Physical-based	approaches	use	

leaf	 and	 canopy	 radiative	 transfer	 models	 (RTM),	 to	 identify	 the	 spectral/directional	
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variation	of	canopy	reflectance	[20].	The	inversion	of	an	RTM	allows	to	predict	vegetation	

properties.	However,	 RTM	parameterization	 requires	many	 input	 parameters	 [21],	 [22].	

The	procedure	is	computationally	intense,	thus	limiting	its	applicability	for	large	areas	for	

biomass	 estimation	 [23].	 Empirical	 approaches	 for	 biomass	 estimation	 are	 commonly	

developed	 using	 in-situ	 measured	 reference	 data	 at	 stand,	 plot,	 or	 individual	 tree	 level	

(e.g.,	 canopy	 closure,	 canopy	 height,	 tree	 diameter	 at	 breast	 height	 (DBH)).	 These	

reference	 data	 are	 combined	with	 RS	 data	 to	 derive	 empirical	models	 that	 finally	 allow	

estimating	vegetation	biomass	for	the	entire	study	area	[14].	Two	conceptual	approaches	

can	be	 distinguished,	 i.e.,	 the	direct	 and	 the	 indirect	 approach	 [24].	 The	direct	 approach	

relates	 top-of	 canopy	 reflectance	 or	 transformed	 data	 values	 (e.g.,	 vegetation	 indices,	

principle	 components	 or	 tasseled	 cap	 components)	 and	 biomass	 using	 statistical	

techniques	 (e.g.,	 linear	 regression,	 multiple	 regression	 analysis	 or	 partial	 least	 squares	

regression)	[25].	 Indirect	approaches	combine	various	vegetation	variables	derived	from	

RS	 data	 (e.g.,	 tree	 height,	 DBH,	 or	 crown	 closure)	 considering	 mechanistic	 relations	 to	

model	 biomass	 [26].	 The	 direct	 approach	 is	 commonly	 applied	 for	 estimating	 biomass	

from	 spectroscopy	 data.	 Various	 studies	 successfully	 demonstrated	 the	 extraction	 of	

biochemical	 and	 biophysical	 information	 from	 imaging	 spectrometer	 (IS)	 data	 by	 using	

original	 spectral	 bands,	 computing	 all	 possible	 two-band	 combinations	 of	 normalized	

difference	 vegetation	 indices	 (NDVI	 type)	 [2],	 [27],	 red-edge	 position	 (REP),	 narrow	

simple	 ratio	 (SR)	 vegetation	 indices	 [28],	 [29],	 band	 depth	 analysis	 [30],	 narrow-band	

normalized	 difference	 water	 indices	 (NDWI)	 [31]	 or	 multispectral	 data	 by	 mostly	

computing	broad-band	vegetation	indices	(VI)	[19],	[32],	[33].	

Independent	 of	 the	method	 used	 to	 estimate	 biomass;	 it	 remains	 a	 challenge	 to	map	

realistic	representations	of	biomass	gradients	across	landscapes.	In	this	context,	two	main	

approaches	 are	 used	most	 frequently,	 namely	 the	 discrete	 approach	 and	 the	 continuous	

field	 (CF)	approach.	The	discrete	approach	 follows	Boolean	 logic	 in	 labeling	every	single	

pixel	and	represents	one	class	only	for	each	pixel	[25],	[34],	[35].	The	thematic	classes	are	

mutually	 exclusive,	 with	 discrete	 boundaries	 separating	 these	 classes.	 However,	 this	

assumption	 does	 not	 realistically	 reflect	 gradients	 within	 vegetation	 types	 [36]	 where	

vegetation	classes	vary	gradually	over	the	landscape	or	pixels	may	belong	to	two	or	more	

classes	(sub-pixel	mixture	of	different	vegetation	types)	[37].	The	effect	of	mixed	pixels	is	

especially	 important	 in	 complex	 landscapes	 such	as	 alpine	 environments,	where	 a	 given	

pixel	can	represent	e.g.,	trees	mixed	with	grass	and	non-vegetated	surfaces	(i.e.,	soil/rock	

or	 snow).	 Many	 studies	 have	 attempted	 to	 produce	 better	 representations	 of	 the	 true	

complexity	of	 ecosystem	parameters	by	 suggesting	 to	 i)	 consider	 the	amount	of	 shadow	
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and	bare	soil	in	biomass	mapping	[32],	ii)	apply	spectral	mixture	analysis	to	demonstrate	

habitats	vary	in	space	in	a	continuous	fashion	[35]	or	iii)	apply	fuzzy	set	theory	[38],	[39],	

[40].	 CF	 approaches	 provide	 the	 ability	 to	 deal	 with	mixed	 pixels	 and	 to	 represent	 the	

distribution	of	vegetation	biomass	accurately	also	in	complex	landscapes.	The	CF	mapping	

approach	 was	 introduced	 by	 DeFries	 et	 al.	 [37]	 and	 was	 found	 to	 better	 represent	 the	

spatial	distribution	of	biomass	in	terrestrial	ecosystems	[41].		

The	 aim	 of	 this	 study	 is	 to	 evaluate	 the	 capability	 of	 IS	 data	 for	 estimating	 AGB	 in	 a	

heterogeneous	 alpine	 ecosystem	and	 comparing	 the	performance	of	 a	 CF	map	 approach	

and	a	discrete	approach	to	map	AGB	in	a	complex	landscape.	The	specific	objectives	of	this	

study	are	to	i)	derive	an	empirical	model	to	map	grassland	and	forest	AGB	from	IS	data;	ii)	

apply	 a	 CF	mapping	 approach	 to	 represent	 gradients	 of	 biomass	 at	 landscape	 level;	 iii)	

validate	resulting	maps	with	reference	data	obtained	in	grasslands	and	forest;	iv)	discuss	

the	capability	of	the	two	mapping	approaches	(i.e.,	discrete	and	CF	mapping	approach).	

	

2.2 Study	area	and	Data	

2.2.1 Study	area	

The	study	area	is	located	in	the	Swiss	National	Park	(SNP),	situated	in	the	southeastern	

part	 of	 Switzerland	 (Fig.	 2.	 1).	 As	 an	 IUCN	 (International	 Union	 for	 the	 Conservation	 of	

Nature)	 category	 Ia	 nature	 reserve	 (strict	 nature	 reserve),	 the	 SNP	 represents	 an	 area	

where	human	 impact	 is	 strictly	 controlled	and	 limited	since	 its	 foundation	 in	1914	 [42].	

The	 SNP	 therefore	 offers	 a	 great	 potential	 to	 study	 ecosystem	 processes	 and	 to	 gain	 a	

better	understanding	of	how	natural	areas	 function.	The	SNP	covers	an	area	of	170	km2.	

While	 50%	 are	 covered	 with	 vegetation	 (forest	 and	 grassland),	 the	 remaining	 area	

consists	 of	 rock	 and	 soil	 surfaces.	 Dominant	 tree	 species	 are	 mountain	 pine	 (Pinus	

montana	Miller),	 Swiss	 stone	 pine	 (Pinus	 cembra	 L.),	 and	 larch	 (Larix	 decidua	 L.),	while	

scope	pine	(Pinus	sylvestris	L.)	and	Norway	spruce	(Picea	abies	 (L.)	Karst)	are	associated	

species	and	spatially	less	important	[42].	In	the	Trupchun	Valley	(Val	Trupchun),	our	main	

study	area	within	the	SNP,	larch	is	the	dominant	tree,	whereas	Norway	spruce	and	Swiss	

stone	pine	are	associated	species.		
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Fig.	2.	1.	Study	area	and	field	plots.	a):	location	of	the	SNP	in	Switzerland	(red	shape);	a	digital	elevation	model	

is	 used	 as	 background	 (source:	 swisstopo).	 b):	 distribution	 of	 field	 plots	 (yellow	 crosses)	 in	 the	 SNP	 (red	

shape).	C):	distribution	of	forest	field	plots	(yellow	squares)	and	grassland	field	plots	(yellow	crosses)	in	the	

Val	Trupchun;	a	true	color	image	is	used	as	background	(source:	swisstopo).	

The	SNP	covers	an	alpine	landscape,	with	an	elevation	ranging	from	1350	m	to	3170	m	

above	sea	level	(a.s.l.).	The	climate	of	the	region	is	dry	and	harsh	with	an	average	annual	

temperature	of	0.9	°C	±	0.5	°C	(mean	±	SD)	and	average	annual	precipitation	of	744	mm	±	

160	mm	 (2008–2012,	 recorded	 at	 the	 park’s	 weather	 station	 Buffalora	 at	 1977	m	 a.s.l.	

[43]).	

2.2.2 Field	data	

Several	Field	reference	data	were	collected	for	grassland	in	summer	2010	(26	June)	at	

the	 exact	 time	 of	 the	 Airborne	 Prism	 Experiment	 (APEX)	 overpasses	 and	 for	 forest	 in	

summer	2012	(20	June	to	10	July).	For	the	grassland,	51	field	reference	plots	distributed	
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over	the	area	of	the	SNP	and	capturing	a	 large	range	of	productivity,	exposure	and	plant	

species	 compositions	 were	 investigated.	 The	 field	 plots	 were	 6	 m	 x	 6	 m	 in	 size	 and	

homogenous	in	species	composition	and	cover.	At	the	day	of	APEX	IS	data	takes,	grass	was	

cut	in	a	1	m	x	1	m	subplot	in	the	center	of	each	plot,	immediately	sealed	into	plastic	bags,	

and	 weighted	 the	 same	 day	 to	 determine	 biomass	 (fresh	 weight).	 A	 differential	 global	

positioning	system	(DGPS)	providing	an	accuracy	better	than	1	m	was	used	to	record	the	

position	of	each	field	plot.		

In	 a	 second	 field	 campaign	 carried	 out	 in	 June	 2012,	 aboveground	 biomass	 of	 the	

forested	parts	of	the	SNP	in	the	Trupchun	Valley	was	measured.	Sample	plots	with	a	size	of	

30	m	 x	 30	m	were	 identified	 by	 applying	 a	 stratified	 random	 sampling	while	 excluding	

protected	 areas	 that	were	 not	 accessible.	 Identified	 plots	 represent	most	 of	 the	 present	

tree	species	and	possible	ranges	of	their	properties,	i.e.,	canopy	cover,	density,	and	species	

composition.	 In	each	of	 the	35	plots,	 species	 type,	DBH,	and	 tree	height	were	measured,	

while	only	 trees	with	a	DBH	greater	 than	5	 cm	were	 considered	 [44].	 For	each	plot,	 the	

height	of	five	trees,	including	the	tree	closest	to	a	corner	of	each	plot	and	the	largest	tree	in	

terms	of	DBH	were	measured	using	a	Haga	altimeter	(Haga	GmbH	and	Co.	KG,	Nuremberg,	

Germany)	[45].	The	Haga	altimeter	is	an	instrument,	which	uses	trigonometric	principles	

to	measure	tree	height.	As	the	measurement	of	tree	height	is	relatively	time	consuming,	it	

can	usually	only	be	undertaken	on	a	 limited	number	of	 trees	 (subsample).	The	height	of	

non-measured	trees	is	often	based	on	predictions	obtained	using	a	model	estimated	from	

the	 subsample	 of	 heights.	 The	 most	 common	 model	 is	 a	 height	 curve,	 indicating	 the	

relationship	between	tree	height	and	DBH	(called	height–DBH	function)	[46].	To	generate	

the	 species-specific	 height–DBH	 function	 the	 measured	 trees	 were	 classified	 into	 three	

groups	according	to	their	species.	Using	the	height–DBH	function,	 the	heights	of	all	 trees	

were	estimated	per	plot.	To	obtain	the	aboveground	tree	biomass	of	each	plot,	the	volume	

of	 the	 trees	 was	 estimated	 as	 a	 function	 of	 the	 DBH	 and	 tree	 height.	 AGB	 was	 finally	

calculated	as	function	of	tree	volume	(V)	in	m3,	wood	density	(WD)	in	kg	m-3and	a	unit	less	

biomass	expansion	factor	(BEF)	as	described	in	literature	according	to	[47]:	

BEFWDVAGB ××= 		 	 	 	 	 	 	 	 (1)	

We	used	 values	 of	 460,	 400,	 400	 (kg	m-3)	 for	 the	WD	 of	 larch,	 Swiss	 stone	 pine	 and	

Norway	 spruce	 [5],	 [6].	 For	 BEF	 we	 used	 a	 value	 of	 1.61	 for	 the	 whole	 study	 area	 as	

suggested	by	[48].	Tree	AGB	was	then	summed	up	to	estimate	the	AGB	of	 the	respective	

plot.	
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2.2.3 APEX	imaging	spectrometer	data	

The	Airborne	Prism	Experiment	(APEX)	is	an	airborne	dispersive	pushbroom	imaging	

spectrometer	[49].	Table	2.	1	presents	an	overview	of	APEX	instrument	characteristics	for	

the	SNP	data	acquisitions.	
Table	2.	1	

APEX	instrument	characteristics	the	SNP	data	acquisition.	

	 Spectral	Performance	
	 VNIR	 SWIR	

Spectral	range	 375–983	nm	 991–2500	nm	

Spectral	bands	(unbinned	configuration)	 335	 198	
Spectral	bands	(binned	configuration)	
after	removal	of	noisy	bands	 110	 175	

Spectral	sampling	interval	 0.45–7.5	nm	 5–10	nm	
Spectral	resolution	(FWHM)	 0.7–9.7	nm	 6.2–12	nm	

	 Spatial	Performance	
Spatial	pixels	(across	track)	 1000	

Field	of	view	(FOV)	 28°	
Instantaneous	field	of	view	(IFOV)	 0.028°	

Spatial	sampling	interval	(across	track)	 1.5-2.4	m	(depending	on	surface	height)	
	

The	entire	SNP	was	recorded	with	APEX	at	a	flight	height	of	6500	m	a.s.l.,	resulting	in	2	

m	 average	 pixel	 size,	 under	 cloud	 free	 conditions	 on	 26	 June	 2010	 between	 9:30	 am	 -	

11:30	am	UTC.	The	sun	zenith	angle	varied	between	31.8°	and	28.1°	and	the	sun	azimuth	

angle	 between	 127.5°	 and	 1391.1°.	 Image	 acquisition	 started	 two	 hours	 prior	 to	 solar	

noon	and	concluded	at	solar	noon.	Four	adjacent	APEX	flight	lines	(FL)	were	used	in	this	

study.	The	data	sets	were	geometrically	corrected	using	a	parametric	geocoding	approach	

(PARGE)	[50].	An	evaluation	of	the	resulting	geometric	accuracy	using	15	ground	control	

points	revealed	a	total	uncertainty	of	3.2	m	±	1.4	m,	corresponding	to	a	total	pixel	shift	of	

1.3-1.9	pixels	±	0.5-0.8	pixel.	Atmospheric	correction	of	the	APEX	data	sets	was	performed	

using	ATCOR-4	[51],	which	is	based	on	pre-calculated	look-up	tables	(LUT)	generated	with	

the	atmospheric	radiative	transfer	code	MODTRAN-5.	Defining	an	atmosphere	type	and	an	

aerosol	 model	 (here	 we	 assumed	 mid-latitude	 summer	 and	 a	 rural	 aerosol	 model)	 in	

combination	with	image	based	estimates	of	atmospheric	water	vapor	and	visibility	allows	

the	pixel-wise	selection	of	LUT	entries	to	compensate	for	atmospheric	effects	and	to	derive	

top-of-canopy	hemispherical	 conical	 reflectance	 factor	 (HCRF)	data	 (for	 terminology	 see	

[52]).	Spectral	reference	data	of	various	land	cover	types	were	collected	during	the	APEX	

2010	 data	 acquisition	 using	 an	 ASD	 field	 spectrometer	 (PANalytics,	 Boulder)	 for	

subsequent	 IS	 data	 validation.	 The	 radiometric	 performance	 of	 the	 APEX	 data	 sets	 was	

evaluated	 using	 three	 in-situ	 surface	 reflectance	measurements	 of	 homogeneous	 targets	
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(i.e.,	asphalt,	gravel,	grassland),	revealing	an	average	RMSE	of	15%	considering	the	entire	

wavelength	range	(data	not	shown).	Subsequent	analysis	was	based	on	mosaicked	HCRF	

data.	A	comparison	of	HCRF	values	extracted	from	sample	plots	located	in	the	overlapping	

region	of	two	adjacent	APEX	flight	lines	showed	differences	in	measured	HCRF	values.	We	

therefore	considered	HCRF	values	and	related	ground	information	of	sample	plots	located	

in	the	overlapping	region	of	two	flight	lines	as	an	independent	set	of	measurements.	This	

assumption	increased	the	number	of	grassland	reference	plots	from	51	to	84	and	from	35	

to	63	for	the	forest.	

2.3 Methods	

2.3.1 Vegetation	Indices	

The	 Vegetation	 indices	 (VIs)	 are	 widely	 used	 to	 estimate	 biophysical	 vegetation	

properties,	i.e.,	biomass	[32],	[33],	[53],	[54],	LAI	[22],	[27],	[55],	canopy	closure	[56],	[57],	

or	 stand	 volume	 [58],	 [28].	 The	 Simple	 Ratio	 (SR)	 and	 the	 Normalized	 Difference	

Vegetation	 Index	 (NDVI)	 are	 among	 the	 most	 common	 VIs	 to	 estimate	 biophysical	

properties	of	vegetation	[28],	[29],	[59].	The	concepts	of	SR	and	NDVI	indices	are	usually	

based	on	the	contrast	between	two	spectral	bands.	Traditional	SR	and	NDVI	are	computed	

to	take	advantage	of	strong	chlorophyll	absorption	in	the	red	region	and	strong	reflectance	

in	 the	 near-infrared	 region	 because	 of	 internal	 mesophyll	 structure	 of	 healthy	 green	

leaves.	 In	our	study	we	used	the	 following	general	mathematical	descriptions	of	spectral	

ratio	[see	(2])	and	normalized	difference	[see	(3)]	to	generate	VIs:	

SR	=	ρ1	/	ρ2	 	 	 	 	 	 	 	 	 (2)	

NDVI	=	(ρ1-ρ2)	/	(ρ1+ρ2)	 	 	 	 	 	 	 (3)	

where	ρ1	and	ρ2	are	reflectance	values	at	distinct	wavelengths.		

While	at	the	cost	of	physical	explanation	and	subject	to	potential	pseudo-correlations,	

several	 studies	 have	 shown	 that	 instead	of	 the	 traditional	 red	 –	NIR	band	 combinations	

new	combinations	of	two	narrow	bands	over	the	entire	wavelength	range	from	350–2500	

nm	can	enhance	the	estimation	power	of	VIs	[28].	By	eliminating	spectral	bands	located	in	

the	water	vapor	absorption	regions	at	1335	nm	to	1490	nm	and	at	1780	nm	to	1990	nm	

from	our	analysis,	193	APEX	bands	were	used	to	compute	narrow-band	VIs	(both	SR	and	

NDVI)	 for	 all	 possible	 combinations	 (37,249	 different	 combinations).	 The	 subsequent	

identification	 of	 suitable	 VIs	 that	 can	 effectively	 predict	 biomass	 is	 a	 critical	 step.	 A	

common	approach	to	distinguish	the	best	narrow-band	VIs	is	based	on	the	calculation	of	a	

linear	 regression	 between	 each	 band	 combination	 and	 vegetation	 biomass,	 and	 a	
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subsequent	 selection	of	band	 combinations	with	 the	highest	predictive	power	 regarding	

the	 target	 variable	 (i.e.,	 biomass)	 [45],	 [2],	 [59].	 The	 selection	 of	 VIs	 based	 on	 this	

approach	 typically	 considers	 different	 criteria:	 i)	 statistical	 measures,	 e.g.,	 R2	 or	 RMSE	

describing	 the	 correlation	 between	 target	 variable	 and	 VIs	 must	 be	 above	 or	 below	 a	

certain	threshold	(here	we	used	a	R2	threshold	of	0.3	with	a	confidence	level	of	95%);	ii)	

band	combinations	identified	must	be	in	plausible	wavelength	ranges	to	enable	causality;	

iii)	 bands	 incorporated	 in	 calculating	 VIs	 must	 exceed	 a	 minimum	 spectral	 distance	 to	

avoid	 multi-collinearity	 (here	 we	 defined	 a	 minimum	 spectral	 distance	 of	 10	 nm	 to	

account	 for	 the	maximum	spectral	 sampling	 interval	of	APEX	 in	 the	SWIR);	 iv)	 the	band	

combinations	 must	 be	 in	 a	 “hot-spot	 area”	 (spectral	 range)	 showing	 a	 pattern	 of	 high	

correlation,	which	helps	to	avoid	selecting	single	(random)	band	combinations	with	high	

R2	 in	 the	2D	correlogram.	The	set	of	 identified	VIs	was	 then	 incorporated	 in	subsequent	

statistical	analysis	(see	next	section).	

2.3.2 Regression	Analysis	

Empirical	 models	 are	 efficient	 tools	 to	 relate	 in-situ	 and	 remote	 sensing	 data	 [55].	

Regression	 analysis	 is	 commonly	 applied	 to	 derive	 relationships	 between	 a	 dependent	

variable	 that	 is	 complex	 or	 expensive	 to	 measure	 and	 an	 independent	 variable	 or	

predictor,	which	is	relatively	easy	to	measure	[55].	

Such	empirical	approaches	rely	on	rigorous	data	quality	since	measurement	errors	can	

determine	artificial	relationships.	We	hence	applied	a	standard	deviation	outlier	 labeling	

method,	 i.e.,	 the	 3SD	 method	 [60]	 to	 identify	 sample	 plots	 with	 exceptional	 values	

compared	 to	 the	 other	 sample	 plots	 and	 to	 exclude	 them	 from	 further	 analysis.	 The	

applied	method	labeled	two	grassland	plots	as	outliers.	Since	normal	data	distribution	 is	

another	requirement	 in	regression	analysis,	we	applied	 the	Shapiro-Wilk	 test	 (p	>	0.05),	

developed	 to	 analyze	 small	 sample	 sizes	 (≤	 50	 observations),	 to	 test	 our	 field	 data	 for	

normality	 [45].	The	Shapiro-Wilk	 test	 revealed	 that	both	grassland	AGB	(W	=	0.961,	p	=	

0.105)	 and	 forest	 AGB	 (W	 =	 0.972,	 p	 =	 0.509)	 were	 normally	 distributed.	 To	 reduce	

uncertainty	related	to	spatial	mis-registration	of	the	IS	data	set,	average	reflectance	values	

of	grassland	from	IS	data	were	extracted	for	each	field	plot	using	a	2x2	pixels	window.	The	

window	size	for	forest	plots	was	set	to	15x15	pixels.		

A	linear	regression	analysis	using	the	APEX	HCRF	data	and	in-situ	measured	AGB	values	

was	performed	to	predict	 the	relationships	between	AGB	as	 the	dependent	variable,	and	

the	set	of	 identified	VIs	as	 the	 independent	variables	(i.e.,	potential	narrow-band	SR	and	

NDVI	types,	which	were	selected	based	on	the	criteria	presented	in	the	previous	section).	
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We	applied	a	stepwise	 linear	regression	method	to	select	significant	variables	[61]	using	

the	 SPSS	 20.0	 statistical	 package	 (IBM	 Crop.	 2011).	 The	 probability	 of	 F	 was	 used	 as	 a	

criterion	 to	 include	 (F	 <	 0.05)	 or	 to	 remove	 (F	 >	 0.10)	 an	 independent	 variable	 in	 the	

stepwise	 multiple	 linear	 regression	 [62].	 The	 statistical	 parameters	 R2,	 RMSE,	 variance	

inflation	factor	(VIF)	and	model	simplicity	were	used	to	select	the	best-fitting	model	[63].	

The	VIF	indicates	multicollinearity	among	variables	and	potential	overfitting	of	the	model	

[64],	 [65].	 It	 is	 commonly	 accepted	 that	 a	 VIF	 value	 above	 10	 is	 indicative	 of	

multicollinearity	[66],	[63].	For	both	grassland	and	forest	approximately	70%	of	all	sample	

data	 (i.e.,	 54	 plots	 of	 grassland	 and	 45	 plots	 of	 forest)	 were	 randomly	 assigned	 to	 the	

calibration	 data	 set,	 and	 30%	 (i.e.,	 26	 plots	 of	 grassland	 and	 18	 plots	 of	 forest)	 to	 the	

validation	data	set	[34].		

2.3.3 AGB	mapping:	discrete	approach	

The	best	calibration	model	suggested	after	the	statistical	analysis	was	applied	to	APEX	

IS	data	to	predict	grassland	and	forest	AGB	separately	on	a	per-pixel	basis.	Typically,	the	

selected	model	 is	 inverted	 to	 generate	 the	 AGB	map	 over	 large	 areas	 of	 corresponding	

land-cover	types	(i.e.,	grassland,	forest).	Boolean	logic	was	applied	to	classify	predominant	

land-cover	types	in	discrete	classes.	Since	there	were	no	reference	data	for	all	land-cover	

types,	a	narrow-band	NDVI	(using	spectral	bands	at	665	nm	and	831	nm)	in	combination	

with	 thresholds	 was	 applied	 to	 separate	 grassland,	 forested	 areas,	 and	 non-vegetated	

areas	 (snow	 and	 soil/rock)	 [29].	 The	 thresholds,	 i.e.,	 defining	 minimum	 and	 maximum	

NDVI	 value	 per	 class,	 were	 empirically	 obtained	 considering	 the	 class	 affiliation	 of	 our	

reference	 plots.	 Because	 forest	 and	 grassland	 NDVI	 thresholds	 overlapped	 slightly	with	

increasing	 heterogeneity	 (i.e.,	 in	 the	 tree	 line	 region),	 the	 forest	 boundary	 map	 was	

manually	updated	by	visual	interpretation	of	a	digital	aerial	photograph	acquired	in	2006	

with	 20	 cm	 spatial	 resolution.	 As	 a	 result,	 individual	 masks	 for	 non-vegetated	 areas,	

grassland	and	forest,	were	created.	The	masks	were	used	to	delineate	the	three	classes	in	

the	APEX	data	sets.	Forest	and	grassland	calibration	models	were	then	inverted	class	wise	

to	predict	AGB	from	APEX	data,	resulting	in	two	individual	discrete	AGB	maps	of	grassland	

and	forested	areas.	

2.3.4 AGB	mapping:	CF	mapping	approach	

A	CF	map	 representing	AGB	was	 calculated	 as	 function	 of	 sub-pixel	 vegetation	 cover	

and	 the	 thematic	 AGB	 maps	 of	 predominant	 land	 cover	 types	 (LCT).	 A	 linear	 spectral	

mixture	(LSM)	model	was	applied	to	generate	abundance	maps	of	predominant	LCT	in	the	
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study	area	(i.e.,	forest,	grassland,	soil/rock	and	snow),	while	the	selection	of	these	LCT	was	

justified	by	field	surveys.	The	LSM	approach	assumes	that	the	reflectance	signal	of	a	given	

pixel	 can	 be	 approximated	 as	 a	 linear	 combination	 of	 pure	 spectra,	 called	 endmembers,	

representative	 for	 existing	 LCT’s	 within	 the	 pixel	 [67],	 [68].	 Endmember	 spectra	 were	

selected	 from	 the	 image	 considering	 aerial	 photography	 and	 field	 knowledge	 to	 identify	

areas	 purely	 representing	 one	 surface	 type.	 To	 minimize	 uncertainties	 in	 resulting	

abundance	estimates	caused	by	the	omission	of	surface	heterogeneity,	we	selected	several	

pixels	 in	 a	 closer	 area	 and	 calculated	 the	 endmember	 spectra	 as	 an	 average	 of	 these	

spectra.	Abundances	of	all	endmembers	were	estimated	using	a	constraint	LSM	approach,	

summing	the	individual	endmember	abundances	to	unity	while	allowing	abundances	to	lie	

below	0	or	above	1	[36],	[69].	Kneubühler	et	al.	[36]	demonstrated	that	the	combination	of	

quantitative	 ecosystem	 parameters	 (i.e.,	 forest	 and	 grassland	 AGB)	 and	 LCT	 abundance	

information	 is	 the	 key	 input	 to	 generate	 CF	 maps	 (Fig.	 2.	 2).	 Three	 critical	 steps	 were	

performed	 before	 combining	 all	 input	 data.	 Firstly,	 the	 LCT	 abundance	 values	 were	

rescaled	 between	 0	 and	 1.	 Secondly,	 the	 grassland	 and	 forest	 AGB	 thematic	maps	were	

generated	by	employing	the	respective	calibration	models	and	APEX	IS	data	sets.	Thirdly,	

the	rescaled	LCT	abundance	maps	were	multiplied	with	the	corresponding	thematic	AGB	

maps	 separately.	 It	 is	 obvious	 that	 thematic	AGB	values	 for	 snow	and	 soil/rock	LCT	are	

equal	 to	zero.	The	 final	 integration	of	 the	 individual	AGB	maps	 into	a	 combined	product	

resulted	in	a	map	of	CF	values	of	AGB	[36].	The	workflow	of	the	methodology	to	generate	

both	discrete	and	CF	maps	of	AGB	in	the	study	area	is	presented	in	Fig.	2.	2.	
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Fig.	2.	2.	Flowchart	illustrating	the	approach	to	generate	discrete	and	continuous	field	AGB	maps.	

2.3.5 Validation	

The	 validation	 of	 resulting	 AGB	maps	 of	 both	 the	 discrete	 and	 the	 CF	 approach	was	

performed	on	an	independent	validation	dataset	(i.e.,	26	plots	for	grassland	and	18	plots	

for	forest).	Forest	AGB	was	measured	in	a	small	valley	of	the	SNP	called	Val	Trupchun.	For	

the	validation	of	grassland	AGB,	we	consequently	selected	only	those	grass	validation	plots	

that	are	located	in	the	Val	Trupchun	area	of	the	SNP	(n=13).	The	accuracy	of	the	generated	

maps	was	quantified	using	 the	root	mean	square	error	 (RMSE)	and	mean	relative	RMSE	

(rRMSE	[%])	according	to	[70]–[73].		
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where	 ŷi	 is	 the	 estimated	 biomass,	 yi	 is	 the	 measured	 biomass,	 n	 is	 the	 number	 of	

observations	and	 y 	is	the	mean	of	the	observed	biomass.	Because	of	the	limited	number	
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of	reference	plots,	we	applied	a	leave-one-out	cross	validation	(LOOCV)	according	to	[14]	

providing	an	unbiased	estimation	of	the	prediction	error	[18].		

2.4 Results	

2.4.1 In-situ	AGB	measurements	

Total	 AGB	 obtained	 from	 field	measurements	 ranged	 from	 56	 t.ha-1	 to	 521	 t.ha-1	 for	

forest	and	0.2	 t.ha-1	 to	8.62	 t.ha-1	 for	grassland	(Table	2.	2).	These	value	ranges	represent	

almost	 the	 full	 range	 of	 AGB	 values	 reported	 elsewhere	 for	 alpine	 areas	 [74],	 [75].	 The	

mean	 AGB	 for	 grassland	 was	 3.43	 t.ha-1	 and	 corresponds	 to	 results	 reported	 in	 other	

grassland	studies	[74],	[76].	For	forest,	we	observed	a	mean	AGB	of	294	t.ha-1,	which	is	in	

agreement	with	 results	 reported	 in	 the	 Swiss	National	 Forest	 Inventory	 [75].	 Grassland	

AGB	showed	a	larger	variability	than	forest	AGB	(Table	2.	2).	This	can	be	attributed	to	the	

distribution	of	grass	plots	over	the	entire	SNP	area,	while	forest	plots	were	located	only	in	

the	Trupchun	Valley,a	small	part	of	the	SNP.	
Table	2.	2	

Statistical	overview	of	AGB	for	grassland	and	forest	in	the	SNP	obtained	from	field	measurements	(n	=	number	

of	field	plots,	SD	=	standard	deviation,	CV	=	coefficient	of	variation).	

	

In-situ	measured	AGB	for	 forest	and	grassland	as	used	 for	model	calibration	and	data	

validation	are	shown	in	Table	2.	3.		
Table	2.	3	

Descriptive	statistics	of	grassland	and	forest	AGB	model	calibration	and	validation	plots	(SD	=	standard	

deviation,	n	=	number	of	observations).	

Category	 Calibration	(n=54)	 	 Validation	(n=26)	
Grasslanda	
[t.ha-1]	

Mean	 Max	 Min	 SD	 	 Mean	 Max	 Min	 SD	
3.5	 8.6	 0.2	 2	 	 3.5	 8.6	 0.6	 2.2	

Forest	
[t.ha-1]	

Calibration	(n=45)	 	 Validation	(n=18)	
Mean	 Max	 Min	 SD	 	 Mean	 Max	 Min	 SD	
292	 521	 56	 125	 	 281	 490	 62	 122	

a	Four	outlier	plots	(with	considering	the	overlapping	issue)	were	eliminated.		

2.4.2 Empirical	model	to	derive	grassland	AGB	

We	 applied	 an	 empirical	 approach	 to	 derive	 grassland	 AGB	 from	 APEX	 IS	 data	 and	

tested	 all	 possible	 two-band	 combinations	 of	 SR	 and	 NDVI	 type	 VIs.	 The	 individual	

performances	 of	 the	 VIs	 were	 visualized	 in	 2D	 correlation	 plots	 (correlograms).	

Correlograms	 represent	 the	 coefficients	 of	 determination	 (R2)	 of	 individual	 linear	

Vegetation	type	 Mean		
[t.ha-1]	 Minimum	[t.ha-1]	 Maximum	[t.ha-1]	 SD		

[t.ha-1]	 CV	[%]	

Grassland	(n	=	49)	 3.43	 0.20	 8.62	 2.06	 60	
Forest	(n	=	35)	 294	 56	 521	 121	 41	
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regression	models	relating	APEX	derived	VIs	and	in-situ	measured	grassland	AGB	(Fig.	2.	

3).	

	
Fig.	2.	3.	Correlograms	showing	the	coefficient	of	determination	(R2)	between	simple	ratio	(SR)	(a)	and	NDVI	

type	(b)	VIs	 for	all	 two-band	combinations	and	grassland	AGB.	For	NDVI	type	VIs	the	matrix	 is	symmetrical,	

hence	 the	 combinations	 below	 the	 diagonal	 line	 are	 shown	 only.	 For	 SR	 type	 VIs	 the	 matrix	 is	 non-

symmetrical,	especially	in	the	NIR	region.	Therefore,	the	whole	matrix	is	presented.	

Based	on	the	correlograms,	we	identified	potential	band	combinations	and	wavelength	

regions	 showing	 high	 sensitivity	 to	 variations	 of	 grassland	 AGB.	 Sensitive	 band	

combinations	are	located	in	i)	the	visible	(VIS)	in	combination	with	the	red-edge	spectral	

region,	 ii)	 the	 red-edge	 in	 combination	 with	 the	 near-infrared	 (NIR)	 and	 shortwave	

infrared	 (SWIR),	 and	 iii)	 the	NIR	 in	 combination	with	 the	NIR	or	 the	 SWIR.	Because	 the	

NDVI	can	be	considered	as	a	linear	combination	of	the	SR,	both	NDVI	and	SR	show	similar	

patterns	for	grassland	AGB.	Identified	wavelength	regions	are	in	agreement	with	previous	

studies	suggesting	optimal	combinations	 in	 the	red-edge	region	 [30],	 [77],	 [54],	 the	NIR,	

and	the	SWIR	spectral	region	[22],	[2],	[78].	

The	 selection	 of	 the	 most	 sensitive	 VIs	 as	 input	 for	 the	 stepwise	 multiple	 linear	

regression	analysis	considered	a	set	of	selection	criteria	(Section	III.A)	and	resulted	in	62	

candidates	for	the	SR	and	160	candidates	for	the	NDVI.	Table	2.	4	shows	that	the	stepwise	

regression	analysis	has	selected	five	different	models.	However,	four	models	(i.e.,	model	2,	

model	3,	model	4,	and	model	5)	have	not	 fulfilled	the	statistical	collinearity	requirement	

with	VIF	values	greater	than	10	[63].	This	indicates	that	the	stepwise	multiple	regression	

did	not	improve	the	model	performance.	
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Table	2.	4	

Selected	models	for	grassland	AGB	estimation	based	on	stepwise	multiple	regression	analysis.	(R	=	reflectance	

at	specific	wavelength,	VIF	=	variance	inflation	factor).	

Model	 Variables	 R2	 RMSE	[t.ha-1]	 VIF	
1	 SR	(R1689/R851)	 0.38	 1.49	 1.00	

2	 SR	(R1689/R851)	
NDVI	(R741,	R2260)	 0.45	 1.49	 46.52	

46.52	

3	
SR	(R1689/R851)	
NDVI	(R741,	R2260)	
NDVI	(R1199,	R2232)	

0.51	 1.41	
68.38	
173.27	
45.47	

4	

SR	(R1689/R851)	
NDVI	(R741,	R2260)	
NDVI	(R1199,	R2232)	
NDVI	(R888,	R895)	

0.55	 1.36	

77.38	
173.32	
49.85	
1.98	

5	

SR	(R1689/R851)	
NDVI	(R741,	R2260)	
NDVI	(R1199,	R2232)	
NDVI	(R888,	R895)	
SR	(R1762/R1627)	

0.60	 1.28	

78.17	
177.96	
75.75	
3.25	
8.26	

	

Table	2.	5	summarizes	the	results	of	the	simple	regression	analysis	and	provides	a	set	of	

quality	 criteria	 (i.e.,	 R2,	 RMSE,	 VIF	 and	model	 simplicity)	 for	 identifying	 the	 best	 global	

model	 (considering	all	plots	distributed	 in	all	 flight	 lines	 (FL)).	For	estimating	grassland	

AGB,	 the	 best	model	 is	 a	 SR	 type	 VI	 and	 includes	 a	water	 absorption	 band	 in	 the	 SWIR	

(1689	nm)	and	a	 spectral	band	 from	 the	NIR	 (851	nm),	 showing	a	negative	 relationship	

between	the	SR	and	AGB.	Furthermore,	 the	 identified	VI	was	calibrated	for	all	 individual	

FL	to	provide	FL-specific	calibration	models	for	subsequent	uncertainty	assessments	(Fig.	

2.	4).	All	calibration	models	were	statistically	significant	(p-value	<0.001).	Some	FL-specific	

calibration	 models	 (FL4,	 FL6)	 showed	 an	 improved	 model	 fit	 compared	 to	 the	 global	

model.		
Table	2.	5	

Best	 performing	 calibration	 models	 to	 estimate	 grassland	 AGB	 based	 on	 a	 simple	 ratio	 (SR)	 narrow-band	

combination	using	spectral	bands	at	1689	nm	and	851	nm	(Y:	AGB		[t.ha-1],	x:	SR,	n	=	number	of	observations,	

global=	all	plots,	FL	4	=	flight	line	4,	FL	5	=	flight	line	5,	FL	6	=	flight	line	6,	FL7	=	flight	line	7).	

Site	 n	 Calibration	model	 R2	 RMSE	[t.ha-1]	

Global	 54	 Y	=	-6.18x	+	8.28	 0.38	 1.49	
FL4	 6	 Y=	-7.82x	+	10.65	 0.60	 1.49	

FL5	 17	 Y	=-6.86x	+	8.84	 0.41	 1.63	

FL6	 18	 Y	=	-6.69x	+	8.82	 0.46	 1.38	

FL7	 13	 Y	=	-6.98x	+	8.13	 0.32	 1.28	
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Fig.	 2.	 4.	 Relationship	 between	 the	 selected	 narrow-band	 Simple	 ratio	 and	measured	 grassland	AGB	 for	 all	

plots	(global	model	as	black	line)	and	each	flight	line	(colored	lines).	Statistics	of	regression	lines	are	given	in	

Table	2.	5.	(FL	4	=	flight	line	4,	FL	5	=	flight	line	5,	FL	6	=	flight	line	6,	FL7	=	flight	line	7,	R	=	reflectance	at	1689	

and	851	nm).	

2.4.3 Empirical	model	to	derive	Forest	AGB	

Similar	 to	 the	 approach	 applied	 for	 grassland	 AGB	 estimates,	 we	 derived	 regression	

models	 to	 estimate	 forest	 AGB	 from	 APEX	 IS	 data.	 Fig.	 2.	 5	 illustrates	 the	 relationships	

between	 forest	 AGB	 and	 all	 possible	 two-band	 combinations	 for	 SR	 and	 NDVI	 type	 VIs.	

Again,	the	sensitivity	pattern	for	both	VI	types	was	similar.	The	wavelength	regions	with	

highest	 R2	 between	 VI	 and	 forest	 AGB	 are	 located	 in	 i)	 the	 red-edge	 and	 the	 NIR	 in	

combination	with	the	VIS,	ii)	the	red-edge	and	NIR	in	combination	with	the	SWIR,	and	iii)	

the	SWIR	in	combination	with	the	SWIR	or	the	VIS.		
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Fig.	2.	5.	Correlograms	showing	the	coefficient	of	determination	(R2)	between	simple	ratio	(SR)	(a)	and	NDVI	

type	(b)	VIs	for	all	two-band	combinations	and	forest	AGB.	For	NDVI	type	VIs	the	matrix	is	symmetrical,	hence	

the	 combinations	 below	 the	 diagonal	 line	 are	 shown	 only.	 For	 SR	 type	 VIs	 the	 matrix	 is	 non-symmetrical,	

especially	in	the	1600-2000	nm	region.	Therefore	the	whole	matrix	is	presented.	

The	selection	of	 the	most	sensitive	regression	model	 followed	 the	same	procedure	as	

described	 for	 grassland	 AGB.	 25	 candidates	 for	 the	 SR	 and	 35	 candidates	 for	 the	 NDVI	

were	 used	 to	 estimate	 forest	 AGB	 using	 stepwise	 multiple	 regression	 analysis.	 Three	

different	models	were	selected	(Table	2.	6),	while	the	VIF	value	is	relatively	high	(VIF	>	10)	

for	model	2	and	model	3.	Consequently,	the	stepwise	multiple	regression	did	not	reveal	an	

improved	model	performance.	

	
Table	2.	6	

Selected	models	for	forest	AGB	estimation	based	on	stepwise	multiple	regression	analysis.	(R	=	reflectance	at	

specific	wavelength,	VIF	=	variance	inflation	factor).	

Model	 Variables	 R2	 RMSE	[t.ha-1]	 VIF	
1	 SR	(R1498/R2112)	 0.45	 97.28	 1.00	

2	 SR	(R1498/R2112)	
SR	(R1698/R1636)	 0.50	 87.71	 12.52	

12.52	

3	
SR	(R1498/R2112)		
	SR	(R1698/R1636)	
SR	(R2286/R2169)	

0.55	 83.44	
12.46	
4.97	
21.06	

	

The	best	simple	regression	models	to	estimate	forest	AGB	for	all	plots	and	FLs	(global	

model)	 and	 for	 the	 individual	 FLs	 are	 shown	 in	 Table	 2.	 7.	 All	 calibration	 models	 were	

statistically	 significant	 (p-value	 <0.001).	 Only	 the	 individual	 calibration	 model	 for	 FL5	

showed	a	higher	performance	to	estimate	forest	AGB	compared	to	the	global	model.	
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Table	2.	7	

Best	performing	calibration	models	to	estimate	forest	AGB	based	on	a	SR	narrow-band	combination	using	

spectral	bands	at	1498	nm	and	2112	nm	(Y:	AGB		[t.ha-1],	x:	SR,	n	=	number	of	observations,	global	=	all	plots,	

FL	5	=	flight	line	5,	FL	6	=	flight	line	6,	FL7	=	flight	line	7).	

Site	 n	 Calibration	model	 R2	 RMSE	[t.ha-1]	

Global	 45	 Y	=	693.61x	-	901.53	 0.45	 97.28	
FL5	 9	 Y	=	889.73x	-	1199.6	 0.72	 73.45	
FL6	 25	 Y	=	952.12x	-	1343.9	 0.43	 100.23	
FL7	 11	 Y	=	617.88x	-	787.55	 0.34	 110.11	
	

The	 final	 calibration	model	 for	 estimating	 forest	 AGB	 is	 a	 SR	 type	 VI	 employing	 the	

spectral	bands	at	1498	nm	and	2112	nm	and	 showing	a	positive	 correlation	with	 forest	

AGB	(Fig.	2.	6).	 It	 is	 important	 to	note	 that	 the	 linear	relationship	 is	strongly	affected	by	

two	 sample	 plots	 located	 in	 FL7	with	moderate	 AGB	 (around	 250	 t.ha-1)	 but	 relatively	

high	SR	values.	For	both	grassland	and	forest	AGB	estimations,	NDVI	type	VIs	did	not	lead	

to	improved	model	fits.	

	

	
Fig.	2.	6.	Relationship	between	narrow-band	SR	and	measured	forest	AGB	for	all	plots	(global	model	as	black	

line)	and	each	flight	line	(colored	lines).	Statistics	of	regression	lines	are	given	in	Table	2.	7..	(FL	5	=	flight	line	

5,	FL	6	=	flight	line	6,	FL7	=	flight	line	7,	R	=	reflectance	at	1498	and	2112	nm).	
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2.4.4 Fractional	abundances	of	predominant	land	cover	types	

AGB	 mapping	 using	 the	 CF	 approach	 relies	 on	 the	 accuracy	 of	 estimated	 fractional	

abundance	 maps	 of	 involved	 LCTs.	 The	 applied	 LSM	 approach	 is	 based	 on	 image	

endmembers	(Fig.	2.	7)	and	was	applied	for	each	flight	line	separately.	

	

	
Fig.	2.	7.	Image	based	endmember	spectra	extracted	from	flight	line	6.	

In	 absence	 of	 quantitative	 reference	 information,	 we	 qualitatively	 assessed	 the	

accuracy	 of	 retrieved	 abundance	 maps	 considering	 the	 grassland	 and	 forest	 reference	

plots	 (Fig.	2.	8).	As	expected,	 fractional	abundances	of	grass	are	dominant	 in	grass	plots	

(Fig.	 2.	 8-left).	 Some	 grass	 plots	 show	 a	 notable	 fraction	 of	 soil,	 likely	 caused	 by	

heterogeneity	 of	 these	 plots	 in	 terms	 of	 canopy	 closure.	 Further,	 three	 grass	 plots	were	

placed	 in	 the	vicinity	of	 forested	areas	and	show	confusion	with	 forest	abundances.	This	

demonstrates	 that	 even	 with	 reasonable	 distance	 between	 grass	 plots	 and	 forest	 (i.e.,	

more	 than	 10	m)	multiple	 scattering	 effects	 can	 determine	 interferences	 between	 grass	
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and	forest	reflectance.	Highest	forest	abundances	were	observed	in	forest	plots	(Fig.	2.	8-

right).	 The	 fractional	 amounts	 of	 snow	 and	 soil	 are	 almost	 zero,	 but	 grass	 reaches	

abundances	 above	 zero.	 This	 is	 due	 to	 the	 low	 density	 of	 the	 forest	 plots	 where	 forest	

mixes	 spatially	 with	 other	 LCT,	 mainly	 grass.	 This	 qualitative	 performance	 assessment	

provides	 evidence	 on	 the	 suitability	 of	 the	 LSM	 approach	 to	 differentiate	 fractional	

abundances	of	predominant	LCT.	

	

	
Fig.	2.	8.	Variation	of	LSM	derived	abundance	estimates	for	in-situ	reference	grassland	and	forest	plots.	Left:	
grassland	plots.	Right:	forest	plots.	

Beside	the	qualitative	assessment,	we	quantitatively	assessed	the	accuracy	of	the	LSM	

result	using	the	overall	residual	error	(RMSE)	provided	by	the	LSM	approach	[36].	Mean	

RMSE	 values	 for	 the	 individual	 LCTs	 confirmed	 the	 good	 performance	 of	 the	 LSM	

approach.	 Forested	 areas	 show	 a	 RMSE	 of	 1.17%	 reflectance	 (SD=0.6%	 reflectance),	

grassland	of	1.14%	reflectance	(SD=0.6	reflectance),	snow	of	1.07%	reflectance	(SD=0.4%	

reflectance),	and	soil/rock	of	0.92%	reflectance	(SD=0.59%	reflectance).	

2.4.5 Grassland	and	forest	AGB	maps		

Global	calibration	models	for	forest	and	grass	AGB	(Tables	Table	2.	5	and	Table	2.	7)	were	

used	 to	 generate	 a	 discrete	 pixel-based	 map	 of	 total	 AGB	 (Fig.	 2.	 9(b)).	 The	 AGB	

representation	 based	 on	 the	 CF	 mapping	 approach	 is	 shown	 in	 Fig.	 2.	 9(c).	 For	 both	

approaches,	green	colors	indicate	grassland	AGB	and	blue	to	white	colors	represent	forest	

AGB.	 The	 average	 AGB	 derived	 from	 the	 discrete	 approach	 is	 123	 t.ha-1,	 while	 the	 CF	

approach	 revealed	115	 t.ha-1.	 For	 forested	 areas	 and	grassland,	AGB	values	of	 260	 t.ha-1	

and	3.04	t.ha-1	could	be	obtained	with	the	discrete	approach	while	the	CF	approach	reveals	

AGB	values	of	234	t.ha-1	and	2.86	t.ha-1.	It	must	be	noted	that	the	distribution	of	both	forest	

and	grassland	AGB	follows	an	elevation	gradient.	Further,	the	discrete	approach	results	in	
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hard	boundaries	between	LCTs	(Fig.	2.	9(b)).	In	contrast,	the	CF	mapping	approach	better	

represents	 the	 heterogeneity	within	 and	 between	 classes	 and	 shows	 subtle	 gradients	 of	

AGB	due	to	the	usage	of	sub-pixel	information	of	respective	LCT	abundances.	

	

	
Fig.	2.	9.	Total	AGB	derived	from	APEX	IS	data	based	on	the	discrete	and	the	CF	mapping	approach.	Study	site	

represented	as	true	color	composite	(a),	the	AGB	map	based	on	the	discrete	approach	(b),	the	AGB	map	based	

on	the	CF	mapping	approach	(c),	and	the	spatial	difference	map	between	the	two	approaches	(d).	

Spatial	differences	between	the	discrete	and	the	CF	approach	are	shown	in	Fig.	2.	9(d).	

The	magnitude	 of	 differences	 follows	 a	 gradient	 pattern:	 extreme	 differences	 appear	 at	

low	elevations	and	decrease	with	increasing	elevation.	Extreme	spatial	differences	appear	

as	well	around	the	tree	line.	Further,	a	positive	correlation	between	forest	abundance	and	

spatial	differences	 could	be	observed.	Both	grass	and	soil/rock	abundance	maps	show	a	

negative	correlation	with	the	difference	map.		

The	quantitative	validation	of	APEX	derived	AGB	maps	was	based	on	a	comparison	with	

in-situ	 measured	 AGB	 values	 by	 applying	 a	 LOOCV	 approach	 that	 allows	 detecting	 and	

accounting	 for	 outliers	 [28],	 [59],	 [79].	After	 applying	 the	LOOCV,	we	 could	 identify	 one	
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field	plot	showing	exceptional	values	for	both	vegetation	land-cover	types	(i.e.,	forest	and	

grassland).	These	plots	were	excluded	from	further	validation.		

In	general,	 the	accuracy	of	estimated	AGB	is	higher	 for	grassland	compared	to	 forests	

(Table	2.	8).	The	discrete	mapping	approach	shows	a	good	agreement	of	APEX	derived	and	

in-situ	 measured	 grassland	 AGB	 with	 a	 R2	 of	 0.65,	 a	 mean	 RMSE	 of	 0.91	 t.ha-1,	 and	 a	

mrRMSE	of	26%.	The	CF	mapping	approach	results	in	an	even	higher	accuracy	with	a	R2	of	

0.94,	a	RMSE	of	0.55	t.ha-1,	and	a	mrRMSE	of	15%	(Fig.	2.	10).	For	forest	AGB,	the	discrete	

approach	predicted	forest	AGB	with	a	R2	of	0.64,	a	mean	RMSE	(mRMSE)	of	67.8	t.ha-1,	and	

a	mean	relative	RMSE	(mrRMSE)	of	25%.	The	CF	mapping	approach	again	 improved	the	

performance	with	resulting	in	a	R2	of	0.85,	a	mean	RMSE	of	55.85	t.ha-1,	and	a	mrRMSE	of	

21%	(Fig.	2.	11).		
Table	2.	8	

Performance	 of	 the	 discrete	 and	 the	 CF	 mapping	 approaches	 to	 estimate	 forest	 and	 grassland	 AGB	 (mean	

coefficient	of	determination	(R2	±	SD),	mean	root	mean	square	error	(mRMSE	±	SD),	mean	relative	root	mean	

square	error	of	prediction	(mrRMSE%	±	SD).	

Grassland	(n=12)	

Method	 R2	 mRMSE	[t.ha-1]	 mrRMSE	[%]	
Discrete	approach	 0.65	±	0.05	 0.91	±	0.05	 26	±	1.42	
CF	mapping	 0.94	±	0.03	 0.55	±	0.04	 15	±	1.04	

Forest	(n=17)	
Method	 R2	 mRMSE	[t.ha-1]	 mrRMSE	[%]	
Discrete	approach	 0.64	±	0.05		 67.80	±	2.56	 25	±	0.95	
CF	mapping	 0.85	±	0.02	 55.85	±	2.15	 21	±	0.79	
	

	
Fig.	2.	10.	Agreement	of	APEX	derived	grassland	AGB	with	in-situ	data.	AGB	based	on	the	discrete	approach	

(a)	and	the	CF	mapping	approach	(b).	Coefficient	of	determination	(R2	±	SD),	root	mean	square	error	(RMSE	±	

SD),	relative	root	mean	square	error	of	prediction	(RMSE%)	are	shown.	
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Fig.	2.	11.	Agreement	of	APEX	derived	forest	AGB	with	 in-situ	data.	AGB	based	on	the	discrete	approach	(a)	

and	the	CF	mapping	approach	(b).	Coefficient	of	determination	(R2	±	SD),	root	mean	square	error	(RMSE	±	SD),	

relative	root	mean	square	error	of	prediction	(RMSE%)	are	shown.	

The	discrete	approach	yielded	lower	accuracies	compared	to	the	CF	approach	for	both	

grassland	and	forest.	For	both	cases,	the	discrete	approach	tends	to	overestimate	low	AGB	

values,	 while	 high	 AGB	 values	 were	 underestimated	 (Fig.	 2.	 10(a)).	 The	 CF	 based	 AGB	

estimate	shows	a	slight	overestimation	for	high	grassland	AGB	values	(Fig.	2.	10(b))	but	an	

underestimation	 for	dense	 forest	 (Fig.	 2.	 11(b)).	 Further,	mean	grassland	AGB	using	 the	

discrete	and	the	CF	mapping	approach	considering	validation	data	were	3.8	±	1.06	t.ha-1,	

and	4.2	±	2.3	t.ha-1,	respectively.	Compared	with	the	mean	value	of	the	reference	data	(i.e.,	

3.75	 ±	 1.9	 t.ha-1)	 the	 CF	 mapping	 as	 well	 as	 the	 discrete	 approach	 both	 showed	 an	

overestimation	of	grassland	AGB.	Forest	mean	AGB	values	obtained	with	the	discrete	and	

the	CF	mapping	approach	considering	validation	data	were	279	±	83	t.ha-1,	and	245	±	79	

t.ha-1,	respectively.	Considering	again	the	mean	AGB	of	our	validation	data	(i.e.	269	±	114	

t.ha-1)	 the	 CF	 mapping	 approach	 shows	 underestimation	 and	 the	 discrete	 approach	 an	

overestimation	of	forest	AGB.	

2.4.6 Assessment	of	Directional	Effects	on	the	AGB	Retrieval		

A	comparison	of	HCRF	spectra	corresponding	 to	 the	same	sample	plots	but	extracted	

from	two	adjacent	APEX	flight	lines	revealed	differences	in	HRCF	values.	These	differences	

can	 be	 attributed	 to	 surface	 anisotropy	 effects	 [34],	 [80]	 and	 remaining	 topographic	

effects	 after	 the	 atmospheric	 compensation.	 To	 evaluate	 potential	 uncertainties	 in	

retrieved	AGB	maps	 due	 to	 surface	 anisotropy,	we	 investigated	AGB	differences	 along	 a	

transect	 in	 the	 overlapping	 region	 of	 two	 adjacent	 APEX	 data	 sets.	 Fig.	 2.	 12	 shows	 the	
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agreement	of	grassland	AGB	values	(extracted	 from	the	discrete	AGB	map)	derived	 from	

the	 two	 APEX	 flight	 lines	 over	 the	 same	 area.	 Corresponding	 view	 angles	 per	 target	

depend	on	the	actual	location	with	respect	to	the	sensors	field	of	view	and	range	between	

+/-	7-14°	off-nadir.	

	

	
Fig.	2.	12.	Estimated	discrete	grassland	AGB	extracted	 from	an	overlapping	region	of	APEX	 flight	 line	4	and	

flight	line	5	(a),	and	of	flight	line	5	and	flight	line	6	(b),	respectively	(FL	4	=	flight	line	4,	FL	5	=	flight	line	5,	FL	6	

=	flight	line	6).	

In	 general,	 a	 good	 agreement	 (R2	 =	 0.90)	 between	 grassland	 AGB	 values	 in	 the	

overlapping	regions	mainly	covered	with	grass	was	 found	(Fig.	2.	12(a)).	 In	areas	with	a	

higher	 abundance	 of	 trees,	 uncertainties	 between	 two	 observations	 with	 contrasting	

viewing	 angles	 increase,	 resulting	 in	 a	 R2	 of	 0.7	 (Fig.	 2.	 12(b)).	 In	 addition	 to	 more	

pronounced	 anisotropy	 effects	 in	 forested	 areas,	 the	 decrease	 of	 agreement	 can	 be	

superimposed	 by	 the	 weaker	 performance	 of	 the	 forest	 AGB	 model	 compared	 to	 the	

grassland	model.	 With	 increasing	 abundances	 of	 trees	 the	 uncertainty	 of	 the	 total	 AGB	

map	increases.	The	AGB	differences	for	grassland,	 forest,	and	total	AGB	between	the	two	

flight	 lines	 in	 the	 overlapping	 region	 are	 0.1	 t.ha-1	 (grassland),	 1.9	 t.ha-1	 (forest)	 and	2.6	

t.ha-1	(total	AGB)	for	the	discrete	approach,	and	0.3	t.ha-1	(grassland),	0.5	t.ha-1	(forest),	1.2	

t.ha-1	(total	AGB)	for	the	CF	approach,	respectively.	

2.5 Discussion	

2.5.1 Biomass	estimation	using	empirical	approaches	and	IS	data		

Empirical	 approaches	 are	 frequently	 applied	 in	 optical	 remote	 sensing	 to	 estimate	

biomass	of	vegetated	ecosystems.	The	retrieval	of	volumetric	vegetation	parameters	from	

optical	data	suffers	from	intrinsic	limitations,	e.g.,	being	not	transferable	from	one	site	to	

another	 [9],	 or	 missing	 causality	 of	 light	 interaction	 with	 vegetation	 surfaces.	With	 the	
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careful	 consideration	of	 crucial	 factors,	we	 could	partly	 compensate	 for	 these	 influential	

factors.	This	allowed	us	to	successfully	apply	an	empirical	approach	for	obtaining	AGB	of	a	

heterogeneous	 ecosystem	 and	 to	 finally	 evaluate	 the	 performance	 of	 a	 discrete	 and	

continuous	 mapping	 approach.	 AGB	 estimates	 obtained	 for	 forest	 ecosystems	 are	

comparable	 or	 even	 better	 than	 results	 reported	 elsewhere:	 A	 recent	 paper	 [14]	

summarized	 studies	 that	 use	 optical	 remote	 sensing	 for	 forest	 AGB	 estimation	 and	

reported	accuracy	ranges	 for	 the	R2	of	0.50-0.70	and	 for	 the	RMSE	of	30-60	 t.ha-1.	Other	

studies	 using	 IS	 report	 AGB	 retrieval	 accuracies	with	 a	 R2	 ranging	 between	 0.36	 –	 0.65	

[64],	[25],	[81],	[82],	[28],	[31],	[83].	As	demonstrated	in	Table	2.	8,	the	R2	obtained	by	our	

discrete	 approach	 is	 within	 reported	 accuracy	 ranges	 for	 optical	 data,	 while	 the	 CF	

mapping	approach	outperformed	 the	accuracy	of	 forest	AGB	estimates	with	a	R2	of	0.84	

and	a	relative	RMSE	of	21%.		

For	 grasslands,	 the	 performance	 of	 our	 discrete	 approach	 lies	 also	 in	 the	 accuracy	

range	indicated	in	various	studies	(e.g.,	[29],	[18],	[79],	[84]),	but	was	below	the	accuracy	

of	other	studies	using	field	spectroscopy	data	[30],	[77],	[85],	IS	data	[2],	or	multispectral	

data	[32],	[60],	[62],	[86].	Again,	the	CF	approach	yielded	better	performance	in	estimating	

grassland	 AGB	 compared	 to	 the	 discrete	 approach.	 The	 accuracy	 of	 the	 CF	 approach	

corresponds	to	the	one	reported	by	[2]	for	a	semi-natural	grassland	habitat	in	the	central	

part	of	Switzerland	(R2	=	0.86	and	relative	RMSE	=	30%).	

It	 must	 be	 acknowledged	 that	 optical	 data	 tend	 to	 saturate	 with	 higher	 amounts	 of	

biomass.	 Although	 also	 our	 approach	 tends	 to	 underestimate	 AGB,	 we	 found	 a	 good	

sensitivity	 to	 map	 biomass	 with	 optical	 data	 in	 an	 alpine	 environment.	 This	 can	 be	

explained	 by	 the	 lower	 amount	 of	 biomass	 due	 to	 harsh	 environmental	 conditions	 in	

combination	with	the	relatively	early	data	acquisition	for	such	high	alpine	test	sites,	where	

the	phenological	cycle	starts	late	in	the	year	[36].		

For	 the	grassland,	we	 found	a	band	combination	 that	 incorporates	 the	SWIR	and	NIR	

spectral	 regions	 as	most	 sensitive	 index.	 Mechanistically,	 the	 index	 contrasts	 a	 spectral	

region	affected	by	vegetation	water	content	(SWIR	band	at	1689	nm)	[87]	against	a	highly	

reflective	part	 in	 the	NIR	 (851	nm)	with	 almost	maximum	scattering	 and	no	 absorption	

dominating	 factors.	 Such	 a	 band	 combination	 has	 previously	 been	 reported	 to	 be	

applicable	 for	 estimating	 photosynthetically	 active	 and	 non-active	 vegetation,	 as	well	 as	

AGB	[88].	Other	authors	reported	similar	results	when	estimating	grassland	AGB	[2],	[78],	

[84]	 or	 grassland	 LAI	 [22],	 [59],	 [89].	 Ustin	 et	 al.	 [88],	 for	 example,	 suggest	 that	 an	

accurate	estimation	of	grassland	and	forest	AGB	requires	the	 full	spectrum	including	the	

SWIR.	In	contrast,	[18]	indicate	that	indices	using	wavelengths	in	the	SWIR	region	are	not	
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better	 than	 the	 traditional	 indices	 using	 red	 and	 NIR	 wavelengths	 for	 estimating	 fresh	

grassland	 AGB	 of	 agricultural	 crops.	 A	 possible	 explanation	 why	 we	 found	 the	 SWIR	

spectral	region	as	most	important	is	related	to	the	composition	of	our	study	area:	The	SNP	

is	a	strictly	protected	area	without	any	management.	AGB	is	consequently	a	mixture	of	dry	

plant	 material	 from	 past	 years	 (dry	 plant	 residues)	 and	 fresh	 AGB.	 Since	 dry	 plant	

materials	 show	 largest	 variability	 in	 the	 SWIR	 region	 [90],	we	 likely	 found	 the	 SWIR	 as	

highly	sensitive	for	grassland	AGB.		

As	illustrated	in	Fig.	2.	5	observed	variation	patterns	of	R2	for	forest	differ	from	patterns	

found	for	grassland.	For	the	forest	correlograms	it	is	worth	to	note	that	spectral	bands	in	

the	SWIR	part	of	the	spectrum	seem	to	be	crucial	for	the	estimation	of	forest	AGB.	These	

findings	are	in	line	with	previous	studies	reporting	optimal	band	combinations	of	NIR	and	

VIS	 [28],	 [72],	 [91],	NIR	and	SWIR	 [45],	 [19],	 [92],	 as	well	 as	SWIR	and	SWIR	 [45],	 [28],	

[93].	 Furthermore,	 high	 correlations	 between	 the	 SWIR	 region	 or	 SWIR	 band	

combinations	and	forest	AGB	using	IS	data	[81],	[28],	[31],	[25]	and	multispectral	optical	

data	 [72],	 [19],	 [92]	 have	 been	 reported	 frequently.	 The	 reflectance	 behavior	 of	 forest	

canopies	 in	 the	 SWIR	 is	 strongly	 affected	 by	 canopy	water	 content,	 canopy	 biochemical	

properties	 such	 as	 cellulose,	 lignin	 and	protein	 [94],	 and	 shadowing	 [92].	 Forest	AGB	 is	

directly	 related	 to	 these	 parameters,	 and	 as	 a	 consequence,	 indirectly	 to	 the	 SWIR	

reflectance	and	absorption	of	the	spectrum	[84].		

Irrespective	 of	 the	 used	 model,	 surface	 anisotropy	 likely	 affects	 the	 retrieval	 of	

vegetation	variables	since	surface	reflectances	vary	with	changing	observation	angles	even	

if	 data	 were	 corrected	 for	 atmospheric	 distortions.	 Reference	 plots	 used	 for	 model	

calibration	must	be	distributed	across	the	entire	view	angle	range	to	account	for	potential	

anisotropy	effects.	In	our	case,	reference	plots	did	not	span	the	entire	range	of	observation	

angles	as	the	accessibility	to	some	sites	was	limited,	causing	uncertainties	of	up	to	1-2	%.	

2.5.2 CF	vs	discrete	mapping	of	AGB	in	heterogeneous	environment			

We	 tested	 two	 approaches	 that	 allow	 representing	 environmental	 variables	 across	

various	 land	 cover	 types	 in	 a	heterogeneous	 alpine	 environment.	Results	 of	 the	discrete	

approach	for	grassland	and	forest	AGB	are	in	line	with	previous	studies	using	in-situ	field	

spectrometer	data	 and	 airborne	 IS	data	 to	 estimate	 grassland	AGB	 [29],	 [18],	 [79],	 [84].	

However,	the	discrete	approach	tends	to	overestimate	low	AGB	and	underestimates	high	

AGB	(Fig.	2.	10(a)	and	Fig.	2.	11(a)),	a	well-known	issue	called	 ‘local	bias’	[45].	The	local	

bias	effect	has	been	well	addressed	 in	previous	studies	and	was	attributed	 to	non-linear	

relationships	between	spectral	indices	and	AGB	[45],	[55],	[90],	[15],	[14].	It	has	its	origin	
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in	the	saturation	of	reflectance	data	in	dense	and	multi-layered	vegetation	canopies	with	

complex	 understory	 and	 soil	 components,	 especially	 where	 the	 forest	 canopies	 are	 not	

closed	 [45].	 The	 CF	mapping	 approach	 allows	 compensating	 for	 the	 local	 bias	 effect	 by	

isolating	the	vegetation	and	understory	components.	In	result,	estimated	AGB	values	were	

closer	to	the	1:1	line	(Fig.	2.	10(b),	and	Fig.	2.	11(b)).	However,	the	CF	approach	tends	to	

slightly	 overestimate	 grassland	 AGB	 estimates	 for	 high	 AGB	 levels	 (Fig.	 2.	 10(b)),	 likely	

caused	 by	 multiple	 scattering	 effects	 of	 trees	 in	 close	 vicinity	 of	 the	 respective	 grass	

reference	plot.	Nevertheless,	our	results	indicate	that	the	CF	mapping	approach	can	reduce	

the	 main	 source	 of	 uncertainties	 when	 grassland	 and	 forest	 AGB	 are	 estimated	 by	

incorporating	fractional	abundances	of	dominant	LCT	and	isolating	vegetation	proportion	

in	a	given	pixel.		

The	successful	implementation	of	a	CF	mapping	approach	relies	on	the	capability	of	the	

applied	spectral	mixture	analysis	to	provide	high	quality	maps	of	fractional	abundances	of	

dominant	LCT.	Our	results	show	that	with	increasing	surface	heterogeneity,	the	mixture	of	

spectral	reflectance	of	different	endmembers	is	non-linear	[95]	due	to	multiple	scattering	

between	the	involved	land-cover	types	[96].	Separating	fractional	amounts	of	present	LCT	

remains	challenging	and	determines	the	success	of	the	presented	CF	approach	over	highly	

complex	landscapes.	

2.6 Conclusion	

We	 evaluated	 the	 capability	 of	 a	 discrete	 and	 a	 continuous	 mapping	 approach	 to	

represent	 the	distribution	of	AGB	 across	 a	 heterogeneous	 alpine	 environment.	Although	

both	approaches	are	generally	capable	to	map	grassland	and	forest	AGB,	the	CF	mapping	

approach	 shows	 several	 advantages	 including	 better	 capability	 to	 incorporate	

heterogeneity	 effects	 caused	by	 changing	understory	or	 varying	 soil	 background.	 In	 this	

context,	 the	 results	 using	 linear	 spectral	 mixture	 approaches	 are	 considered	 as	 more	

helpful,	 since	 the	 CF	 mapping	 approach	 relies	 on	 accurate	 abundance	 estimates	 of	

predominant	 LCT.	 Further,	 results	 of	 this	 study	 provide	 evidence	 that	 the	 concept	 of	

continuous	 fields	 allow	 successful	 representations	 of	 ecosystem	 parameters	 in	 complex	

environments.	

Effects	 of	 surface	 anisotropy,	 topography,	 or	 time	 lags	 between	 data	 acquisitions	 are	

important	 aspects	 impacting	 the	 accuracy	of	AGB	 retrieval	 using	 IS	data	 and	need	 to	be	

further	 elaborated	 in	 the	 future.	 The	 consideration	 of	 dry	 plant	 material	 in	 spectral	

mixture	analysis	and	subsequent	AGB	retrievals	will	lead	to	further	improvements	of	AGB	

estimates,	 including	 an	 update	 of	 AGB	 semantics	 depending	 on	 ecosystem	 services	
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definition.	 Applying	 empirical	 approaches	 to	 estimate	 vegetation	 properties	 (i.e.,	

biochemical	and	biophysical	quantities)	from	remotely	sensed	data	have	some	well-known	

drawbacks:	models	are	i)	sensor	specific,	ii)	specific	to	the	dataset	used	for	calibration,	and	

iii)	rely	on	extensive	in-situ	data	[15],	[45],	[28],	[22].	However,	empirical	approaches	have	

seen	a	more	widespread	use	due	to	their	ease	of	implementation	[97],	[98].	In	our	paper	

the	main	objective	was	to	examine	the	capability	of	a	CF	mapping	approach	to	generate	an	

AGB	 map	 compared	 to	 a	 discrete	 approach	 (traditional	 approach)	 in	 a	 complex	

environment	 rather	 than	 introducing	 a	 global	 calibration	 model	 to	 estimate	 AGB.	 The	

choice	of	a	calibration	model	might	not	yet	present	 the	best	possible	solution	 in	 term	of	

transferability,	 since	 we	 used	 the	 same	 calibration	model	 to	 test	 the	 suitability	 of	 both	

approaches.	Nevertheless,	it	was	considered	sufficiently	accurate	for	our	purpose.	We	are	

aware	of	 the	 fact	 that	vegetation	biomass	estimation	 is	 challenged	by	 its	dependence	on	

phenological	 stages.	 To	 take	 into	 account	 seasonal	 variability,	 the	 multi-temporal	

acquisition	of	data	and	related	ground	truth	is	crucial.	Consequently,	the	development	of	

phenology-independent	 calibration	 models	 may	 be	 possible.	 Besides	 phenology,	 the	

development	of	species-	or	plant	functional	types-specific	calibration	models	for	biomass	

estimation	needs	consideration	as	well.	In	this	study,	we	measured	an	extensive	range	of	

biomass	 for	both	grassland	and	 forested	areas	 to	 capture	 its	 full	 variability	 in	 the	 study	

area.	However,	the	SNP	is	the	only	national	park	in	the	Alps	that	has	been	categorized	by	

IUCN	 as	 a	 strict	 nature	 reserve,	 which	 corresponds	 to	 the	 highest	 protection	 level.	 We	

were	 limited	 in	 our	 activities	 by	 legal	 limitations	 imposed	 by	 the	 park	 authorities.	 The	

possibility	to	collect	a	richer	temporal	dataset,	including	species	and	plant	functional	types	

would	provide	a	major	benefit	to	improve	the	predictive	power	of	biomass	estimations.	In	

conclusion,	further	research	is	needed	to	test	the	capability	of	the	CF	mapping	approach	to	

assess	 ecosystem	properties,	 both	 in	 combination	with	 other	 approaches	 (e.g.,	 physical-

based	approaches),	as	well	as	in	different	environments.	
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[19]	 D.	Lu,	P.	Mausel,	E.	Brondıźio,	and	E.	Moran,	 “Relationships	between	 forest	stand	
parameters	and	Landsat	TM	spectral	responses	in	the	Brazilian	Amazon	Basin,”	For.	Ecol.	
Manage.,	vol.	198,	no.	1–3,	pp.	149–167,	Aug.	2004.	

[20]	 F.	D.	Schneider,	R.	Leiterer,	F.	Morsdorf,	J.	Gastellu-etchegorry,	N.	Lauret,	N.	Pfeifer,	
and	M.	E.	 Schaepman,	 “Simulating	 imaging	 spectrometer	data:	3D	 forest	modeling	based	
on	LiDAR	and	in	situ	data,”	Remote	Sens.	Environ.,	vol.	152,	pp.	235–250,	Sep.	2014.	

[21]	 A.	Viña,	A.	A.	Gitelson,	A.	L.	Nguy-robertson,	and	Y.	Peng,	“Comparison	of	different	
vegetation	 indices	 for	 the	 remote	assessment	of	 green	 leaf	 area	 index	of	 crops,”	Remote	
Sens.	Environ.,	vol.	115,	no.	12,	pp.	3468–3478,	2011.	

[22]	 R.	Darvishzadeh,	C.	Atzberger,	A.	Skidmore,	and	M.	Schlerf,	“Mapping	grassland	leaf	
area	 index	 with	 airborne	 hyperspectral	 imagery:	 A	 comparison	 study	 of	 statistical	
approaches	 and	 inversion	 of	 radiative	 transfer	 models,”	 ISPRS	 J.	 Photogramm.	 Remote	
Sens.,	vol.	66,	no.	6,	pp.	894–906,	Nov.	2011.	



Chapter 2  

	

64	
	

[23]	 S.	 A.	 Soenen,	 D.	 R.	 Peddle,	 R.	 J.	 Hall,	 C.	 A.	 Coburn,	 and	 F.	 G.	 Hall,	 “Estimating	
aboveground	 forest	 biomass	 from	 canopy	 reflectance	 model	 inversion	 in	 mountainous	
terrain,”	Remote	Sens.	Environ.,	vol.	114,	no.	7,	pp.	1325–1337,	Jul.	2010.	

[24]	 B.	 Koch,	 “Status	 and	 future	 of	 laser	 scanning,	 synthetic	 aperture	 radar	 and	
hyperspectral	remote	sensing	data	for	forest	biomass	assessment,”	ISPRS	J.	Photogramm.	
Remote	Sens.,	vol.	65,	no.	6,	pp.	581–590,	Nov.	2010.	

[25]	 S.	M.	De	Jong,	E.	J.	Pebesma,	and	B.	Lacaze,	“Above-ground	biomass	assessment	of	
Mediterranean	forests	using	airborne	imaging	spectrometry:	the	DAIS	Peyne	experiment,”	
Int.	J.	Remote	Sens.,	vol.	24,	no.	7,	pp.	1505–1520,	Jan.	2003.	

[26]	 R.	 J.	 Hall,	 R.	 S.	 Skakun,	 E.	 J.	 Arsenault,	 and	 B.	 S.	 Case,	 “Modeling	 forest	 stand	
structure	 attributes	 using	 Landsat	 ETM+	 data:	 Application	 to	 mapping	 of	 aboveground	
biomass	and	stand	volume,”	For.	Ecol.	Manage.,	vol.	225,	no.	1–3,	pp.	378–390,	Apr.	2006.	

[27]	 G.	Lemaire,	C.	Francois,	K.	Soudani,	D.	Berveiller,	J.	Pontailler,	N.	Breda,	H.	Genet,	H.	
Davi,	 and	 E.	 Dufrene,	 “Calibration	 and	 validation	 of	 hyperspectral	 indices	 for	 the	
estimation	 of	 broadleaved	 forest	 leaf	 chlorophyll	 content,	 leaf	 mass	 per	 area,	 leaf	 area	
index	and	 leaf	 canopy	biomass,”	Remote	Sens.	Environ.,	vol.	112,	no.	10,	pp.	3846–3864,	
Oct.	2008.	

[28]	 M.	A.	 Cho	 and	A.	K.	 Skidmore,	 “Hyperspectral	 predictors	 for	monitoring	 biomass	
production	 in	 Mediterranean	 mountain	 grasslands:	 Majella	 National	 Park,	 Italy,”	 Int.	 J.	
Remote	Sens.,	vol.	30,	no.	2,	pp.	499–515,	Jan.	2009.	

[29]	 M.	Schlerf,	C.	Atzberger,	and	J.	Hill,	“Remote	sensing	of	forest	biophysical	variables	
using	HyMap	imaging	spectrometer	data,”	Remote	Sens.	Environ.,	vol.	95,	no.	2,	pp.	177–
194,	Mar.	2005.	

[30]	 O.	Mutanga	 and	A.	 K.	 Skidmore,	 “Hyperspectral	 band	 depth	 analysis	 for	 a	 better	
estimation	 of	 grass	 biomass	 (Cenchrus	 ciliaris)	 measured	 under	 controlled	 laboratory	
conditions,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	5,	no.	2,	pp.	87–96,	May	2004.	

[31]	 A.	Swatantran,	R.	Dubayah,	D.	Roberts,	M.	Hofton,	and	J.	B.	Blair,	“Mapping	biomass	
and	stress	 in	 the	Sierra	Nevada	using	 lidar	and	hyperspectral	data	 fusion,”	Remote	Sens.	
Environ.,	vol.	115,	no.	11,	pp.	2917–2930,	Nov.	2011.	

[32]	 T.	 Calvão	 and	 J.	 M.	 Palmeirim,	 “Mapping	 Mediterranean	 scrub	 with	 satellite	
imagery:	biomass	estimation	and	spectral	behaviour,”	Int.	J.	Remote	Sens.,	vol.	25,	no.	16,	
pp.	3113–3126,	Aug.	2004.	

[33]	 G.	.	Devagiri,	S.	Money,	S.	Singh,	V.	.	Dadhawal,	P.	Patil,	A.	Khaple,	A.	S.	Devakumar,	
and	 S.	 Hubballi,	 “Assessment	 of	 above	 ground	 biomass	 and	 carbon	 pool	 in	 different	
vegetation	types	of	south	western	part	of	Karnataka,	India	using	spectral	modeling,”	Trop.	
Ecol.,	vol.	54,	no.	2,	pp.	149–165,	2013.	

[34]	 M.	A.	Cho,	A.	K.	Skidmore,	F.	Corsi,	S.	E.	van	Wieren,	and	I.	Sobhan,	“Estimation	of	
green	grass/herb	biomass	from	airborne	hyperspectral	imagery	using	spectral	indices	and	



Mapping Alpine Aboveground Biomass from Imaging Spectrometer Data: a Comparison of Two Approaches 

	

65	
	

partial	least	squares	regression,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	9,	no.	4,	pp.	414–424,	
Dec.	2007.	

[35]	 D.	Rocchini,	G.	M.	 Foody,	H.	Nagendra,	 C.	Ricotta,	M.	Anand,	K.	 S.	He,	V.	Amici,	B.	
Kleinschmit,	M.	 Förster,	 S.	 Schmidtlein,	 H.	 Feilhauer,	 A.	 Ghisla,	M.	Metz,	 and	M.	 Neteler,	
“Uncertainty	in	ecosystem	mapping	by	remote	sensing,”	Comput.	Geosci.,	May	2012.	

[36]	 M.	Kneubühler,	A.	Damm,	A.	Schweiger,	A.	C.	Risch,	M.	Schütz,	and	M.	E.	Schaepman,	
“Continuous	 Fields	 From	 Imaging	 Spectrometer	Data	 for	 Ecosystem	Parameter	Mapping	
and	 Their	 Potential	 for	 Animal	 Habitat	 Assessment	 in	 Alpine	 Regions,”	 IEEE	 J.	 Sel.	 Top.	
Appl.	Earth	Obs.	Remote	Sens.,	vol.	7,	no.	6,	pp.	2600–2610,	2014.	

[37]	 R.	S.	DeFries,	C.	B.	Field,	I.	Fung,	C.	O.	Justice,	S.	Los,	P.	a.	Matson,	E.	Matthews,	H.	a.	
Mooney,	C.	S.	Potter,	K.	Prentice,	P.	J.	Sellers,	J.	R.	G.	Townshend,	C.	J.	Tucker,	S.	L.	Ustin,	and	
P.	 M.	 Vitousek,	 “Mapping	 the	 land	 surface	 for	 global	 atmosphere-biosphere	 models:	
Toward	 continuous	 distributions	 of	 vegetation’s	 functional	 properties,”	 J.	 Geophys.	 Res.,	
vol.	100,	no.	D10,	p.	20867,	1995.	

[38]	 G.	M.	Foody,	“Fuzzy	modelling	of	vegetation	from	remotely	sensed	imagery,”	Ecol.	
Modell.,	vol.	85,	no.	1,	pp.	3–12,	Feb.	1996.	

[39]	 F.	Maselli,	C.	Conese,	T.	De	Filippis,	and	S.	Norcini,	“Estimation	of	forest	parameters	
through	 fuzzy	classification	of	TM	data,”	 IEEE	Trans.	Geosci.	Remote	Sens.,	vol.	33,	no.	1,	
pp.	77–84,	1995.	

[40]	 D.	Rocchini,	“While	Boolean	sets	non-gently	rip:	A	theoretical	framework	on	fuzzy	
sets	for	mapping	landscape	patterns,”	Ecol.	Complex.,	vol.	7,	no.	1,	pp.	125–129,	Mar.	2010.	

[41]	 R.	Fernandes,	R.	Fraser,	R.	Latifovic,	J.	Cihlar,	J.	Beaubien,	and	Y.	Du,	“Approaches	to	
fractional	 land	 cover	 and	 continuous	 field	mapping:	A	 comparative	 assessment	 over	 the	
BOREAS	study	region,”	Remote	Sens.	Environ.,	vol.	89,	no.	2,	pp.	234–251,	Jan.	2004.	

[42]	 A.	 C.	 Risch,	 L.	 M.	 Nagel,	 S.	 Martin,	 B.	 O.	 KrÜsi,	 F.	 Kienast,	 and	 H.	 Bugmman,	
“Structure	 and	 Long-Term	 Development	 of	 Subalpine	 Pinus	 montana	 Miller	 and	 Pinus	
cembra	L.	Forests	 in	 the	Central	European	Alps,”	 Forstwissenschaftliches	Cent.,	 vol.	122,	
no.	4,	pp.	219–230,	2003.	

[43]	 MeteoSwiss,	 “IDAweb.	The	data	portal	of	MeteoSwiss	 for	research	and	teaching.,”	
http://www.meteoschweiz.admin.ch/web/de/services/datenportal/idaweb.html.	
accessed,	2013.	

[44]	 A.	 Leboeuf,	 A.	 Beaudoin,	 R.	 Fournier,	 L.	 Guindon,	 J.	 Luther,	 and	 M.	 Lambert,	 “A	
shadow	 fraction	 method	 for	 mapping	 biomass	 of	 northern	 boreal	 black	 spruce	 forests	
using	QuickBird	imagery,”	Remote	Sens.	Environ.,	vol.	110,	no.	4,	pp.	488–500,	Oct.	2007.	

[45]	 M.	A.	Cho,	A.	K.	Skidmore,	and	I.	Sobhan,	“Mapping	beech	(Fagus	sylvatica	L.)	forest	
structure	with	airborne	hyperspectral	imagery,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	11,	no.	
3,	pp.	201–211,	Jun.	2009.	



Chapter 2  

	

66	
	

[46]	 S.	 Huang,	 S.	 J.	 Titus,	 and	 D.	 P.	Wiens,	 “Comparison	 of	 nonlinear	 height-diameter	
functions	for	major	Alberta	tree	species,”	Can.	J.	For.	Res.,	vol.	22,	pp.	1297–1304,	1992.	

[47]	 X.	Wei,	“Biomass	Estimation:	A	Remote	Sensing	Approach,”	Geogr.	Compass,	vol.	4,	
no.	11,	pp.	1635–1647,	Nov.	2010.	

[48]	 E.	Thürig	and	S.	Schmid,	“Jährliche	CO	2	-Flüsse	im	Wald:	Berechnungsmethode	für	
das	 Treibhausgasinventar	 |	 Annual	 CO	 2	 fluxes	 in	 forests:	 calculation	 method	 for	 the	
Greenhouse	Gas	 Inventory,”	 Schweizerische	 Zeitschrift	 fur	 Forstwes.,	 vol.	 159,	 no.	 2,	 pp.	
31–38,	Feb.	2008.	

[49]	 M.	 E.	 Schaepman,	M.	 Jehle,	 A.	Hueni,	 P.	D’Odorico,	 A.	Damm,	 J.	Weyermann,	 F.	D.	
Schneider,	V.	 Laurent,	 C.	 Popp,	 F.	 C.	 Seidel,	 K.	 Lenhard,	 P.	 Gege,	 C.	 Küchler,	 J.	 Brazile,	 P.	
Kohler,	 L.	De	Vos,	K.	Meuleman,	R.	Meynart,	D.	 Schläpfer,	M.	Kneubühler,	 and	K.	 I.	 Itten,	
“Advanced	 radiometry	measurements	 and	 Earth	 science	 applications	 with	 the	 Airborne	
Prism	Experiment	(APEX,”	Remote	Sens.	Environ.,	vol.	158,	pp.	207–219,	2015.	

[50]	 D.	 Schläpfer	 and	 R.	 Richter,	 “Geo-atmospheric	 processing	 of	 airborne	 imaging	
spectrometry	data.	Part	1:	Parametric	orthorectification,”	Int.	 J.	Remote	Sens.,	vol.	23,	no.	
13,	pp.	2609–2630,	Jan.	2002.	

[51]	 R.	 Richter	 and	 D.	 Schläpfer,	 “Geo-atmospheric	 processing	 of	 airborne	 imaging	
spectrometry	data.	Part	2:	Atmospheric/topographic	correction,”	Int.	J.	Remote	Sens.,	vol.	
23,	no.	13,	pp.	2631–2649,	Jan.	2002.	

[52]	 G.	Schaepman-Strub,	M.	E.	Schaepman,	T.	H.	Painter,	S.	Dangel,	and	J.	V.	Martonchik,	
“Reflectance	quantities	 in	optical	 remote	 sensing—definitions	and	 case	 studies,”	Remote	
Sens.	Environ.,	vol.	103,	no.	1,	pp.	27–42,	Jul.	2006.	

[53]	 M.	Shen,	A.	Tang,	 J.	Klein,	P.	Zhang,	S.	Gu,	A.	Shimono,	and	 J.	Chen,	 “Estimation	of	
aboveground	biomass	using	 in	 situ	hyperspectral	measurements	 in	 five	major	 grassland	
ecosystems	on	the	Tibetan	Plateau,”	J.	Plant	Ecol.,	vol.	1,	no.	4,	pp.	247–257,	Nov.	2008.	

[54]	 P.	M.	Hansen	and	 J.	K.	 Schjoerring,	 “Reflectance	measurement	of	 canopy	biomass	
and	 nitrogen	 status	 in	 wheat	 crops	 using	 normalized	 difference	 vegetation	 indices	 and	
partial	 least	squares	regression,”	Remote	Sens.	Environ.,	vol.	86,	no.	4,	pp.	542–553,	Aug.	
2003.	

[55]	 W.	 B.	 Cohen,	 T.	 K.	 Maiersperger,	 S.	 T.	 Gower,	 and	 D.	 P.	 Turner,	 “An	 improved	
strategy	 for	 regression	 of	 biophysical	 variables	 and	 Landsat	 ETM+	 data,”	 Remote	 Sens.	
Environ.,	vol.	84,	pp.	561–571,	2003.	

[56]	 V.	Torontow	and	D.	King,	“Forest	complexity	modelling	and	mapping	with	remote	
sensing	and	topographic	data:	a	comparison	of	 three	methods,”	Can.	 J.	Remote	Sens.,	vol.	
37,	no.	4,	pp.	387–402,	2011.	

[57]	 M.	Poulain,	M.	Peña,	A.	Schmidt,	H.	Schmidt,	and	A.	Schulte,	“Relationships	between	
forest	variables	and	remote	sensing	data	in	a	Nothofagus	pumilio	forest,”	Geocarto	Int.,	vol.	
25,	no.	1,	pp.	25–43,	Feb.	2010.	



Mapping Alpine Aboveground Biomass from Imaging Spectrometer Data: a Comparison of Two Approaches 

	

67	
	

[58]	 M.	T.	Gebreslasie,	F.	B.	Ahmed,	and	J.	a.	N.	van	Aardt,	“Predicting	forest	structural	
attributes	using	ancillary	data	and	ASTER	satellite	data,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	
12,	pp.	S23–S26,	Feb.	2010.	

[59]	 R.	Darvishzadeh,	C.	Atzberger,	A.	K.	A.	Skidmore,	and	A.	A.	Abkar,	“Leaf	Area	Index	
derivation	from	hyperspectral	vegetation	indices	and	the	red	edge	position,”	Int.	J.	Remote	
Sens.,	vol.	30,	no.	23,	pp.	6199–6218,	2009.	

[60]	 Y.	 Xie,	 Z.	 Sha,	 M.	 Yu,	 Y.	 Bai,	 and	 L.	 Zhang,	 “A	 comparison	 of	 two	 models	 with	
Landsat	 data	 for	 estimating	 above	 ground	 grassland	 biomass	 in	 Inner	Mongolia,	 China,”	
Ecol.	Modell.,	vol.	220,	no.	15,	pp.	1810–1818,	Aug.	2009.	

[61]	 S.	 R.	 Freitas,	 M.	 C.	 S.	 Mello,	 and	 C.	 B.	 M.	 Cruz,	 “Relationships	 between	 forest	
structure	and	vegetation	indices	in	Atlantic	Rainforest,”	For.	Ecol.	Manage.,	vol.	218,	no.	1–
3,	pp.	353–362,	Oct.	2005.	

[62]	 S.	Ullah,	Y.	Si,	M.	Schlerf,	A.	K.	Skidmore,	M.	Shafique,	and	I.	A.	Iqbal,	“Estimation	of	
grassland	biomass	and	nitrogen	using	MERIS	data,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	19,	
pp.	196–204,	Oct.	2012.	

[63]	 S.	 Eckert,	 “Improved	 Forest	 Biomass	 and	 Carbon	 Estimations	 Using	 Texture	
Measures	from	WorldView-2	Satellite	Data,”	Remote	Sens.,	vol.	4,	no.	4,	pp.	810–829,	Mar.	
2012.	

[64]	 J.	 Anderson,	 L.	 Plourde,	M.	Martin,	 B.	 Braswell,	M.	 Smith,	 R.	Dubayah,	M.	Hofton,	
and	 J.	 Blair,	 “Integrating	 waveform	 lidar	 with	 hyperspectral	 imagery	 for	 inventory	 of	 a	
northern	 temperate	 forest,”	 Remote	 Sens.	 Environ.,	 vol.	 112,	 no.	 4,	 pp.	 1856–1870,	 Apr.	
2008.	

[65]	 L.	 Willemen,	 P.	 H.	 Verburg,	 L.	 Hein,	 and	 M.	 E.	 F.	 van	 Mensvoort,	 “Spatial	
characterization	of	landscape	functions,”	Landsc.	Urban	Plan.,	vol.	88,	no.	1,	pp.	34–43,	Oct.	
2008.	

[66]	 M.	 García,	 D.	 Riaño,	 E.	 Chuvieco,	 and	 F.	 M.	 Danson,	 “Estimating	 biomass	 carbon	
stocks	for	a	Mediterranean	forest	in	central	Spain	using	LiDAR	height	and	intensity	data,”	
Remote	Sens.	Environ.,	vol.	114,	no.	4,	pp.	816–830,	Apr.	2010.	

[67]	 J.	 B.	 Adams,	 M.	 O.	 Smith,	 and	 P.	 E.	 Johnson,	 “Spectral	 mixture	 modeling:	 A	 new	
analysis	of	rock	and	soil	types	at	the	Viking	Lander	1	Site,”	J.	Geophys.	Res.,	vol.	91,	no.	B8,	
p.	8098,	1986.	

[68]	 J.	W.	Boardman,	F.	A.	Kruse,	and	R.	O.	Green,	“Mapping	target	signatures	via	partial	
unmixing	 of	 AVIRIS	 data,”	 in	 Summaries	 of	 the	 fifth	 annual	 JPL	 airborne	 geoscience	
workshop	geoscience	workshop,	1995,	no.	23,	pp.	23–26.	

[69]	 F.	Van	Der	Meer	and	S.	M.	De	Jong,	“Improving	the	results	of	spectral	unmixing	of	
Landsat	Thematic	Mapper	imagery	by	enhancing	the	orthogonality	of	end-members,”	Int.	J.	
Remote	Sens.,	vol.	21,	no.	15,	pp.	2781–2797,	Jan.	2000.	



Chapter 2  

	

68	
	

[70]	 J.	 Heiskanen,	 “Estimating	 aboveground	 tree	 biomass	 and	 leaf	 area	 index	 in	 a	
mountain	birch	 forest	using	ASTER	satellite	data,”	 Int.	 J.	Remote	Sens.,	 vol.	27,	no.	6,	pp.	
1135–1158,	Mar.	2006.	

[71]	 A.	 Kangas	 and	 M.	 Maltamo,	 Forest	 Inventory	 Methodology	 and	 Applications.	
Springer,	2006,	p.	362.	

[72]	 H.	 Latifi,	 F.	 Fassnacht,	 and	 B.	 Koch,	 “Forest	 structure	 modeling	 with	 combined	
airborne	hyperspectral	and	LiDAR	data,”	Remote	Sens.	Environ.,	vol.	121,	pp.	10–25,	 Jun.	
2012.	

[73]	 H.	Gallaun,	G.	Zanchi,	G.-J.	Nabuurs,	G.	Hengeveld,	M.	Schardt,	and	P.	J.	Verkerk,	“EU-
wide	 maps	 of	 growing	 stock	 and	 above-ground	 biomass	 in	 forests	 based	 on	 remote	
sensing	 and	 field	 measurements,”	 For.	 Ecol.	 Manage.,	 vol.	 260,	 no.	 3,	 pp.	 252–261,	 Jun.	
2010.	

[74]	 A.	Stampfli	and	M.	Zeiter,	“Plant	species	decline	due	to	abandonment	of	meadows	
cannot	easily	be	reversed	by	mowing.	A	case	study	from	the	southern	Alps,”	J.	Veg.	Sci.,	vol.	
10,	pp.	151–164,	1999.	

[75]	 P.	Brassel	and	H.	Lischke,	“Swiss	national	forest	inventory:	methods	and	models	of	
the	second	assessment,”	WSL	Swiss	Fed.	Res.	instute,	p.	312,	2001.	

[76]	 F.	 Schläpfer,	 A.	 B.	 Pfisterer,	 and	 B.	 Schmid,	 “Non-random	 species	 extinction	 and	
plant	production:	implications	for	ecosystem	functioning,”	J.	Appl.	Ecol.,	vol.	42,	no.	1,	pp.	
13–24,	Feb.	2005.	

[77]	 O.	 Mutanga	 and	 A.	 K.	 Skidmore,	 “Narrow	 band	 vegetation	 indices	 overcome	 the	
saturation	problem	in	biomass	estimation,”	Int.	J.	Remote	Sens.,	vol.	25,	no.	19,	pp.	3999–
4014,	Oct.	2004.	

[78]	 R.	 Geerken,	 N.	 Batikha,	 D.	 Celis,	 and	 E.	 DePauw,	 “Differentiation	 of	 rangeland	
vegetation	 and	 assessment	 of	 its	 status:	 field	 investigations	 and	 MODIS	 and	 SPOT	
VEGETATION	data	analyses,”	Int.	J.	Remote	Sens.,	vol.	26,	no.	20,	pp.	4499–4526,	Oct.	2005.	

[79]	 H.	 Ren	 and	 G.	 Zhou,	 “Estimating	 senesced	 biomass	 of	 desert	 steppe	 in	 Inner	
Mongolia	 using	 field	 spectrometric	 data,”	Agric.	 For.	Meteorol.,	 vol.	 161,	 pp.	 66–71,	Aug.	
2012.	

[80]	 J.	 Weyermann,	 A.	 Damm,	 M.	 Kneubühler,	 and	 M.	 E.	 Schaepman,	 “Correction	 of	
reflectance	 anisotropy	 effects	 of	 vegetation	 on	 airborne	 spectroscopy	 data	 and	 derived	
products,”	 IEEE	Trans.	Geosci.	Remote	Sens.	Remote	Sens.,	vol.	52,	no.	 January	2014,	pp.	
616–627,	2014.	

[81]	 M.	 L.	 Clark,	 D.	 A.	 Roberts,	 J.	 J.	 Ewel,	 and	 D.	 B.	 Clark,	 “Estimation	 of	 tropical	 rain	
forest	 aboveground	 biomass	 with	 small-footprint	 lidar	 and	 hyperspectral	 sensors,”	
Remote	Sens.	Environ.,	vol.	115,	no.	11,	pp.	2931–2942,	Nov.	2011.	



Mapping Alpine Aboveground Biomass from Imaging Spectrometer Data: a Comparison of Two Approaches 

	

69	
	

[82]	 M.	 a.	 Lefsky,	 W.	 B.	 Cohen,	 and	 T.	 a.	 Spies,	 “An	 evaluation	 of	 alternate	 remote	
sensing	products	 for	 forest	 inventory,	monitoring,	 and	mapping	of	Douglas-fir	 forests	 in	
western	Oregon,”	Can.	J.	For.	Res.,	vol.	31,	no.	1,	pp.	78–87,	2001.	

[83]	 G.	Vaglio	Laurin,	Q.	Chen,	 J.	A.	Lindsell,	D.	A.	Coomes,	F.	Del	Frate,	L.	Guerriero,	F.	
Pirotti,	 and	R.	Valentini,	 “Above	 ground	biomass	 estimation	 in	 an	African	 tropical	 forest	
with	lidar	and	hyperspectral	data,”	ISPRS	J.	Photogramm.	Remote	Sens.,	vol.	89,	pp.	49–58,	
Mar.	2014.	

[84]	 I.	Numata,	D.	Roberts,	O.	Chadwick,	J.	Schimel,	L.	Galvao,	and	J.	Soares,	“Evaluation	
of	hyperspectral	data	for	pasture	estimate	in	the	Brazilian	Amazon	using	field	and	imaging	
spectrometers,”	Remote	Sens.	Environ.,	vol.	112,	no.	4,	pp.	1569–1583,	Apr.	2008.	

[85]	 J.	 Chen,	 S.	 Gu,	 M.	 Shen,	 Y.	 Tang,	 and	 B.	 Matsushita,	 “Estimating	 aboveground	
biomass	 of	 grassland	 having	 a	 high	 canopy	 cover:	 an	 exploratory	 analysis	 of	 in	 situ	
hyperspectral	data,”	Int.	J.	Remote	Sens.,	vol.	30,	no.	24,	pp.	6497–6517,	2009.	

[86]	 T.	 F.	 Porter,	 C.	 Chen,	 J.	 A.	 Long,	 R.	 L.	 Lawrence,	 and	 B.	 F.	 Sowell,	 “Estimating	
biomass	on	CRP	pastureland:	A	comparison	of	 remote	sensing	 techniques,”	Biomass	and	
Bioenergy,	Feb.	2014.	

[87]	 J.	 Verrelst,	 M.	 E.	 Schaepman,	 B.	 Koetz,	 and	 M.	 Kneubühler,	 “Angular	 sensitivity	
analysis	 of	 vegetation	 indices	 derived	 from	CHRIS/PROBA	data,”	 Remote	 Sens.	 Environ.,	
vol.	112,	no.	5,	pp.	2341–2353,	May	2008.	

[88]	 S.	L.	Ustin,	D.	a.	Roberts,	 J.	a.	Gamon,	G.	P.	Asner,	and	R.	O.	Green,	“Using	Imaging	
Spectroscopy	to	Study	Ecosystem	Processes	and	Properties,”	Bioscience,	vol.	54,	no.	6,	p.	
523,	2004.	

[89]	 K.-S.	 Lee,	 W.	 B.	 Cohen,	 R.	 E.	 Kennedy,	 T.	 K.	 Maiersperger,	 and	 S.	 T.	 Gower,	
“Hyperspectral	 versus	multispectral	 data	 for	 estimating	 leaf	 area	 index	 in	 four	 different	
biomes,”	Remote	Sens.	Environ.,	vol.	91,	no.	3–4,	pp.	508–520,	Jun.	2004.	

[90]	 G.	 P.	 Asner,	 “Biophysical	 and	 Biochemical	 Sources	 of	 Variability	 in	 Canopy	
Reflectance,”	Remote	Sens.	Environ.,	vol.	64,	no.	3,	pp.	234–253,	Jun.	1998.	

[91]	 H.	 Latifi,	 A.	 Nothdurft,	 and	 B.	 Koch,	 “Non-parametric	 prediction	 and	mapping	 of	
standing	 timber	 volume	 and	 biomass	 in	 a	 temperate	 forest:	 application	 of	 multiple	
optical/LiDAR-derived	predictors,”	Forestry,	vol.	83,	no.	4,	pp.	395–407,	Jul.	2010.	

[92]	 P.	Roy	and	S.	A.	Ravan,	“Biomass	estimation	using	satellite	remote	sensing	data	—	
An	 investigation	 on	 possible	 approaches	 for	 natural	 forest,”	 J.	 Biosci.,	 vol.	 21,	 no.	 4,	 pp.	
535–561,	1996.	

[93]	 A.	Langner,	H.	Samejima,	R.	C.	Ong,	J.	Titin,	and	K.	Kitayama,	“Integration	of	carbon	
conservation	into	sustainable	forest	management	using	high	resolution	satellite	 imagery:	
A	case	study	in	Sabah,	Malaysian	Borneo,”	Int.	J.	Appl.	Earth	Obs.	Geoinf.,	vol.	18,	pp.	305–
312,	Aug.	2012.	



Chapter 2  

	

70	
	

[94]	 R.	 F.	 Kokaly,	 G.	 P.	 Asner,	 S.	 V.	 Ollinger,	 M.	 E.	 Martin,	 and	 C.	 A.	 Wessman,	
“Characterizing	 canopy	 biochemistry	 from	 imaging	 spectroscopy	 and	 its	 application	 to	
ecosystem	studies,”	Remote	Sens.	Environ.,	vol.	113,	pp.	S78–S91,	Sep.	2009.	

[95]	 Z.	Gong,	T.	Cui,	and	H.	Gong,	“Estimating	wetland	vegetation	abundance	based	on	
spectral	mixture	analysis:	a	comparison	between	LSMA	and	FCM	classification	methods,”	
Int.	J.	Remote	Sens.,	vol.	35,	no.	1,	pp.	189–203,	Jan.	2014.	

[96]	 C.	Wessman,	 C.	 Bateson,	 and	 T.	 Benning,	 “Detecting	 fire	 and	 grazing	 patterns	 in	
tallgrass	 prairie	 using	 spectral	mixture	 analysis,”	 Ecol.	 Appl.,	 vol.	 7,	 no.	 2,	 pp.	 493–511,	
1997.	

[97]	 A.	 Viña	 and	 A.	 Gitelson,	 “Sensitivity	 to	 foliar	 anthocyanin	 content	 of	 vegetation	
indices	 using	 green	 reflectance,”	 Geosci.	 Remote	 Sens.	 Lett.,	 vol.	 8,	 no.	 3,	 pp.	 463–467,	
2011.	

[98]	 F.	E.	Fassnacht,	F.	Hartig,	H.	Latifi,	C.	Berger,	J.	Hernández,	P.	Corvalán,	and	B.	Koch,	
“Importance	of	 sample	 size	 ,	 data	 type	and	prediction	method	 for	 remote	 sensing-based	
estimations	of	aboveground	forest	biomass,”	Remote	Sens.	Environ.,	vol.	154,	pp.	102–114,	
2014.	

	

	

	

	

	

	



3 
Estimation of Alpine Forest Structural 

Variables from Imaging Spectrometer Data  

 

 
 
 
 
 
 
 
 

	

This	chapter	has	been	published	as:	

	

Fatehi,	 P.,	 Damm,	 A.,	 Schaepman,	 M.E.,	 &	 Kneubühler,	 M.	 (2015).	 Estimation	 of	 alpine	 forest	

structural	variables	from	imaging	spectrometer	data.	Remote	Sensing,	7(12),	16315-16338.	



Abstract	

Spatial	 information	 of	 forest	 structural	 variables	 is	 crucial	 for	 sustainable	 forest	

management	 planning,	 forest	 monitoring,	 and	 the	 assessment	 of	 forest	 ecosystem	

productivity.	 We	 investigate	 a	 complex	 alpine	 forest	 ecosystem	 located	 in	 the	 Swiss	

National	 Park	 (SNP)	 and	 apply	 empirical	 models	 to	 retrieve	 the	 structural	 variables	

canopy	closure,	basal	area,	and	timber	volume	at	plot	scale.	We	used	imaging	spectrometer	

(IS)	 data	 from	 the	 Airborne	 Prism	 EXperiment	 (APEX)	 in	 combination	 with	 in-situ	

measurements	 of	 forest	 structural	 variables	 to	 develop	 empirical	models.	 These	models	

are	 based	 on	 simple	 and	 stepwise	multiple	 regressions,	while	 all	 potential	 two	 narrow-

band	combinations	of	 the	Simple	Ratio	(SR),	 the	Normalized	Difference	Vegetation	Index	

(NDVI),	 the	 perpendicular	 vegetation	 index	 (PVI),	 the	 second	 soil-adjusted	 vegetation	

index	 (SAVI2),	 and	 band	 depth	 indices	 were	 tested.	 The	 accuracy	 of	 the	 estimated	

structural	 attributes	 was	 evaluated	 using	 a	 leave-one-out	 cross-validation	 technique.	

Using	 stepwise	 multiple	 regression	 models,	 we	 obtained	 a	 moderate	 to	 good	 accuracy	

when	 estimating	 canopy	 closure	 (R2=0.81,	 rRMSE=10%),	 basal	 area	 (R2=0.68,	

rRMSE=20%),	 and	 timber	 volume	 (R2=0.73,	 rRMSE=22%).	 We	 discuss	 the	 reliability	 of	

empirical	 approaches	 for	 estimates	 of	 canopy	 structural	 parameters	 considering	 the	

causality	of	light	interaction	and	surface	information.	
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3.1 Introduction	

Forest	 inventories	 seek	 to	 enumerate	 trees	 over	 a	 defined	 area	 and	 to	 gain	 forest	

structural	attributes,	such	as	volume,	basal	area,	canopy	cover,	stem	density,	diameter	at	

breast	height	(DBH)	and	maximum	height	at	individual	tree,	plot,	stand,	regional,	national,	

and	global	scale	[1].	Structural	attributes	are	crucial	to	determine	information	facilitating	

the	management	of	forest	ecosystems	[2],	[3],	to	modify	silvicultural	practices	[4],	[5],	to	

quantify	deforestation	impacts	on	the	carbon	cycle	and	related	impacts	for	global	warming	

[6],	 and	 to	 assess	 productivity	 of	 forested	 areas	 in	 relation	 to	 forest	 composition	 [7]	 as	

well	as	in	view	of	specific	forest	management	practices	[4],	[5].	Further,	accurate	estimates	

of	structural	variables	are	practical	indicators	for	determining	forest	evolutionary	history	

[8],	 monitoring	 forest	 sustainability	 [9],	 assessing	 insect	 infestation	 susceptibility	 [10],	

[11],	 study	 wildlife	 management	 and	 biodiversity	 [12],	 as	 well	 as	 forest	 water	 flux	

modeling	[13].	Accordingly,	 there	 is	an	 increasing	need	to	generate	accurate	 information	

regarding	forest	structural	dynamics	[14].		

Traditionally,	forest	structure	data	have	been	collected	by	means	of	field	surveys	[15].	

Field	 surveys	 are	 the	most	 accurate	way	 to	 collect	 forest	 structural	 data	 [16],	 [17],	 but	

require	 in-situ	 measurements	 that	 are	 generally	 limited	 to	 a	 small	 area	 (plot	 area).	

Consequently,	they	do	not	provide	continuous	spatial	and	temporal	information	on	forest	

structure	 variables	 across	 scales	 [18].	 Furthermore,	 sampling	 is	 expensive,	 time	

consuming,	 and	 not	 applicable	 to	 large	 or	 remote	 areas	 [19],	 [20].	 Therefore,	 remote	

sensing	 (RS)	 data,	 acquired	 from	 either	 airborne	 or	 space-borne	 platforms,	 have	 been	

taken	 into	 consideration	 as	 a	 practical	 means	 to	 estimate	 forest	 attributes	 at	 different	

scales	 [21],	 [22].	 RS	 provides	 the	 advantage	 of	 spatially	 explicit	 mapping	 of	 forest	

attributes	[23],	repeatedly	over	large	and	remote	areas	[24].	

RS	 systems	 to	 measure	 forest	 structural	 attributes	 include	 two	 main	 categories:	 i)	

active	 sensors,	 such	 as	 synthetic	 aperture	 radar	 (SAR)	 or	 light	 detection	 and	 ranging	

(LiDAR),	and	ii)	passive	optical	sensors	[25],	[26].	Active	RS	bears	the	potential	to	capture	

the	 vertical	 structure	 information	 and	 three-dimensional	 shape	 of	 forest	 canopies;	

therefore,	 many	 studies	 have	 demonstrated	 that	 active	 RS,	 i.e.,	 LiDAR,	 is	 a	 promising	

alternative	to	map	forest	structural	attributes	[26]–[29].	However,	acquiring	wall	 to	wall	

coverage	 of	 LiDAR	 data	 is	 extremely	 costly,	 both	 in	monetary	 and	 computational	 terms	

[14],	 [30],	 [31].	 Moreover,	 LiDAR	 data	 processing	 requires	 specific	 skills,	 knowledge,	

algorithms	and	software	[16],	[32].	Complex	canopy	structure	and	topography	effects	(i.e.,	

steep	slopes	or	rough	topography)	can	also	impose	uncertainties	to	retrieval	of	structural	
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parameters	from	LiDAR	data	[33],	[34].	Tree	height	is	often	underestimated	due	to	the	low	

probability	 of	 laser	 pulses	 to	 intercept	 the	 top	 layer	 of	 a	 tree	 [35].	 Dense	 understory	

vegetation	layers	further	lead	to	a	low	probability	of	ground	terrain	determination	(digital	

terrain	model	overestimation)	[36].	Lean	trees,	which	are	found	most	often	in	steep	slope,	

can	cause	errors	due	 to	a	 two-dimensional	offset	between	 tree	base	and	 top	of	 the	 tree.	

Furthermore,	 LiDAR	 returns	 in	 steep	 slopes	may	 be	 erroneously	 assigned	 to	 vegetation	

[37].	 All	 these	 issues	 limit	 the	 operational	 use	 of	 this	 technology	 in	 forest	 structural	

estimation.	Approaches	employing	SAR	data	can	suffer	from	saturation	effects	in	complex	

and	dense	forest	[26],	[38].	

Passive	optical	sensors,	comprising	both	multispectral	(MS)	and	imaging	spectroscopy	

(IS)	 sensors,	 have	 been	widely	 used	 for	mapping	 various	 plant	 traits	 of	 forest	 canopies,	

including	 biochemical	 properties	 and	 structural	 attributes	 [7],	 [39].	 The	 estimation	 of	

vegetation	 properties	 using	 optical	 RS	 is	 based	 on	 determining	 a	 link	 between	 spectral	

information	 contained	 in	 a	 data	 set	 and	 vegetation	 metrics	 of	 interest.	 Various	 studies	

demonstrate	 that	 this	 relationship	can	be	successfully	modeled	 to	estimate,	 for	example,	

forest	 and	 grassland	 aboveground	 biomass	 (AGB)	 [40],	 [41],	 and	 to	 measure	 plant	

functional	traits	using	imaging	spectrometer	data	[42]–[45].		

Thenkabail	 et	 al,	 [46],	 [47]	 indicated	 that	 IS	 data	 contain	 spectral	 information	 that	

allow	quantifying	characteristics	of	forest	canopies.	However,	since	optical	sensors	mainly	

capture	information	from	the	upper	part	of	a	vegetation	canopy,	developing	a	relationship	

between	 spectral	 reflectance	 and	 forest	 structural	 variables	 is	 a	 challenge	 [48],	 [49].	

Moreover,	 reflected	 solar	 radiation	 is	 subject	 to	 mutual	 shadowing	 effects	 [50],	

bidirectional	 reflectance	 distribution	 function	 (BRDF)	 effects	 [51],	 variable	 atmospheric	

conditions,	 and	 instrument	 characteristics	 [52].	 Despite	 these	 drawbacks,	 it	 has	 been	

widely	 attempted	 to	derive	 forest	 properties	 at	 canopy	 scale	 from	optical	RS	data	using	

either	physically-based	approaches	or	empirical	approaches	[52].		

Physical-based	 approaches	 use	 leaf	 and	 canopy	 radiative	 transfer	 models	 (RTM)	 to	

simulate	 the	 spectral	 properties	 of	 canopy	 reflectance	 based	 on	 structural,	 biochemical,	

and	 forest	 background	 attributes	 [44],	 [53].	 The	 RTM	needs	 to	 be	 adapted	 for	 different	

sensors	 and	 acquisition	 geometries	 [44]	 and	 can	 subsequently	 be	 inverted	 to	 retrieve	

forest	 properties.	 However,	 the	 procedure	 is	 computationally	 intense,	 and	 is	 suffering	

from	the	ill-posedness	of	model	inversion	[54],	[55],	thus	limiting	its	applicability	for	large	

areas	 [56].	 Empirical	 approaches	 employ	 a	 statistical	 relationship	 between	 in-situ	

measured	reference	and	RS	data	[49].	
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Empirical	 approaches	 strongly	 rely	 on	 the	 assumption	 that	 variations	 in	 forest	

variables	 affect	 the	 spectral	 reflectance	 of	 a	 forest	 and	 can	 be	 modeled	 by	 simple	

relationships	 [57].	 Structural	 variables	 have	been	 successfully	 retrieved	 from	 IS	 data	 by	

considering	original	spectral	bands,	computing	all	possible	two-band	combinations	of,	e.g.,	

normalized	difference	vegetation	indices	(NDVI)	type	[58],	[59],	red-edge	position	(REP),	

narrow	simple	ratio	(SR)	vegetation	indices	[60],	[61],	band	depth	analysis	[62],	narrow-

band	normalized	difference	water	indices	(NDWI)	[31],	or	from	MS	data	by	mostly	either	

employing	original	spectral	bands	or	computing	broad-band	vegetation	indices	(VI)	[63]–

[65].	As	an	example,	Schlerf	et	al.	[61]	used	HyMap	data	of	highly	managed	and	relatively	

homogenous	 Norway	 spruce	 (Picea	 abies)	 stands	 and	 reported	 significant	 linear	

relationships	between	forest	leaf	area	index	(LAI)	and	crown	volume	with	a	narrow-band	

perpendicular	 vegetation	 index	 (PVI).	 Cho	 et	 al.	 [39]	 tested	 the	 relationship	 between	

reflectance	 factors	 derived	 from	 HyMap	 data	 and	 forest	 structural	 attributes	 including	

mean	DBH,	mean	tree	height	and	tree	density	in	a	homogenous	(i.e.	homogeneous	in	DBH,	

height,	 tree	 density	 and	 species)	 and	 closed	 canopy	 beech	 (Fagus	 sylvatica)	 stand.	 They	

conclude	 that	 their	 new	 vegetation	 indices,	 generated	 from	 contrasting	 spectral	 regions	

around	the	red-edge	shoulder	(756-820	nm)	and	the	water	absorption	feature	centered	at	

1200	nm	(1172-1320	nm),	showed	higher	correlation	with	structural	variables	compared	

with	 the	 standard	 vegetation	 indices	 derived	 from	near-infrared	 and	 visible	 reflectance.	

Latifi	et	al.	[66]	have	noted	that	the	original	bands	of	HyMap	data	located	in	the	green	and	

near-infrared	 parts	 of	 the	 spectrum	 contain	 useful	 information	 correlated	 to	 structural	

variables	in	a	temperate	forest	site	in	Germany.	All	these	studies	suggest	that	the	usage	of	

narrow-	 band	 vegetation	 indices	 generated	 from	 the	 whole	 spectrum	 (350-2500	 nm)	

offers	a	strategy	to	overcome	the	saturation	problem	at	high	canopy	cover	or	LAI	[67].		

Relationships	 between	 vegetation	 indices	 and	 important	 stand	 characteristics	 are	

rarely	 documented	 [19].	 Furthermore,	 since	 empirical	 relationships	 are	 at	 the	 cost	 of	

causality,	 their	 transferability	 is	 reduced	 and	 the	 usage	 of	 obtained	 results	 requires	

specific	 attention.	 We,	 consequently	 aim	 to	 demonstrate	 the	 capability	 of	 IS	 data	 to	

empirically	map	structural	attributes	and	to	discuss	the	reliability	of	such	approaches.	We	

selected	a	heterogeneous	alpine	ecosystem	comprising	a	natural	forest	including	different	

tree	species	at	varying	proportions	to	empirically	retrieve	the	forest	structural	attributes	

canopy	 closure,	 basal	 area,	 and	 volume	 from	 IS	 data.	 We	 tested	 various	 data	 analysis	

methods	such	as	continuum	removal	(CR)	and	band	depth	analysis	introduced	by	Kokaly	

and	Clark	[68]	that	were	proposed	to	enhance	spectral	absorption	features,	to	compensate	
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disturbing	background	reflectance,	and	to	enable	improved	linkage	of	spectral	features	to	

vegetation	structural	properties	[69]–[71].		

	

3.2 Method	

3.2.1 Study	area	

The	 study	 was	 conducted	 in	 the	 Trupchun	 valley	 (Val	 Trupchun)	 within	 the	 Swiss	

National	 Park	 (SNP),	 located	 in	 the	 southeastern	 part	 of	 Switzerland	 (Fig.	 3.	 1).	 Val	

Trupchun	 covers	 an	 area	of	 22	km2	and	 the	 elevation	 ranges	 from	1775	 to	3145	meter	

above	 sea	 level	 (a.s.l.)	 [72].	 Based	on	 climate	data	 recorded	by	MeteoSwiss	 at	 the	 SNP’s	

weather	station,	Buffalora	at	1977	m	a.sl.,	the	climate	of	the	SNP	is	dry	and	harsh	with	an	

average	annual	precipitation	of	744	mm	±	160	mm	(mean	±	standard	deviation	(SD))	and	

an	average	annual	temperature	of	0.9	°C	±	0.5	°C	[73].	The	study	site	 is	a	heterogeneous	

alpine	 landscape	 with	 a	 rough	 topography	 and	 steep	 slopes.	 The	 forest	 is	 classified	 as	

boreal	type	forests	with	European	larch	(Larix	decidua	L.)	as	a	dominant	tree.	The	Norway	

spruce	 (Picea	 abies	 (L.)	 Karst)	 and	 Swiss	 stone	 pine	 (Pinus	 cembra	 L.)	 are	 associated	

species	[40].	The	Norway	spruce	is	present	at	lower	altitude,	whereas	the	Swiss	stone	pine	

occurs	at	high	altitude.	The	trees	are	approximately	250	years	old	and	have	been	strictly	

protected	and	unmanaged	since	1914	[74].		

	
Fig.	3.	1.	Study	area	and	 location	of	 field	plots.	(a)	Location	of	 the	SNP	in	Switzerland	(red	 line)	with	digital	

elevation	 model	 as	 background	 (source:	 swisstopo	 http://www.swisstopo.admin.ch).	 (b)	 Location	 of	 Val	

Trupchun	 (green	 box)	 within	 the	 SNP;	 a	 true	 color	 image	 is	 used	 as	 background	 (source:	 swisstopo).	 (c)	

Location	of	field	plots	(yellow	boxes)	in	Val	Trupchun;	an	APEX	true	color	image	is	used	as	background.	
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3.2.2 Field	data	

Field	 reference	 data	 of	 forest	 structural	 variables	were	 collected	 in	 June	 2012	 in	 the	

Trupchun	valley	of	the	SNP.	35	Sample	plots	with	a	size	of	30	m	x	30	m	were	identified	by	

applying	 a	 stratified	 random	 sampling,	 and	 excluding	 protected	 areas	 that	 were	 not	

accessible.	Identified	plots	represent	most	of	the	present	tree	species	and	possible	ranges	

of	 their	 properties,	 i.e.,	 canopy	 cover,	 density,	 and	 species	 composition.	 A	 differential	

global	 positioning	 system	 (DGPS)	 providing	 an	 accuracy	 better	 than	 1	 m	 was	 used	 to	

record	the	geographic	position	of	the	four	corners	of	the	field	plots.	Within	each	plot,	tree	

species,	 DBH,	 and	 tree	 height	 were	 measured,	 while	 only	 trees	 having	 a	 DBH	 (DBH	

measured	 at	 1.3	m	 above	 the	 ground	 surface)	 greater	 than	 5	 cm	were	 considered	 [75].	

Basal	 area	 (BA),	 i.e.,	 the	 cross-sectional	 areas	 of	 a	 tree	 stem	measured	 at	 1.3	 m	 above	

ground	[76],	was	estimated	according	to	(Eq.1):	

𝐵𝐴 =
𝜋(𝐷𝐵𝐻)!

4
×
10000
𝑃𝑙𝑜𝑡 

	 (1)  

where BA is	the	estimated	basal	area	(m2/ha), DBH is	the	diameter	of	a	tree	stem	(m), and 

Plot is	the	area	of	the	field	plot (m2). 

Height	 was	 measured	 for	 five	 randomly	 selected	 trees	 within	 each	 plot.	 A	 Haga	

hypsometer	(Haga	GmbH	and	Co.	KG,	Nuremberg,	Germany)	[39]	was	used	to	measure	the	

height	of	the	largest	tree	in	term	of	DBH	and	the	trees	located	at	the	four	corners	of	each	

plot.	 It	 should	be	noted	 that	we	had	no	a-priori	 information	 in	 term	of	DBH,	height,	 and	

species	 type	about	 the	distribution	of	 trees	within	each	randomly	selected	plot.	Meaning	

that	each	 tree	has	an	equal	probability	of	being	selected	 from	the	respective	population.	

To	 increase	 the	 selection	 chance	 of	 large	 trees	 (in	 term	 of	 DBH),	 which	 are	 highly	

contribute	to	various	forest	structural	properties,	 i.e.,	stand	height,	stand	timber	volume,	

stand	biomass,	and	canopy	cover,	the	height	of	a	tree with	the	largest	DBH	in	each	sample	

plot	was	also	measured.	In	total,	the	heights	of	175	trees	were	measured	in	the	study	area.	

A	 type	 specific	height-DBH	 function	was	developed	while	 considering	 tree	 species,	DBH,	

and	the	measured	height	 [77].	According	to	tree	species,	 the	corresponding	type	specific	

height-DBH	function	was	then	applied	to	estimate	the	height	of	the	unmeasured	trees.	The	

volume	of	the	trees	was	calculated	as	a	function	of	the	measured	DBH	and	estimated	tree	

height.	Tree	volume	was	summed	up	to	estimate	the	volume	of	the	respective	plot.	

Canopy	closure	(CC)	is	defined	as	the	percentage	of	ground	within	30m×30m,	covered	

by	the	vertical	projection	of	the	overlying	trees’	crown	[21].	The	CC	was	visually	estimated	

using	a	digital	aerial	photograph	acquired	in	2006	with	25	cm	spatial	resolution.		
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It	 is	 important	to	mention	that	there	was	a	two-year	time	lag	between	field	reference	

data	 collection	 and	 imaging	 spectrometer	 data	 acquisition	 and	 also	 a	 four-year	 time	 lag	

between	 aerial	 photograph	 and	 imaging	 spectrometer	 data	 acquisition.	 However,	 the	

newest	 reference	 available	 providing	 a	 sub-meter	 resolution	 were	 aerial	 photographs	

from	2006.	Since	the	average	tree	ring	width	increase	is	3mm/year	[78],	a	stem	growth	of	

less	than	1	cm/year	can	be	expected	and	canopy	cover	change	from	2006-2010	is	assumed	

to	be	negligible.	Further,	 the	SNP	 is	a	protected	area	without	any	human	activity	and	no	

occurrence	of	significant	natural	disturbance	(i.e.,	fire,	windstorm	or	bark	beetle	attack)	is	

reported	in	Val	Trupchun	after	2006	or	even	before	that	time,	thus,	we	assumed	that	the	

forest	structure	attributes	remain	relatively	constant	during	this	period	[13],	[49].	

3.2.3 APEX	imaging	spectrometer	data	

Airborne	Prism	EXperiment	(APEX)	imaging	spectrometer	data	were	used	in	this	study.	

APEX	is	an	airborne	pushbroom	device	with	1000	imaging	pixels	across	track	and	covers	a	

swath	width	of	1.5	km	to	5	km	(depending	on	flight	altitude)	with	a	field	of	view	(FOV)	of	

28°	 [43].	 The	 spectral	wavelength	 range	 of	 372-2500	 nm	 is	 recorded	 by	 a	 Visible/Near	

Infrared	 (VNIR),	 and	 a	 Shortwave	 Infrared	 (SWIR)	 detector.	 The	 spectral	 resolution	

(FWHM)	ranges	between	0.7	and	9.7	nm	for	the	VNIR	and	between	6.2	and	12	nm	for	the	

SWIR	 detector.	 After	 removal	 of	 noisy	 bands,	 an	 APEX	 data	 cube	 contains	 285	 spectral	

bands.		

APEX	data	over	the	SNP	were	acquired	on	26	June	2010	under	cloud	free	condition	and	

with	 a	 2	m	pixel	 size.	 The	 acquisition	 time	was	 close	 to	 solar	 noon.	 The	 sun	 zenith	 and	

azimuth	 angle	 ranged	 between	 31.8°	 and	 28.1°	 and	 between	 127.5°	 and	 139.1°.	 A	

parametric	 geocoding	 approach	 (PARGE)	 using	 15	 ground	 control	 points	 with	 Swiss	

national	 coordinate	 system	 (CH	1903	LV03)	was	 applied	 to	 the	 data	 [79],	 resulting	 in	 a	

geometric	accuracy	of	3.2	m	±	1.4	m.	This	corresponds	to	a	total	pixel	shift	of	1.3-1.9	pixels	

±	 0.5-0.8	 pixel.	 Measured	 APEX	 radiance	 data	 were	 atmospherically	 corrected	 using	 an	

atmospheric	 and	 topographic	 correction	 approach	 for	 rugged	 terrain	 (ATCOR-4)	 [80].	

ATCOR-4	 comprises	 the	 atmospheric	 radiative	 transfer	 code	 MODTRAN-5	 [81]	 to	 pre-

calculated	look-up	tables	(LUT)	of	atmospheric	variables.	We	set	the	atmosphere	type	and	

the	 aerosol	model	 to	mid-latitude	 summer	 and	 a	 rural	 aerosol	model.	 These	 settings	 in	

addition	to	image	based	estimates	of	atmospheric	water	vapor	and	visibility	provided	by	

the	pixel-wise	selection	of	LUT	entries	allowed	to	compensate	for	atmospheric	effects	and	

to	 determine	 top-of-canopy	 hemispherical	 conical	 reflectance	 factor	 (HCRF)	 data	 (for	

terminology	see	[82]).	
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3.2.4 Vegetation	indices	

3.2.4.1 Narrow-band	vegetation	indices	

Vegetation	indices	(VIs)	are	widely	used	to	estimate	biophysical	vegetation	properties,	

i.e.,	biomass	[40],	[83],	LAI	[55],	[59],	canopy	closure	[84],	[85],	or	stand	volume	[17],	[61].	

In	this	study	we	used	two	main	categories	of	vegetation	indices;	ratio-based	and	soil-based	

indices.	 The	 Simple	 Ratio	 (SR)	 and	 the	 Normalized	 Difference	 Vegetation	 Index	 (NDVI)	

(both	ratio-based	indices),	as	well	as	the	PVI	and	the	second	soil-adjusted	vegetation	index	

(SAVI2)	 (both	 soil-based	 indices)	 were	 proposed	 by	 previous	 studies	 to	 estimate	

biophysical	properties	of	vegetation.	We	calculated	SR	[86],	NDVI	[87],	PVI	[88],	and	SAVI2	

[89]	as:	

𝑆𝑅 =  
𝜌!
𝜌!
	 (2)		

𝑁𝐷𝑉𝐼 =  
𝜌! − 𝜌!
𝜌! + 𝜌!

	 (3)	 

𝑃𝑉𝐼 =
𝜌! − 𝑎𝜌! − 𝑏

1 + 𝑎!
	 (4)		

𝑆𝐴𝑉𝐼2 =
𝜌!

𝜌! + 𝑏 𝑎
	

(5)		

where	 	and	 	are	reflectance	values	at	distinct	wavelengths,	a	and	b	are	the	soil	line	

coefficient.	

Previous	 studies	 have	 shown	 that	 the	 narrow-band	 indices	 can	 provide	 significant	

improvement	 as	 compared	 to	 broadband	 indices	 for	 estimating	 vegetation	 structural	

variables	[39],	[61],	[67]	.	Consequently,	we	only	focused	on	narrow-band	indices.	

3.2.4.2 	Band	depth	indices	

Band	depth	indices	generated	from	continuum-removed	spectra	were	used	to	estimate	

structural	properties.	This	approach	has	shown	its	capability	to	improve	the	performance	

of	 structural	 variable	 estimation	 [62],	 [71].	 Based	 on	 previous	 research,	 the	 continuum	

removal	was	 applied	 to	 four	 regions	of	 the	 spectrum,	 ranging	 from	 the	VIS	 to	 the	 SWIR	

part	(Table	3.	1).	The	selected	region	in	VIS	is	affected	by	chlorophyll	absorption,	whereas	

the	 NIR	 [62]	 and	 SWIR	 regions	 are	 mainly	 affected	 by	 water,	 lignin,	 and	 cellulose	

absorption	[68].	The	inversion	of	the	reflectance	factors	was	applied	on	SWIR1	and	SWIR2	

€ 

ρ1

€ 

ρ2
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using	 equation	 (6).	 This	 procedure	 was	 necessary	 to	 reshape	 the	 concave	 form	 of	 the	

spectrum	to	a	convex	form	in	order	to	calculate	band	depth	indices	[71].	

	 𝜌!"#$%&$ = 1 − 𝜌! 	 (6)	

where	 𝜌!"#$%&$ 	 is	 the	 inverse	 reflectance	 factor	 at	 band	 i	 and	 𝜌! 	 is	 the	 original	

reflectance	factor	at	band	i.	

Table	3.	1	

Start,	end,	and	center	points	of	selected	spectral	regions	for	continuum	removal	and	subsequent	calculation	of	

band	depth	indices	(VIS	=	visible	domain,	NIR	=	near-infrared,	SWIR	=	shortwave	infrared).	

Spectral	domain	
Location	of	the	selected	wavelength	

Start	of	spectral	region	
analysis	(nm)	

Center	of	spectral	region	
analysis	(nm)	

End	of	spectral	region	
analysis	(nm)	

VIS	 653	 678	 724	
NIR	 1113	 1179	 1286	
SWIR1	 1600	 1707	 1784	
SWIR2	 2090	 2211	 2252	

	

Band	 depth	 indices	 including	 band	 depth	 (BD),	 normalized	 band	 depth	 ratio	 (BDR),	

normalized	band	depth	index	(NBDI),	the	area	under	curve	(AUC)	of	a	continuum	removed	

spectrum,	 as	 well	 as	 the	 Area	 under	 continuum-removed	 curve	 Normalized	 to	 the	

Chlorophyll	absorption	Band	depth	(ANCB)	[90],	were	implemented.	They	were	calculated	

according	to	the	following	equations:	

𝑅′ = 𝑅
𝑅! 	 (7)  

𝐵𝐷 = 1 − 𝑅!	 (8)		

𝐵𝐷𝑅 = 𝐵𝐷
𝐵𝐷! 	 (9)		

𝑁𝐵𝐷𝐼 = 𝐵𝐷 − 𝐵𝐷!
𝐵𝐷 + 𝐵𝐷! 	 (10)		

𝐴𝑈𝐶 =
1
2

𝜆!!! − 𝜆! 𝐵𝐷!!! − 𝐵𝐷!
!!!

!!!
	 (11)		

𝐴𝑁𝐶𝐵 = 𝐴𝑈𝐶
𝐵𝐷! 	 (12)		

where	𝑅!	is	the	continuum	removed	spectrum,	R	is	the	original	reflectance	value,	Rc	is	

the	reflectance	value	of	the	continuum	line	[68],	BDC	is	the	band	depth	at	the	band	center,	

λ!!!	and	λ!	are	wavelengths	of	the	i	and	i	+	1	bands,	BDi	+	1	and	BDi	are	band	depths	at	the	i	

and	i	+	1	bands,	n	is	the	number	of	used	spectral	bands.	
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3.2.5 Correlograms	

In	order	to	identify	sensitive	wavelength	regions	to	predict	forest	structural	attributes	

a	2D	correlation	plot	 (correlogram)	was	calculated	 for	all	possible	band	combinations	of	

SR,	 NDVI,	 SAVI2,	 and	 PVI	 type.	 These	 correlograms	 represent	 the	 coefficients	 of	

determination	 (R2)	 of	 the	 individual	 linear	 regression	models	 relating	APEX	derived	VIs	

and	 in-situ	 measurements	 of	 each	 target	 variable	 (i.e.,	 canopy	 closure,	 basal	 area,	 and	

forest	 volume)	 [39].	The	 spectral	bands	with	 strong	water	 absorption	 features	at	1335–

1490	nm	and	at	1780–1990	nm	were	excluded	from	further	analysis.	Therefore,	193	APEX	

spectral	bands	were	used	to	generate	correlograms,	allowing	to	compute	37,249	different	

narrow-band	combinations.	The	optimal	band	combination	was	selected	based	on	R2	(i.e.,	

we	 used	 an	 R2	 threshold	 of	 0.5	 with	 a	 confidence	 level	 of	 95%),	 considering	 multi-

collinearity	 issues,	 causality	 explanations,	 and	 focusing	 on	 “hot-spot	 areas”	 (spectral	

range)	[40].	The	selected	band	combinations	were	then	used	in	regression	analysis.	

3.2.6 Regression	analysis	

Regression	 analysis	 is	 an	 empirical	 approach	 to	 determine	 the	 relationships	 among	

variables,	 i.e.,	 dependent	 and	 independent	 variables	 (or	 predictors).	 In	 remote	 sensing	

literature	regression	analysis	has	seen	a	widespread	use	due	to	its	ease	of	implementation	

and	 efficiency	 [91].	 We	 used	 simple	 and	 stepwise	 multiple	 regression	 to	 predict	 forest	

structural	 attributes	 from	 APEX	 IS	 metrics.	 An	 implemented	 standard	 deviation	 outlier	

labeling	method,	i.e.,	the	3SD	method	[92],	 identified	one	field	plot	as	an	outlier	that	was	

removed	 from	 further	 analysis.	 Normality	 distribution	 of	 dependent	 variables	 is	 an	

important	 assumption	 associated	 with	 regression	 [39].	 The	 Shapiro-Wilk	 test	 indicated	

that	the	BA	(W	=	0.975,	p	=	0.579),	volume	(W	=	0.974,	p	=	0.566),	and	CC	(W	=	0.965,	p	=	

0.328)	followed	a	normal	distribution	(p	>	0.05).	A	15	×	15	pixels	window	(30	m	×	30	m)	

was	used	to	extract	average	reflectance	values	corresponding	to	each	field	plot	from	APEX	

IS	data.	

Stepwise	multiple	 regression	was	 run	 in	 two	phases.	 First,	we	 performed	 a	 stepwise	

multiple	 regression	 with	 optimal	 narrow-band	 indices	 to	 predict	 their	 performance	 to	

estimate	 structural	 variables.	 Afterwards,	we	 ran	 the	 stepwise	multiple	 regression	with	

optimal	narrow-band	and	band	depth	indices	together	to	assess	the	influence	of	the	band	

depth	 indices	 on	 the	performance	of	 the	model	 [65].	 The	 SPSS	20.0	package	 (IBM	Crop.	

2011)	was	used	for	statistical	analysis.	The	probability	of	F	was	employed	as	a	criterion	to	

include	 (F	 <	 0.05)	 or	 to	 remove	 (F	 >	 0.10),	 an	 independent	 variable	 in	 the	 regression	
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analysis	[70].	The	best	model	was	selected	by	comparing	R2,	RMSE,	and	variance	inflation	

factor	 (VIF).	 The	 acceptable	 VIF	 value	 was	 set	 to	 smaller	 than	 10	 to	 avoid	 multi-

collinearity	among	variables	and	potential	over-fitting	of	the	model	[93].	

3.2.7 Validation	

The	 results	were	 tested	 by	 comparing	 the	 estimated	 forest	 structural	 attributes	with	

the	actual	measurements	obtained	from	field	inventory.	Because	of	the	limited	number	of	

field	plots,	 a	 leave-one-out	cross-validation	 technique	 (LOOCV)	was	used	 to	evaluate	 the	

accuracy	 of	 the	 estimated	 structural	 attribute	 [49].	 The	 root	mean	 square	 error	 (RMSE)	

and	mean	relative	RMSE	(rRMSE	(%))	according	to	[1,66]	were	employed	to	quantify	the	

reliability	of	the	predictions.	

𝑅𝑀𝑆𝐸 =  
(𝑦! − 𝑦!)!!

!!!
𝑛

	 (13)	

𝑟𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸
𝑦

 ×100	 (14) 

where	𝑦!  is	 the	estimated	basal	area	or	 canopy	closure	or	volume,	𝑦!  is	 the	measured	

basal	area	or	canopy	closure	or	volume,	n	is	the	number	of	observations	and	𝑦 is	the	mean	

of	 the	measured	 variable	 (basal	 area	 or	 canopy	 closure	 or	 volume).	 The	 LOOCV	has	 the	

advantage	of	providing	an	unbiased	estimation	of	the	prediction	error	[23].	In	addition,	we	

evaluated	the	performance	of	selected	models	using	a	bootstrapping	approach	with	5000	

replications.	 The	 bootstrapping	 approach	 enables	 to	 increase	 the	 robustness	 of	 a	model	

where	the	number	of	field	plots	is	limited	[94,95].	Three	metrics,	i.e.,	the	mean	of	R2	±	one	

SD,	the	mean	of	RMSE	±	one	SD,	and	the	mean	rRMSE	±	one	SD	were	calculated	to	assess	

the	 model	 fit	 and	 predictive	 performance.	 The	 uncertainty	 was	 quantified	 at	 the	 95%	

confidence	interval.		

	

3.3 Results	

3.3.1 In-Situ	Forest	Structural	Measurements	

Descriptive	statistics	of	 the	 in-situ	data	are	shown	 in	Table	3.	2.	The	measured	volume	

ranged	 between	 77.6	 m3/ha	 and	 807	 m3/ha.	 The	 average	 volume	 was	 421.7	 ±	 181.7	

m3/ha,	roughly	representing	the	full	range	of	volume	values	reported	elsewhere	for	alpine	

areas	[96,97].	The	mean	basal	area	was	42.5	±	16	m2/	ha	and	the	canopy	closure	ranged	
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between	 22%	 and	 85%	with	 an	 average	 of	 61%	 ±	 15.3%.	 Our	 findings	 are	 in	 line	with	

results	reported	in	other	studies	performed	in	the	SNP	[74,98]. 
Table	3.	2	

Forest	structural	characteristics	derived	from	reference	data	in	the	study	area	(DBH	=	diameter	at	breast	

height,	SD	=	standard	deviation,	CV	=	coefficient	of	variation).	

Parameter	 Mean	 Minimum Maximum	 SD	 CV	(%)	
Mean	DBH	(cm)	 31.9	 18.62	 53.5	 9	 28	
Mean	height	(m)	 16	 10.8	 22.7	 2.9	 18	
Basal	area	(m2/ha)	 42.5	 8.8	 74	 16	 37	
Volume	(m3/ha)	 421.7	 77.6	 807	 181.7	 43	
Canopy	closure	(%)	 61	 22	 85	 15.3	 25	

	

3.3.2 Empirical	models	to	estimate	structural	variables	

3.3.2.1 Canopy	closure	

We	 calculated	 correlograms	 representing	 the	 coefficients	 of	 determination	 (R2)	 of	

individual	linear	regression	models	relating	APEX	derived	VIs	and	in-situ	measured	CC	for	

all	 possible	 two-band	 combinations	 of	 SR,	 NDVI,	 PVI,	 and	 SAVI2	 type.	 Based	 on	 these	

correlograms,	we	identified	potential	band	combinations	and	wavelength	regions	showing	

high	sensitivity	to	variations	of	forest	canopy	closure	(Fig.	S3.	1).	

In	 general,	 similar	 patterns	 in	 terms	 of	 sensitive	 wavelengths	 combinations	 are	

observed	for	SR	and	NDVI	(Fig.	S3.	1(a)	and	(b)).	Sensitive	combinations	are	mainly	located	

in	 the	 shortwave	 infrared	 (SWIR).	 PVI	 type	VIs	 shows	 a	 different	 pattern	 and	higher	R2	

compared	 to	 SR,	 NDVI,	 and	 SAVI2.	 Potential	 band	 combinations	 for	 PVI	 type	 VIs	 are	

located	 in	(i)	 the	VIS	part	 in	combination	with	NIR	and	SWIR,	(ii)	 the	red-edge	region	 in	

combination	with	red	wavelengths,	and	(iii)	the	SWIR	part	in	combination	with	the	NIR	or	

the	SWIR.	

Table	 S3.	 1	 provides	 the	 results	 of	 the	 selection	 of	 candidate	 VIs	 derived	 from	 2D	

correlograms	based	on	a	set	of	criteria	 introduced	 in	 the	method	section.	The	generated	

VIs	 obtained	 different	 results.	 The	 maximum	 R2	 values	 were	 0.61,	 0.62,	 0.65,	 and	 0.76	

using	NDVI,	SR,	SAVI2,	and	PVI,	respectively.	This	indicates	that	a	PVI	type	index	generated	

from	red-edge	and	NIR	regions	(883	and	763	nm)	provided	more	information	to	estimate	

canopy	cover	 than	other	categories	of	VIs	 (SR,	NDVI,	and	SAVI2	 type).	The	NIR	and	red-

edge	 regions	 (895	 and	 754	 nm)	 again	 were	 found	 suitable	 to	 estimate	 canopy	 closure	

using	a	SAVI2	type	index	(R2	=	0.65).	For	SR	and	NDVI	type	VIs,	spectral	wavelengths	with	

highest	R2	are	located	at	2204	and	2253	nm.	

In	a	second	step	of	the	regression	analysis,	a	stepwise	multiple	regression	was	applied	

considering	all	narrowband	SR,	NDVI,	SAVI2,	PVI	type	VIs	that	performed	best.	These	are	
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listed	in	Table	S3.	1	in	addition	to	selected	band	depth	indices	(i.e.,	BD,	BDR,	NBDI,	AUC,	and	

ANCB)	 as	 independent	 variables	 to	 test	 whether	 band	 depth	 indices	 improve	 the	

prediction	 performance.	 As	 shown	 in	 Table	 3.	 3,	 using	 the	 stepwise	 multiple	 regression	

increased	 the	 R2	 to	 0.90.	 The	 best	 performing	 stepwise	 multiple	 regression	 model	 has	

fulfilled	 the	statistical	 collinearity	 requirement	with	 the	VIF	values	<10	 [93].	This	model	

uses	 band	 depth	 indices	 generated	 from	 the	 NIR	 and	 SWIR2	 regions	 as	 well	 as	 an	 SR	

narrow-band	VI	employing	wavelengths	from	the	SWIR	(2204	nm,	2253	nm)	region.	The	

corresponding	wavelengths	for	each	regression	variable	are	summarized	in	Table	3.	3.	The	

two	 models,	 i.e.,	 the	 simple	 and	 stepwise	 multiple	 regression	 models,	 were	 tested	 for	

significance	using	analysis	of	variance	 (ANOVA)	at	5%	significance	 level.	The	obtained	p	

value	(p	=	0.0005)	indicates	that	there	is	a	statistically	significant	difference	between	the	

two	 models.	 In	 conclusion,	 the	 combination	 of	 band	 depth	 indices	 and	 an	 SR	 index	

increases	the	reliability	of	the	prediction	model	 for	canopy	closure	compared	to	a	model	

based	on	a	single	PVI	type	index.	Consequently,	stepwise	multiple	regression	improved	the	

model	performance.	
Table	3.	3	

Best	performing	simple	and	stepwise	multiple	regression	models	to	estimate	canopy	closure.	

Variable	 Model	 Wavelength	(nm)	 R2	 VIF	
Canopy	
closure	

Y=	−0.305	×	PVI	+	124.57	 888,	763	 0.76	 1	
Y=	−1372.12	×	BDR_NIR	−	214.91	×	BDR_SWIR2	+	
5.33	×	AUC_NIR-317.35	×	SR	+	469.79	

BDR_NIR:	1257	
BDR_SWIR2:	2176	
AUC:	1113-1286	
SR:	2253,	2204	

0.90	 1.42	
1.01	
2.95	
3.40	

The	final	stepwise	multiple	regression	model	presented	in	Table	3.	3	was	applied	to	the	

entire	APEX	data	set	to	generate	the	canopy	closure	map	(Fig.	3.	2).	The	estimated	values	

range	from	0%	to	90%	with	an	average	of	56%	±	15%.	

The	 relationship	 between	 measured	 and	 estimated	 canopy	 closure	 obtained	 by	

applying	a	LOOCV	approach	is	depicted	in	Fig.	3.	3.	The	model	employing	a	single	variable	

(i.e.,	 a	 PVI	 type	 index)	 gained	 reasonable	 results	 (R2	 =	 0.60,	 RMSE	 =	 9.34,	 and	 rRMSE	

=15%).	 Predicted	 values	 showed	 a	 good	 agreement	 with	 high	 canopy	 closure	 values	

(CC>60%).	However,	this	relationship	is	weak	for	low	and	medium	canopy	closure	values	

of	20-60%	(Fig.	3.	3a).	The	result	indicate	that	PVI	generated	from	red-edge	wavelengths	

shows	 a	 high	 sensitivity	 to	 denser	 canopy	 closure,	 and	 thus	 low	 sensitivity	 to	 open	
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canopies.	

	
Fig.	3.	2.	APEX	derived	forest	canopy	closure;	an	APEX	true	color	composite	is	used	as	background.	

The	stepwise	multiple	regression	model	yielded	higher	accuracy	with	an	R2	of	0.81,	and	

a	 rRMSE	 of	 10%	 (Fig.	 3.	 3b).	 This	model	 significantly	 increased	 the	 R2	 and	 reduced	 the	

relative	RMSE	error.	Table	S3.	2,	Fig.	S3.	2	and	Fig.	S3.	3	illustrate	the	obtained	mean	values	

and	 distribution	 of	 R2,	 RMSE,	 and	 rRMSE	 generated	 from	 the	 bootstrapping	 approach,	

yielding	slightly	better	results	compared	to	cross	validation	approach	(i.e.,	R2	of	0.82	and	a	

rRMSE	of	10%).	As	it	can	be	seen	in	Fig.	3.	3b	the	combination	of	band	depth	indices	and	a	

SR	 type	 index	 substantially	 improved	 prediction	 power,	 especially	 for	 low	 and	medium	

canopy	closure	(20-60%).	This	 indicates	 that	 the	selected	VI	and	band	depth	 indices	are	

highly	 sensitive	 to	 canopy	 closure	 and	 can	 minimize	 disturbing	 effects	 such	 as	 soil	

background,	atmospheric,	and	sun–target-sensor	geometry	effects	[91].	
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Fig.	3.	3.	Agreement	of	estimated	canopy	closure	with	in-situ	data;	(a)	simple	regression	model	based	on	a	PVI	

index;	 (b)	 stepwise	 multiple	 regression	 model	 based	 on	 band	 depth	 indices	 and	 a	 SR	 type	 index.	 The	

corresponding	wavelengths	of	the	indices	are	given	in	Table	3.	3.	Coefficient	of	determination	(R2	±	SD),	root	

mean	square	error	(RMSE	±	SD),	and	relative	root	mean	square	error	of	prediction	(rRMSE	±	SD)	are	shown.	

3.3.2.2 Basal	area	

The	 maximum	 R2	 obtained	 from	 the	 correlation	 plots	 for	 basal	 area	 considering	 SR,	

NDVI,	and	PVI	is	almost	identical	(R2	>	0.60).	The	pattern	of	variation	in	R2	is	similar	for	SR	

and	NDNI	type	VIs	(Fig.	S3.	4(a)	and	(b)).	In	addition,	these	figures	show	that	the	narrow-

band	 combinations	 generated	 mainly	 from	 narrow	 portions	 of	 the	 SWIR	 can	 explain	

variability	 in	basal	 area	most	effectively.	Contrary	 to	SR	and	NDVI	 type	VIs,	 the	PVI	and	

SAVI2	 type	 VIs	 (Fig.	 S3.	 4(c)	 and	 (d))	 resulted	 in	 different	 correlograms	 in	 terms	 of	

sensitive	 wavelengths.	 Fig.	 S3.	 4	 shows	 that	 a	 large	 portion	 of	 the	 spectrum	 could	

potentially	 be	 used	 to	 predict	 basal	 area.	 Sensitive	 combinations	 are	 mainly	 generated	

from	 i)	 the	VIS	part	 in	 combination	with	NIR	and	SWIR	parts,	 ii)	 the	 red-edge	 region	 in	

combination	with	NIR	wavelengths,	and	iii)	a	combination	of	NIR	wavelengths	themselves	

or	 together	with	 the	SWIR	part.	 Interestingly,	 the	highest	variability	explained	by	SAVI2	

type	 indices	(R2	=	0.44)	 is	significantly	smaller	than	the	highest	R2	 for	SR,	NDVI,	and	PVI	

(0.69,	0.69,	0.64).	

The	optimal	narrowband	VIs	derived	 from	2D	correlograms	 to	predict	basal	 area	are	

presented	in	Table	S3.	3.	An	SR	type	index	that	can	be	calculated	from	the	SWIR	(2385	nm,	

1993	nm),	and	a	NDVI	type	index	located	in	the	SWIR	(1993	nm,	2391	nm)	contained	most	

information	to	estimate	the	basal	area.	The	stepwise	multiple	regression	using	all	optimal	

VIs	did	not	improve	model	performance	(data	not	shown).	Several	studies	have	reported	a	
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strong	 correlation	 between	 the	 SWIR	 domain	 and	 basal	 area	 [10],	 [11],	 [65],	 [92].	 The	

SWIR	 region	 is	 highly	 affected	 by	 canopy	 water	 content	 [50],	 canopy	 biochemical	

properties	 like	 cellulose,	 lignin	 and	 protein	 [93],	 and	 shadowing	 [94].	 Forest	 structural	

attributes	such	as	basal	area	are	related	to	the	addressed	variables.	Our	results	show	that	

the	selected	VIs	from	the	SWIR	region	are	best	correlated	to	basal	area	(Table	S3).		

Stepwise	multiple	regression	was	subsequently	performed	to	assess	the	joint	usage	of	

optimal	narrow-band	VIs	and	band	depth	indices	to	predict	basal	area.	As	is	evident	from	

Table	3.	4,	the	best	performing	stepwise	multiple	regression	model	(including	a	SR	type	VI	

and	 a	 normalized	 band	 depth	 index	 (NBDI)	 obtained	 a	 higher	 R2	 compared	 to	 the	 best	

performing	 simple	 linear	 model.	 The	 result	 of	 an	 ANOVA	 test	 (p	 =	 0.017)	 indicated	 a	

statistically	 significant	 difference	 between	 the	 two	models	 at	 5%	 significance	 level.	 The	

significant	wavelengths	in	both	the	simple	and	the	stepwise	multiple	regression	model	are	

located	in	the	SWIR	part	of	the	spectrum.	For	forest	basal	area	estimation	NDVI,	PVI,	and	

SAVI2	type	indices	did	not	lead	to	improved	model	fits.	
Table	3.	4	

Best	performing	simple	and	stepwise	multiple	regression	models	to	predict	basal	area.	

Variable	 Model	 Wavelength	(nm)	 R2	 VIF	
Basal	area	 Y=-252.01*SR+220.32	 2385,	1993	 0.63	 1	

Y=-265.2*SR-115.99*NBDI_SWIR1+241.269	 NBDI_SWIR1:	1698	
SR:	2385,	1993	

0.72	 1.02	
1.02	

	

The	 basal	 area	 thematic	 map	 was	 generated	 by	 employing	 the	 stepwise	 multiple	

regression	model	and	the	APEX	IS	data	set	(Fig.	3.	4).	The	estimated	values	ranged	from	0	

to	75	m2/ha	with	an	average	of	42	±	17	m2/ha.	

The	 relationship	between	measured	and	estimated	basal	 area	obtained	by	applying	a	

LOOCV	approach	is	illustrated	in	Fig.	3.	5.	The	simple	linear	model	yielded	an	R2	value	of	

0.60,	 a	 RMSE	 value	 of	 9	 m2/ha,	 and	 a	 rRMSE	 value	 of	 23%	 (Fig.	 3.	 5a).	 The	 stepwise	

multiple	regression	model	produced	a	higher	R2	(R2	=	0.68),	and	decreased	the	RMSE	and	

the	rRMSE	values	to	8	m2/ha	and	20%.	This	result	is	in	line	with	the	findings	of	Mutanga	&	

Skidmore	 [62],	 who	 concluded	 that	 the	 use	 of	 stepwise	multiple	 regression	 using	 band	

depth	information	improved	structural	parameter	estimation	(biomass).	The	suitability	of	

band	 depth	 indices	 to	 assess	 vegetation	 structural	 attributes	 has	 been	 indicated	 by	

previous	studies	[52],	[69],	[90],	[95],	[96].	
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Fig.	 3.	 4.	 Predicted	 map	 of	 forest	 basal	 area	 in	 Val	 Trupchun;	 an	 APEX	 true	 color	 composite	 is	 used	 as	
background.	

As	can	be	observed	from	Fig.	3.	5(a)	and	(b),	the	linear	relationship	between	estimated	

and	measured	basal	area	is	stronger	for	the	stepwise	multiple	regression	model	than	for	

the	simple	model.	In	fact,	for	the	simple	model,	the	trend	line	is	closer	to	power	form	(non-

linear)	 than	 to	 a	 linear	 relationship	 in	 a	way	 that	 applying	 an	 exponential	model	would	

increase	the	model	performance	(R2	=	0.63).	The	bootstrapping	approach	(Table	S3.	4,	Fig.	

S3.	5	Fig.	S3.	6)	confirms	the	statistics	of	the	leave-one-out	cross	validation	approach	and	

yielded	a	R2	of	0.68	and	a	rRMSE	of	20%.	
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Fig.	 3.	 5.	 Agreement	 of	 estimated	 basal	 area	with	 in-situ	 data;	 (a)	 simple	 regression	model	 based	 on	 a	 SR	

index;	 (b)	 stepwise	 multiple	 regression	 model	 based	 on	 a	 band	 depth	 index	 and	 a	 SR	 type	 index.	 The	

corresponding	wavelengths	of	the	indices	are	given	in	Table	3.	4.	Coefficient	of	determination	(R2	±	SD),	root	

mean	square	error	(RMSE	±	SD),	and	relative	root	mean	square	error	of	prediction	(rRMSE	±	SD)	are	shown.	

3.3.2.3 Volume	

Considering	all	potential	band	combinations	for	SR,	NDVI,	PVI	and	SAVI2	type	 indices	

for	 forest	volume,	the	strength	of	relationship	 increased	from	the	VIS	to	the	SWIR	for	all	

generated	 VIs	 (Fig.	 S3.	 7).	 Maximum	 R2	 was	 higher	 for	 SR,	 NDVI,	 and	 PVI	 type	 indices	

compared	to	SAVI2.	The	similar	sensitive	spectral	region	to	predict	volume	using	SR	and	

NDVI	type	indices	observed	and	mainly	located	in	the	SWIR	(Fig.	S3.	7	(a)	and	(b)).	These	

two	 types	of	VIs	 are	 functionally	 similar	 and	 thus	 contain	 the	 same	 information	 [97].	 In	

addition	to	the	SWIR	region,	parts	of	the	VIS	and	NIR	regions	showed	sensitivity	to	predict	

volume	using	PVI	and	SAVI2	type	indices	(Fig.	S3.	7(c)	and	(d)).	

Table	S3.	5	lists	the	best	narrow-band	VIs	derived	from	2D	correlograms	based	on	a	set	

of	 criteria	 introduced	 in	 the	method	section	 to	estimate	volume.	The	maximum	R2	value	

varied	from	0.61,	0.61,	0.64,	to	0.38	using	the	SR,	NDVI,	PVI,	and	SAVI2.	A	PVI	type	index	

located	in	the	SWIR	(1993	nm	and	2091	nm)	provided	more	information	to	estimate	forest	

volume	 than	 the	 other	 categories	 of	 VIs	 (i.e.,	 SR,	 NDVI,	 and	 SAVI2	 type).	 The	 predictive	

performance	of	a	SR	and	a	NDVI	type	index	(1993	nm	and	2385	nm),	both	with	R2	=	0.61,	

was	slightly	lower	than	in	the	case	of	PVI.	Table	S3.	5	 indicates	the	suitability	of	the	SWIR	

region	for	forest	volume	estimation.	Our	findings	correspond	with	Schlerf	et	al.	[61],	who	

reported	 highest	 correlations	 of	 narrow-band	 indices	 with	 forest	 crown	 volume	 in	

wavelengths	related	to	water	absorption	features	in	the	SWIR.	In	contrast,	Cho	et	al.	[39]	
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found	that	VIs	based	on	the	contrast	between	reflectance	values	in	the	red-edge	shoulder	

of	 the	 spectrum	 and	 in	 water	 absorption	 features	 are	 related	 to	 forest	 structural	

attributes.	The	relationship	between	the	SWIR	spectral	information	and	forest	volume	has	

been	reported	elsewhere	 [7],	 [85].	However,	 some	study	reported	red	and	near-infrared	

spectral	 bands	 as	 good	 predictors	 to	 estimate	 forest	 volume	 [17].	 A	 stepwise	 multiple	

regression	 analysis	 on	 all	 optimal	 VIs	 listed	 in	 Table	 S3.	 5	 did	 not	 improve	 the	 model	

performance	(data	not	shown).	

The	combined	use	of	optimal	narrow-band	VIs	and	band	depth	indices	was	assessed	to	

predict	forest	volume	using	a	stepwise	multiple	regression.	It	is	evident	from	Table	3.	5	that	

the	 stepwise	 multiple	 regression	 model	 (including	 a	 PVI	 type	 VI	 and	 a	 NBDI	 index)	

obtained	a	higher	R2	compared	to	the	best	performing	simple	linear	model.	The	result	of	

an	ANOVA	test	(p	=	0.024)	indicated	a	statistically	significant	difference	between	the	two	

models	 at	 5%	 significance	 level.	 The	 significant	wavelengths	 in	 both	 the	 simple	 and	 the	

stepwise	multiple	 regression	model	 are	 located	 in	 the	 SWIR	part	 of	 the	 spectrum.	From	

our	results,	 it	appears	that	the	band	depth	indices	have	a	high	potential	 for	an	improved	

estimation	of	forest	volume	and	forest	structure	attributes	in	general.	This	might	be	due	to	

the	 capability	 of	 such	 indices	 to	 minimize	 effects	 of	 external	 influences,	 such	 as	

atmospheric	water	vapor,	soil	background	[71]	and	BRDF	effects	[68].		

Table	3.	5	

Best	performing	simple	and	stepwise	multiple	regression	models	to	estimate	volume.	

Variable	 Model	 Wavelength	(nm)	 R2	 VIF	
Volume Y=3.27*PVI+59.79	 1993,	2091	 0.64	 -	

Y=-	2052.02*NBDI_SWIR1+3.33*PVI	
+185.91	

NBDI_SWIR1:	1698	
PVI:	1993,	2091	

0.72	 1.03	
1.03	

The	 volume	 thematic	 map	 generated	 from	 APEX	 IS	 data	 is	 shown	 in	 Fig.	 3.	 6.	 The	
average	estimated	forest	volume	was	431	±	149	m3/ha.	Fig.	3.	7	illustrates	the	agreement	
between	measured	and	estimated	forest	volume	for	the	simple	and	the	stepwise	multiple	
regression	model.	The	simple	model	explained	68%	of	variability	in	volume	estimation	(R2	
=	 0.68,	 RMSE	 =	 101	 m3/ha,	 and	 rRMSE	 =	 24)	 based	 on	 a	 PVI	 type	 index	 involving	
wavelengths	at	1993	nm	and	2091	nm.	The	stepwise	multiple	regression	model	showed	an	
improvement	 in	 volume	 prediction	 (R2	 =	 0.73,	 RMSE	 =	 90	 m3/ha,	 and	 rRMSE	 =	 22%)	
including	 a	 combination	 of	 a	 PVI	 type	 index	 and	 a	 band	 depth	 index	 (NBDI).	 The	
bootstrapping	 (Table	 S3.	 6,	Fig.	S3.	8	and	Fig.	S3.	9)	yielded	similar	 results	compared	 to	
cross	validation	approach,	with	a	R2	of	0.72	and	a	rRMSE	of	22%.		
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Fig.	 3.	 6.	 Map	 and	 frequency	 distribution	 of	 estimated	 forest	 volume	 in	 Val	 Trupchun;	 an	 APEX	 true	 color	
composite	is	used	as	background.	

 
Fig.	3.	7.	Agreement	of	estimated	volume	with	is-situ	data;	(a)	simple	model	based	on	a	PVI	index;	(b)	stepwise	

multiple	 regression	 model	 based	 on	 a	 combination	 of	 a	 band	 depth	 index	 and	 a	 PVI	 type	 index.	 The	

corresponding	wavelengths	of	the	indices	are	given	in	Table	3.	5.	Coefficient	of	determination	(R2	±	SD),	root	

mean	square	error	(RMSE	±	SD),	and	relative	root	mean	square	error	of	prediction	(RMSE%	±	SD)	are	shown.	
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3.4 Discussion	

3.4.1 Reliability	of	structural	parameter	retrieval	from	APEX	data	

3.4.1.1 Canopy	closure	

Sensitive	 band	 combinations	 to	 predict	 canopy	 closure	 were	 selected	 from	 the	 red-

edge,	NIR,	and	SWIR	part	of	the	spectrum.	These	results	are	in	line	with	previous	studies	

suggesting	optimal	combinations	for	estimation	of	 forest	structural	attributes	 in	the	red-

edge	region	[62],	[67],	[98]	and	in	the	NIR	and	SWIR	spectral	regions	[55],	[58],	[99].	Our	

canopy	closure	estimates	are	comparable	or	even	higher	than	results	reported	elsewhere.	

For	example,	Schlerf	et	al.	[61]	employed	a	PVI	index	based	on	wavelengths	at	885	nm	and	

954	 nm	 with	 an	 R2	 of	 0.79	 to	 map	 crown	 volume	 in	 a	 relatively	 homogenous	 Norway	

spruce	 (Picea	 abies)	 stand.	 Although	 we	 assessed	 the	 capability	 of	 APEX	 IS	 data	 in	 a	

heterogeneous	 ecosystem	 with	 complicated	 stand	 structure	 and	 tree	 composition,	 our	

results	 are	 slightly	 higher	 than	 those	 reported	 in	 Schlerf	 et	 al.	 [61].	 We	 conclude	 that	

heterogeneity	helps	to	increase	the	spectral	sensitivity	required	to	infer	forest	structural	

variables	due	to	increased	contrast	between	canopy	and	background	reflectance	[100].	In	

other	 words,	 a	 highly	 dynamic	 spectral	 range,	 as	 found	 in	 heterogeneous	 areas,	

contributes	to	improved	forest	canopy	closure	estimations	[101].	Reported	accuracies	for	

canopy	 closure	 estimates	 in	 previous	 studies	 utilizing	 multispectral	 [7],	 [102]–[104],	

hyperspectral	[22],	or	a	fusion	of	active	and	passive	data	[21],	ranged	between	0.50-	0.88	

(R2)	and	15-30%	(relative	RMSE).	The	performances	of	our	simple	and	stepwise	multiple	

regression	model	lie	in	the	reported	accuracy	ranges.	However,	the	relative	RMSE	error	of	

10%	indicates	a	remarkably	higher	accuracy	of	canopy	closure	estimation.	 It	 is	worth	 to	

note	that	an	acceptable	level	of	error	for	operational	forest	inventory	is	10%	[105].		

3.4.1.2 Basal	area	

The	accuracy	of	 the	stepwise	multiple	 regression	 to	 retrieve	basal	area	 is	better	 than	

previously	 reported	 results	 that	 employed	 IS	 data	 to	 estimate	 basal	 area.	 Hyyppä	 et	 al.	

[15],	 for	example,	achieved	an	R2	=	0.58	and	a	relative	RMSE	of	35%	using	data	 from	an	

AISA	 sensor.	 Defibaugh	 y	 Chávez	&	 Tullis	 [20]	 estimated	 the	 basal	 area	with	 an	 R2	 less	

than	0.30	and	a	relative	RMSE	of	50%.	Anderson	et	al.	[106]	reported	an	R2	value	of	0.40	

for	 the	 basal	 area	 prediction	 using	 Airborne	 Visible/Infrared	 Imaging	 Sensor	 (AVIRIS)	

data.	 Lefsky	 et	 al.	 [25]	 predicted	 basal	 area	with	 an	R2	 value	 of	 0.36	 using	AVIRIS	 data.	

However,	our	R2	value	was	lower	than	the	R2	value	of	Welter	et	al.	[102].	They	used	SPOT5	

data	to	model	the	basal	area.	Literature	reports	R2	and	RMSE%	for	estimating	basal	area	
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between	 0.20-0.75	 and	 20-50%	 [20],	 [102],	 [106].	 The	 performance	 of	 our	 simple	 and	

stepwise	 multiple	 regression	 models	 lie	 in	 the	 accuracy	 range	 reported	 in	 previous	

studies.		

3.4.1.3 Volume	

Our	 two	 models	 tend	 to	 overestimate	 low	 values	 and	 underestimate	 high	 volume	

values	 (Fig.	3.	7),	 an	effect	known	as	 ‘local	bias’	 [39].	Deviations	between	estimated	and	

measured	 forest	volume	are	 largest	 for	values	around	300-500	m3/ha,	 strongly	affecting	

model	 accuracies.	 A	 possible	 explanation	 of	 this	 effect	 may	 be	 related	 to	 changes	 in	

composition	and	vertical	structure	of	the	respective	forest	stands.	In	general,	they	consist	

of	a	dominant	tree	(larch),	which	forms	the	upper	tree	story,	and	two	associated	species	

(i.e.	Swiss	stone	pine	and	Norway	spruce),	which	dominate	the	middle	and	lower	parts	of	

the	canopy.	As	the	upper	part	of	the	forest	story	is	clearly	seen	by	an	imaging	device,	the	

underlying	 tree	 stories	may	 be	 hidden.	 Therefore,	 the	 true	 spectral	 variation	 cannot	 be	

accurately	modeled	by	a	simple	relationship	[57],	resulting	in	a	poor	relationship	between	

measured	 and	 estimated	 forest	 volume.	 This	 problem	might	 be	 partly	 solved,	 if	 a	 type	

specific	calibration	is	applied	or	additional	forest	attributes	(e.g.,	stand	age,	site	index)	are	

considered	[17].	Nevertheless,	the	performance	of	our	models	is	more	accurate	than	what	

was	achieved	by	previous	studies	that	employed	IS	data	to	estimate	forest	volume.	Hyyppä	

et	al.	 [15]	predicted	 forest	volume	with	an	R2	of	0.55	and	a	 relative	RMSE	of	45%	using	

AISA	IS	data	with	30	spectral	bands	(466-870	nm).	In	the	case	of	APEX,	the	availability	of	a	

larger	spectral	range	incorporating	the	SWIR	region	might	explain	why	our	models	yielded	

a	 higher	 accuracy.	 Recently,	 Hill	 et	 al.	 [107]	 assessed	 the	 capability	 of	 LIDAR	 Canopy	

Height	Models	(CHM)	and	forest	 inventory	data	to	map	timber	volume	in	a	mountainous	

study	site	in	Eastern	Switzerland	using	a	multiple	linear	regression	model	approach.	They	

obtained	an	R2	value	of	0.64	and	a	RMSE	of	123	m3/ha	(31%	of	the	mean).	Interestingly,	

both	our	simple	and	stepwise	multiple	regression	model	performed	slightly	better	[107].	

The	relative	error	of	volume	estimation	using	optical	remote	sensing	has	been	reported	

between	 20-75%	 [63],	 [108],	 [109].	 It	 should	 be	 mentioned	 that	 for	 operational	 forest	

management	the	acceptable	level	of	estimation	error	is	15%	at	stand	level	[108].	Although	

APEX	 derived	 forest	 volume	 showed	 a	 significant	 improvement	 in	 estimation	

performance,	 the	method	 is	not	 yet	 accurate	 enough	 for	operational	 forest	management	

from	an	accuracy	requirements	point	of	view.	
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3.4.2 Reliability	of	empirical	approaches	to	estimate	canopy	structural	variables	
from	IS	data		

Our	 results	 are	 in	 line	 with	 many	 other	 studies	 [39],	 [46],	 [47],	 [61]	 and	 clearly	

demonstrate	that	empirical-statistical	methods	allow	relating	spectroscopy	measurements	

with	 forest	 structural	 variables	 and,	 thus,	 quantifying	 them.	However,	 it	 is	 important	 to	

interpret	 such	 empirical	 results	 in	 the	 context	 of	 causality.	 Measurements	 of	 reflected	

radiance	in	the	optical	spectral	domain	are	per	se	less	or	not	sensitive	for	forest	structural	

variables,	 particularly	 for	 the	 variables	 basal	 area	 or	 timber	 volume.	 In	 fact,	 optical	

measurements	 are	 mostly	 representative	 for	 the	 upper	 canopy	 part,	 and	 derived	

information	 tends,	 for	 example,	 to	 saturate	 with	 increasing	 canopy	 volume	 [40],	 [110],	

[111].	 This	 indicates	 that	 results	 obtained	 in	 our	 study	 are	 likely	 based	 on	 secondary	

relationships.	The	explanation	why	we	found	significant	correlations	between	IS	data	and	

forest	 structural	 variables	 is	 that	 certain	 forest	 structural	 variables	 (i.e.,	 basal	 area,	

volume)	 are	 related	 to	 structural	 variables	 (i.e.,	 canopy	 cover)	 directly	 affecting	 the	

radiative	 transfer	of	 optical	measurements.	 In	 fact,	 based	on	our	 field	data	we	observed	

significant	correlation	between	canopy	cover	and	both	volume	(r(35)	=	0.62,	p	<	0.01)	and	

basal	 area	 (r(35)	 =	 0.74,	 p	 <	 0.01)	 (Table	 S3.	 7).	 In	 addition,	 the	 combination	 of	 forest	

structural	 variables	 and	 sun	 illumination	 causes	 specific	 patterns	 of	 cast	 shadow.	 These	

illumination	 effects	 often	 persist	 after	 atmospheric	 compensation,	 particularly	 for	

heterogeneous	 surfaces	 measured	 in	 high	 spatial	 resolution	 [112].	 These	 processing	

artifacts	 eventually	 translate	 into	 optical	 indices	 derived	 and	 allow	 relating	 them	 with	

canopy	structural	variables	as	shown	with	our	results.		

The	 contradiction	 between	 good	 empirical	 findings	 obtained	 and	 missing	 causality	

implies	two	things.	First,	it	is	possible	to	apply	relatively	simple	methods	to	retrieve	forest	

structural	 information	 from	 spectroscopy	 data,	 if	 extensive	 reference	 data	 are	 available	

and	the	empirical	models	are	only	applied	to	a	specific	canopy	at	particular	time,	observed	

with	 a	 specific	 sensor	 [41].	 Second,	 obtained	 results	must	 be	 interpreted	 very	 carefully:	

extreme	values	or	observed	anomalies	are	likely	caused	by	the	limited	representativeness	

of	underlying	empirical	models.		

3.4.3 Strategies	for	improved	simultaneous	retrieval	of	biochemical	and	structural	
plant	traits	

The	 great	 advantage	 of	 optical	 RS	 data	 is	 that	 they	 allow	 retrieving	 various	 plant	

functional	traits	and	these	data	are	frequently	used	to	estimate	forest	structural	attributes.	

According	 to	our	discussion	 above,	 several	 problems	are,	 however,	 related	 to	 the	use	of	
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optical	RS	data	in	combination	with	empirical	approaches	to	retrieve	structural	variables.	

Particularly	in	closed	dense	forests	with	a	complex	and	multi-layered	canopy	[25],	[113],	

spectral	 signals	 and	 eventually	 derived	 empirical	 models	 saturate.	 Further,	 calculated	

surface	reflectances	are	typically	affected	by	shadowing	and	BRDF	effects,	contributions	of	

the	 soil	 background,	 and	 atmospheric	 conditions.	 Active	 RS	 systems	 such	 as	 LiDAR	 are	

more	 suitable	 for	 capturing	 structural	 forest	 information,	 but	 also	 suffer	 from	 certain	

limitations	 (i.e.,	 data	are	expensive,	 their	 availability	 is	 limited	 in	 coverage,	 they	may	be	

prone	to	low	point	density,	algorithms	to	generate	digital	surface	and	terrain	model	suffer	

from	 shortcomings)	 and,	 importantly,	 do	 not	 allow	 obtaining	 functional	 or	 biochemical	

plant	traits.		

With	 increasing	 evidence	 it	 can	 be	 concluded	 that	 there	 is	 no	 single	 RS	 technology	

available	 to	 consistently	 retrieve	 forest	 structural	 attributes	 [20],	 [21],	 [114],	 [115].	The	

combination	 of	 both	 technologies	 is	 considered	 the	most	 promising	 strategy	 to	 provide	

highly	accurate	estimates	of	forest	structural	attributes	[66],	[106],	[116]	and	other	plant	

traits	 [117],	 [118].	 Future	 research	 attempts	 are	 needed	 to	 properly	 evaluate	 the	

capability	 of	 combined	 approaches	 and	 to	 tackle	 various	 technical	 issues	 such	 as	 the	

temporal	and	geometric	integration	of	these	complementary	observational	approaches.	

3.5 Conclusion	

We	conclude	that	APEX	data	in	combination	with	empirical-statistical	approaches	allow	

estimating	forest	structural	attributes	including	canopy	closure,	basal	area	and	volume	in	

heterogeneous	alpine	ecosystems.	The	two	tested	simple	and	stepwise	multiple	regression	

models,	 applied	 to	 narrow-band	 indices	 and	 band	 depth	 indices,	 provide	 a	 relatively	

simple	 analytical	 framework	 for	 forest	 structural	 parameter	 retrievals	but	 at	 the	 cost	 of	

causality	 between	 surface	 information	 and	 light	 interaction.	 Among	 the	 structural	

attributes,	canopy	closure	was	predicted	more	accurately	than	basal	area	and	volume.	The	

SWIR	region	of	 the	 reflectance	spectrum	was	 found	 to	be	particularly	 sensitive	 to	 forest	

structural	attributes	and	could	be	used	to	predict	relevant	parameters.	The	availability	of	a	

high	quality	imaging	spectrometer	with	high	signal	to	noise	ratio	(SNR),	especially	in	the	

SWIR	region,	is,	thus,	crucial	for	forest	research.	Once	a	simple	model	was	applied,	the	use	

of	 a	 PVI	 type	 narrow-band	 index	 showed	 a	 strong	 correlation	with	 canopy	 closure	 and	

volume.	However,	more	variation	was	explained	by	using	a	SR	type	index	to	estimate	basal	

area.	Stepwise	multiple	 regression	models	based	on	a	combined	use	of	narrow-band	VIs	

and	 band	 depth	 indices	 provided	 improved	 estimates	 of	 forest	 structural	 attributes	

compared	 to	 simple	 models	 that	 apply	 only	 narrow-band	 type	 indices.	 We	 therefore	
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conclude	 that	 band	 depth	 indices	 generated	 from	 continuum	 removed	 spectra	 in	

combination	 with	 simple	 narrow-band	 indices	 can	 be	 used	 to	 predict	 forest	 structural	

variables,	in	particular	for	canopy	closure	assessment.	This	methodology,	however,	needs	

further	 investigation	 in	different	 forest	 ecosystems	with	different	 structural	 and	 species	

compositions.	

Considerable	 effort	has	been	made	by	numerous	 researchers	 to	 successfully	 estimate	

forest	 structural	 attributes	using	 empirical	 approaches	 [119].	However,	 results	 obtained	

from	empirical	approaches	are	 limited	 in	 their	 representativeness	and	are	only	valid	 for	

specific	 vegetation	 types,	 phenological	 state,	 and	 sensors.	 Further,	 underlying	 empirical	

models	rely	on	extensive	in-situ	data.	Both	aspects	question	the	operational	applicability	

of	empirical	approaches	to	retrieve	complex	surface	information	such	as	forest	structural	

variables.	Physically-based	approaches	may	partly	overcome	these	limitations	but	will	still	

face	the	problem	of	a	limited	sensitivity	of	optical	data	for	structural	vegetation	variables.		

We	 suggest	 combining	 active	 and	 passive	 RS,	 two	 complementary	 techniques	 that	

provide	 optimal	 capability	 and	 sensitivity	 to	 characterize	 complex	 forest	 ecosystems.	

Active	systems	are	the	preferred	solution	to	obtain	various	structural	 information,	while	

optical	 systems	 can	 provide	 complementary	 information	 about	 other	 important	 plant	

functional	traits.		
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Support	Information	

	

Fig.	 S3.	 1.	 Correlograms	 showing	 the	 coefficients	 of	 determination	 (R2)	 between	 VIs	 for	 all	 two-band	

combinations	and	forest	canopy	cover.	(a)	simple	ratio	(SR)	type;	(b)	NDVI	type	;	(c)	PVI	type;	(d)	SAVI2	type.	

Table	S3.	1	

Best	narrow-band	VIs	derived	from	2D	correlograms	to	estimate	canopy	cover.	

Vegetation	index	 ρ1(nm)	 ρ2(nm)	 R2	

SR	Type	

2326	 1993	 0.58	
2404	 1993	 0.61	
2267	 1993	 0.51	
2253	 2204	 0.62	
2204	 2253	 0.61	

NDVI	Type	

2204	 2253	 0.61	
1993	 2273	 0.51	
1993	 2326	 0.54	

1993	 2391	 0.53	

PVI	Type	

1716	 553	 0.54	
1707	 586	 0.53	
883	 763	 0.76	
1654	 1545	 0.52	
1724	 1554	 0.55	
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1698	 1654	 0.62	
569	 1689	 0.53	
1698	 1776	 0.52	
2162	 1993	 0.56	
1636	 1993	 0.52	
1716	 2155	 0.52	
1716	 2232	 0.52	

SAVI2	Type	

895	 754	 0.65	
2162	 1993	 0.55	
2239	 1993	 0.55	
2287	 1993	 0.57	
2385	 1993	 0.61	

	

Table	S3.	2	

Bootstrap	results	for	the	best	simple	and	the	best	stepwise	multiple	regression	model	to	estimate	canopy	

closure.	

Feature	 Bootstrap	R2	 Bootstrap	RMSE	(%)	 Bootstrap	rRMSE	(%)	
Mean	 SD	 Mean	 SD	 Mean	 SD	

Simple	Regression	 0.60	 0.14	 9.26	 1.35	 14.90	 2.38	
Multiple	Regression	 0.82	 0.07	 6.22	 0.78	 10.01	 1.34	
	

	

Fig.	 S3.	 2.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 simple	
regression	 model	 to	 estimate	 canopy	 closure.	 The	 solid	 line	 represents	 the	 mean	 value,	 both	 dashed	 lines	
indicate	he	upper	and	lower	bounds	for	the	95	percent	confidence.	

	

Fig.	 S3.	 3.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 multiple	
regression	 model	 to	 estimate	 canopy	 closure.	 The	 solid	 line	 represents	 the	 mean	 value,	 both	 dashed	 lines	
indicate	he	upper	and	lower	bounds	for	the	95	percent	confidence.	
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Fig.	 S3.	 4.	 Correlograms	 showing	 the	 coefficients	 of	 determination	 (R2)	 between	 VIs	 for	 all	 two-band	

combinations	and	basal	area.	(a)	simple	ratio	(SR)	type;	(b)	NDVI		type;	(c)	PVI	type;	(d)	SAVI2	type.	

Table	S3.	3	

Best	narrow-band	VIs	derived	from	2D-correlograms	to	estimate	basal	area.	

Vegetation	Index	 ρ1(nm)	 ρ2(nm)	 R2	

SR	Type 

1618	 1724	 0.58	
2112	 1993	 0.51	
2293	 1993	 0.53	
2385	 1993	 0.63	
1993	 2300	 0.50	
1993	 2385	 0.61	

NDVI	Type 
1618	 1724	 0.58	
1993	 2293	 0.52	
1993	 2391	 0.62	

PVI	Type 1993	 2112	 0.55	
1993	 2211	 0.50	

SAVI2	Type 1716	 1993	 0.42	
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Table	S3.	4	

Bootstrap	results	for	the	best	simple	and	the	best	stepwise	multiple	regression	model	to	estimate	basal	area.	

Feature	 Bootstrap	R2	 Bootstrap	RMSE	(m2/ha)	 Bootstrap	rRMSE	(%)	
Mean	 SD	 Mean	 SD	 Mean	 SD	

Simple	regression	 0.60	 0.11	 9.51	 1.34	 22.88	 3.28	
Multiple	regression	 0.68	 0.07	 8.50	 1.01	 20.45	 2.47	
	

	

	

Fig.	 S3.	 5.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 simple	
regression	model	to	estimate	basal	area.	The	solid	line	represents	the	mean	value,	both	dashed	lines	indicate	
he	upper	and	lower	bounds	for	the	95	percent	confidence.	

	

	

	

Fig.	 S3.	 6.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 multiple	
regression	model	 to	estimate	basal	area.	The	solid	 line	shows	the	mean	value	and	the	dashed	 lines	show	he	
upper	and	lower	bounds	for	the	95	percent	confidence.	



Estimation of Alpine Forest Structural Variables from Imaging Spectrometer Data  

	

101	
	

	

Fig.	 S3.	 7.	 Correlograms	 showing	 the	 coefficients	 of	 determination	 (R2)	 between	 VIs	 for	 all	 two-band	

combinations	and	timber	volume.	(a)	simple	ratio	(SR)	type;	(b)	NDVI	type;	(c)	PVI	type;	(d)	SAVI2	type.	

Table	S3.	5	

Best	narrow-band	VIs	derived	from	2D-correlograms	to	estimate	volume	

Vegetation	Index	 ρ1(nm)	 ρ2(nm)	 R2	

SR	Type 

2293	 1993	 0.54	
2385	 1993	 0.61	
1993	 2105	 0.53	
1993	 2300	 0.55	
1993	 2385	 0.61	

NDVI	Type	
1993	 2098	 0.53	
1993	 2293	 0.55	
1993	 2385	 0.61	

PVI	Type	
2105	 2001	 0.56	
1993	 2091	 0.64	
1993	 2155	 0.54	

SAVI2	Type	 2287	 1993	 0.38	
Table	S3.	6	

Bootstrap	results	for	the	simple	and	the	best	stepwise	multiple	regression	model	to	estimate	timber	volume.	

Feature	 Bootstrap	R2	 Bootstrap	RMSE	(m3/ha)	 Bootstrap	rRMSE	(%)	
Mean	 SD	 Mean	 SD	 Mean	 SD	

Simple	Regression	 0.68	 0.10	 101.04	 11.91	 24.29	 3.42	
Multiple	Regression	 0.72	 0.07	 93.11	 8.77	 22.38	 2.53	
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Fig.	 S3.	 8.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 simple	
regression	 model	 to	 estimate	 timber	 volume.	 The	 solid	 line	 represents	 the	 mean	 value,	 both	 dashed	 lines	
indicate	he	upper	and	lower	bounds	for	the	95	percent	confidence.	

	

	

Fig.	 S3.	 9.	 Histogram	 of	 R2,	 RMSE,	 and	 rRMSE	 as	 obtained	 from	 the	 bootstrapping	 for	 the	 best	 multiple	
regression	 model	 to	 estimate	 timber	 volume.	 The	 solid	 line	 represents	 the	 mean	 value,	 both	 dashed	 lines	
indicate	he	upper	and	lower	bounds	for	the	95	percent	confidence.	

Table	S3.	7	

.	Correlation	between	measured	basal	area,	forest	volume	and	canopy	closure	(N	=	number	of	field	plots,	**	=	

correlation	is	significant	at	the	0.01	level,	Sig.	=	indicates	the	p-value	to	check	for	significance).	

	 Canopy	Closure	 Basal	Area	 Volume	

Canopy	
Closure	

Pearson	Correlation	 1	 0.741**	 0.627**	
Sig.		 	 0.000	 0.000	
N	 35	 35	 35	

Basal	Area	
Pearson	Correlation	 0.741**	 1	 0.946**	
Sig.		 0.000	 	 0.000	
N	 35	 35	 35	

Volume	

Pearson	Correlation	 0.627**	 0.946**	 1	

Sig.		 0.000	 0.000	 	

N	 35	 35	 35	
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Abstract	

Tree	density	(TD)	and	forest	productivity	(FP)	are	important	forest	variables,	fundamental	

to	 forest	 management	 and	 planning,	 and	 crucial	 to	 understand	 feedbacks	 of	 forest	

ecosystems	to	environmental	change.	Since	TD	and	FP	are	sensitive	to	resource	gradients,	

both	variables	are	interrelated	and	vary	with	abiotic	factors	such	as	topography,	moisture	

and	nutrient	regimes.	Reliable	information	about	spatial-temporal	variability	of	TD	and	FP	

across	 ecological	 scales	 is	 essential	 for	 ecosystem	 research.	 However,	 conventional	

inventory	 approaches	 are	 challenged,	 particularly	 in	 remote	 and	 structurally	 complex	

landscapes,	 and	 new	 monitoring	 approaches	 are	 urgently	 required.	 We	 consequently	

outline	an	approach	combining	Airborne	Laser	Scanning	(ALS)	and	Imaging	spectroscopy	

(IS)	 to	 quantify	 and	 assess	 patterns	 of	 TD	 and	 FP	 in	 a	 protected	 heterogeneous	 alpine	

forest	 in	 the	 Swiss	 National	 Park	 (SNP).	 We	 use	 ALS	 data	 and	 a	 local	 maximum	 (LM)	

approach	 to	 calculate	 TD,	 as	 well	 as	 imaging	 spectrometer	 data	 (Airborne	 Prism	

Experiment	 -	 APEX)	 and	 a	 simple	 empirical	 model	 to	 estimate	 FP.	 We	 investigate	 the	

dependency	of	TD	and	FP	on	site	related	 factors,	 in	particular	on	surface	exposition	and	

elevation.	 Based	 on	 reference	 data	 (i.e.,	 1,598	 trees	 measured	 in	 35	 field	 plots),	 we	

observed	 an	 underestimation	 of	 ALS-based	 TD	 estimates	 of	 40%	 that	 is	 even	 more	

pronounced	 for	 small	 trees	 (70%).	 Our	 results	 suggest	 a	 limited	 sensitivity	 of	 the	 ALS	

approach	to	small	trees	as	well	as	a	dependency	of	TD	estimates	on	canopy	heterogeneity,	

structure,	 and	 species	 composition.	We	 found	a	weak	 to	moderate	 relationship	between	

surface	elevation	and	TD	(R2	=	0.18-0.69)	and	a	less	pronounced	trend	with	FP	(R2	=	0.0-

0.56),	suggesting	that	both	variables	depend	on	gradients	of	resource	availability.	Beside	

faced	limitations	in	the	sensitivity	of	applied	approaches,	we	conclude	that	the	combined	

application	 of	 ALS	 and	 IS	 data	 renders	 an	 efficient	 alternative	 to	 provide	 relevant	

information	 to	 gain	 understanding	 on	 relationships	 between	 TD	 and	 FP	 in	 complex	

structured	landscapes	across	ecological	scales.	
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4.1 Introduction	

Tree	density	(TD)	and	forest	productivity	(PF)	are	important	structural	and	functional	

variables	 of	 forest	 ecosystems.	 TD,	 defined	 as	 the	 number	 of	 trees	 per	 unit	 area	 [1],	 is	

along	 with	 other	 structural	 information	 (e.g.,	 species	 composition,	 canopy	 closure,	 tree	

height,	and	timber	volume),	fundamental	for	forest	management	planning	[2].	TD	provides	

information	on	stand	basal	area,	timber	volume	[3],	and	aboveground	carbon	storage	[4].	

In	managed	forest	ecosystems,	TD	information	allows	indicating	essential	treatments	such	

as	thinning,	or	to	develop	strategies	to	increase	regeneration	rates	if	the	number	of	trees	is	

too	small	[5].	Particularly	in	unmanaged	and	protected	forests,	TD	is	crucial	to	determine	

forest	succession	dynamics	[6],	and	assess	spatio-temporal	patterns	in	tree	mortality	[7].	

Gross	primary	production	(GPP),	defined	as	the	capacity	of	a	forest	to	gain	carbon	through	

photosynthesis	over	a	given	time	period,	has	been	widely	used	to	quantify	FP	[8],	[9].	FP	is	

important	 to	 understand	 feedbacks	 of	 forests	 to	 climate	 change	 (i.e.,	 rising	 atmospheric	

CO2	 concentrations	 [10])	 and	 other	 natural	 disturbances	 such	 as	 insect	 and	 pathogen	

attacks	 [11].	 Further,	 FP	 information	 facilitates	 the	 design	 of	 optimal	 silvicultural	

guidelines	 [12]	 and	 multi-temporal	 assessments	 of	 FP	 have	 shown	 a	 great	 potential	 to	

assess	 growth	 patterns	 of	 different	 forest	 types	 including	 virgin,	 natural	 or	 managed	

forests	[13].		

TD	 and	 FP	 balance	 each	 other	 by	 both	 determining	 the	 availability	 of	 resources,	 are	

complementary	information	variables	to	characterize	forest	ecosystems,	and	are	valuable	

input	 for	 broad-scale	 modeling	 of	 biological	 and	 biogeochemical	 processes	 [14].	

Understanding	the	relationship	between	FP	and	TD	is	important	for	ecologists	and	forest	

managers	 [15].	 However,	 only	 few	 studies	 exploited	 inter-dependencies	 at	 larger	

ecosystem	scales	so	far	[4].	Further,	ecologists	are	interested	in	abiotic	components	such	

as	topography	that	often	has	a	strong	influence	on	structure,	composition,	and	function	of	

forest	ecosystems	 [16].	Topography	(i.e.,	 elevation)	has	been	 identified	as	an	easy	proxy	

for	 resource	 availability	 and	 spatial	 pattern	 of	 ecosystem	 properties	 [17].	 Changes	 in	

elevation	can	open	up	major	changes	in	community-averaged	leaf	traits	[18],	which	in	turn	

may	 affect	 FP.	 Asner	 et	 al.	 (2016)	 [19]	 emphasized	 the	 lack	 of	 knowledge	 about	 the	

contribution	 of	 elevation	 on	 plant	 functional	 traits	 at	 different	 scales.	 Such	 information	

would	allow	modeling	and	predicting	spatial	variation	in	ecosystem	processes	at	any	given	

point	 along	 elevation	 gradients.	 In	 addition,	 the	 interrelation	 between	 FP	 and	 TD	 with	

elevation	 also	 can	 provide	 crucial	 information	 to	 determine	 tree-line	 elevation	 [20].	
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Nevertheless,	 the	 assessment	 of	 such	 relations	 between	 forest	 functional	 and	 structural	

attributes	remains	largely	underrepresented	at	ecosystem	scale.	

Field	surveys	are	still	the	most	accurate	approach	to	collect	structural	forest	attributes	

[21],	 [22].	 The	 advantage	 of	 the	 high	 accuracy	 achievable	 is	 often	 counterbalanced	 by	

substantial	costs	and	difficulties	to	obtain	 information	for	 large,	remote,	and	structurally	

complex	 forest	 areas	 [3].	 Further,	 providing	 continuous	 information	 of	 forest	 attributes	

typically	requires	additional	interpolation	approaches	that	are	prone	to	errors	[22].	With	

the	 launch	of	 the	 first	Earth	observation	 (EO)	 satellites	 in	 the	1970’s,	 substantial	 efforts	

have	been	conducted	to	find	alternatives	to	traditional	field	surveys.	Nowadays,	the	use	of	

EO	 data	 and	 information	 extraction	 approaches	 are	 an	 important	 alternative	 to	

complement	mapping	forest	attributes,	particularly	for	large	areas	[23]–[25].		

Estimates	 of	 TD	 from	 both	 active	 and	 passive	 EO	 systems	 has	 been	 widely	

demonstrated	 [25],	 [26],	 [27],	 [28].	 In	 particular	Airborne	Laser	 Scanning	 (ALS)	 holds	 a	

large	 potential	 to	 accurately	 measure	 the	 three-dimensional	 distribution	 of	 forest	

structural	 components	 [29]–[31]	 and	 has	 become	 an	 essential	 component	 to	

operationalise	forest	inventories	in	various	countries	[32],	[33].	Estimates	of	TD	from	ALS	

data	 can	 be	 obtained	 either	 from	 area-based	 approaches	 (ABAs)	 or	 individual	 tree	

detection	 approaches	 (ITD)	 [34].	 Although	 ABAs	 are	 commonly	 applied	 in	 operational	

forestry	 applications	 [35],	 they	 show	 several	 limitations	 (i.e.,	 dependent	 on	 extensive	 in	

situ	data	[36],	[37],site	specific	[38],		limited	sensitivity	to	TD	[39]).	In	contrast,	ITD	based	

approaches	utilize	either	ALS	point	cloud	data	or	canopy	height	models	(CHM)	to	identify	

individual	 trees	 [34],	 [35],	 [40].	 Plot	 or	 stand	 estimates	 are	 afterwards	 obtained	 by	

summing	 up	 identified	 trees.	 Kaartinen	 et	 al.	 [41]	 indicate	 that	 ITD	 approaches	 provide	

true	 stem	 distribution	 series	 and	 require	 less	 in	 situ	 data	 compared	 to	 ABAs.	 ITD	

approaches	 are,	 however,	 currently	 under	 development	 and	 have	 not	 yet	 been	 widely	

applied	 in	 practice	 and	 across	 forests	 heterogeneity	 in	 terms	 of	 structural	 complexity,	

species	composition,	and	silvicultural	treatments	[35],	[41].		

FP	 can	 be	 approximated	 with	 GPP,	 which	 itself	 can	 stem	 from	 various	 approaches	

ranging	 from	 empirical	 to	 process-based	 modeling	 approaches.	 Empirical	 approaches	

based	on	optical	EO	data	are	simple	to	implement	but	rely	on	extensive	in	situ	data	and	are	

thus	site	and	ecosystem	specific.	A	frequently	used	approach	to	map	FP	exploits	optical	EO	

data	in	combination	with	Monteith’s	light	use	efficiency	model	[42]	[20],	[43].	Both	terms	

in	 Monteith’s	 equation,	 absorbed	 photosynthetic	 active	 radiation	 (APAR)	 and	 light	 use	

efficiency	 (LUE)	 are	 typically	 parameterized	 with	 greenness	 based	 indices	 and	 semi-

empirical	 modeling.	 Assumptions	 inherent	 to	 this	 approach	 (i.e.,	 approximation	 of	
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potential	rather	actual	photosynthesis),	however,	limit	the	representativeness	of	obtained	

GPP	values	[44]	across	ecosystems	(cf.,	Turner	et	al.	[45]	for	an	assessment	of	the	MODIS-

GPP	product	 (MOD17)	or	Coops	et	 al.	 [46]	 for	an	evaluation	of	 few	other	 satellite	based	

approaches).	A	recent	achievement	in	optical	remote	sensing	is	the	measurement	of	sun-

induced	 chlorophyll	 fluorescence	 (SIF).	 SIF	 is	 the	 most	 direct	 measurement	 of	 plant	

photosynthesis	 and	 opens	 new	 perspectives	 to	 constrain	 estimates	 of	 GPP	 across	

ecosystems	 [47],	 [48].	 Although	 this	 new	 EO	 approach	 is	 already	well	 matured,	 certain	

components	 remain	 to	 be	 fully	 developed	 to	 operationally	 apply	 SIF	measurements,	 i.e.,	

the	integration	of	SIF	in	photosynthesis	models.	The	use	of	process	based	models	renders	

the	 most	 mechanistic	 approach	 but	 requires	 precise	 and	 detailed	 information	 on	 soil,	

climate,	and	additional	forest	properties	that	are	often	lacking	or	are	inaccurate	[43].	

The	above	argumentation	yields	 two	research	needs	 that	are	addressed	 in	 this	 study,	

including	 i)	 the	 evaluation	 of	 pragmatic	 and	 less	 data	 driven	 ALS	 and	 imaging	

spectroscopy	 (IS)	 based	 approaches	 to	 obtain	 TD	 and	 FP	 in	 heterogeneous	 forest	

environments	and	ii)	the	exploitation	of	the	interrelation	between	TD	and	FP	with	surface	

elevation.	 We	 particularly	 estimate	 TD	 using	 an	 ITD	 approach	 and	 ALS	 data	 in	 a	

heterogeneous	mountain	forest	and	validate	results	with	in	situ	data.	We	map	FP	using	an	

empirical	 greenness	 based	 approach	 in	 combination	 with	 data	 of	 the	 imaging	

spectrometer	Airborne	Prism	Experiment	(APEX).	Further,	we	investigate	the	relationship	

between	 TD	 and	 FP	 and	 evaluate	 the	 impact	 of	 topography	 (i.e.,	 surface	 exposition	 and	

elevation)	on	both	forest	variables.	

	

	

4.2 Study	area	and	data	

4.2.1 Study	area	

The	study	area	Trupchun	valley	(Val	Trupchun)	extends	over	a	22	km2	area	within	the	

Swiss	National	Park	(SNP),	located	in	the	southeast	of	Switzerland	(Fig.	4.	1).	The	region	is	

a	 heterogeneous	 alpine	 landscape	 with	 a	 dry	 and	 harsh	 climate.	 The	 mean	 annual	

precipitation	totals	744	mm	and	the	average	annual	temperature	is	0.9	°C	[49].	The	study	

area	is	characterized	by	rough	topography	and	steep	slopes	[50]	with	an	elevation	range	

between	1775	to	3145	meter	above	sea	level	(a.s.l.)	[51].	The	forest	is	classified	as	boreal-

type	forest,	dominated	by	European	larch	(Larix	decidua	L.),	with	a	changing	proportion	of	

Norway	spruce	(Picea	abies	(L.)	Karst)	and	Swiss	stone	pine	(Pinus	cembra	L.)	(associated	
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species).	Norway	spruce	trees	dominate	at	lower	altitudes,	whereas	Swiss	stone	pines	are	

present	 in	 the	 high	 altitudes	 [2].	 The	 trees	 are	 up	 to	 250	 years	 old	 and	 the	 forest	

ecosystem	has	been	protected	and	unmanaged	since	1914	[52].		

	
Fig.	4.	1.	Study	area	and	location	of	field	plots.	a):	location	of	the	SNP	in	Switzerland	(red	polygon)	with	a	true	

color	 ortho	 image	 as	 background	 (source:	 swisstopo).	 b):	 location	 of	 field	 plots	 in	 Val	 Trupchun.	 A	 digital	

surface	mode	(DSM)	generated	from	ALS	data	is	used	as	background.	

4.2.2 Field	data		

A	 stratified	 random	 sampling	 approach	 was	 established	 in	 summer	 2012	 (June	 and	

July)	to	collect	ground	information	describing	the	forest	ecosystem	(Fig.	4.	1).	A	total	of	35	

squared	 field	 plots	 with	 a	 size	 of	 30	 m	 x	 30	 m	 were	 inventoried.	 Prior	 to	 field	 data	

collection,	a	slope	correction	factor	depending	on	the	slope	angle	was	applied	to	convert	

the	plot	size	into	its	equivalent	on	a	horizontal	plane	[53].	The	slope	angle	was	measured	

by	a	SUUNTO	clinometer	device	 [54].	 Identified	plots	 represent	most	of	 the	present	 tree	

species	 and	 their	 properties,	 i.e.,	 canopy	 cover,	 density,	 and	 species	 composition.	 The	

geographical	position	of	each	field	plot	was	recorded	using	a	differential	global	positioning	

system	(DGPS).	In	each	plot,	all	trees	having	a	diameter	at	breast	height	(DBH)	larger	than	
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5	cm	were	counted,	corresponding	DBHs	and	species	types	were	recorded	as	well	[3].	The	

selection	of	 the	5	 cm	DBH	 threshold	 is	 justified	by	 common	practice	 in	 forest	 inventory	

[55].	TD	was	 calculated	as	 the	number	of	 tree	per	hectare	by	 summing	up	all	measured	

trees	in	each	field	plot	[5].	

In	 total	 1598	 trees	were	 counted	 in	 all	 plots,	while	 European	 larch	 species	 compose	

718	trees	(45%),	Swiss	stone	pine	602	trees	(38%),	and	Norway	spruce	278	trees	(17%).	

Considering	the	basal	area	per	plot,	European	larches	account	for	59%,	followed	by	Swiss	

stone	pines	(29%),	and	Norway	spruce	trees	(12%).	Descriptive	statistics	of	TD	obtained	

from	all	field	plots	for	the	Val	Trupchun	area	can	be	found	in	Table	4.	1.	The	mean	TD	found	

amounts	to	507	trees	per	ha.	This	is	in	line	with	findings	by	Risch	et	al.	[56]	who	reported	

a	 value	 of	 473	 ±	 90	 trees	 	 per	 ha	 for	 this	 study	 area.	 We	 implemented	 various	 DBH	

thresholds	 to	 calculate	 the	 corresponding	 number	 of	 trees	 per	 ha.	 Due	 to	 different	

environmental	factors	for	north-facing	and	south-facing	slopes	(i.e.,	solar	radiation,	water	

and	 soil	 nutrient	 availability)	 [12],	 we	 classified	 our	 field	 plots	 into	 north-	 and	 south-

facing	plots.		
Table	4.	1	

Tree	density	(TD)	statistics	for	field	plots	in	Val	Trupchun.	

Parameter DBH	>	
5	cm	

DBH	>	
12	cm	

DBH	>	
20	cm	

DBH	>	
30	cm	

South-
facing	

North-
facing	

Number	of	plots	[-]	 35	 35	 35	 35	 25	 10	
Number	of	trees	[-]	 1598	 1360	 1103	 691	 1314	 284	
Tree	density	[N	/	ha]       

Mean	 507	 432	 350	 219	 584	 316	
Minimum	 122	 122	 89	 56	 122	 122	
Maximum	 1067	 755	 600	 456	 1067	 644	
Standard	deviation	 249	 189	 141	 96	 238	 161	
	

Table	4.	1	shows	large	differences	of	TD’s	for	south-	and	north-facing	field	plots.	Results	

of	an	 independent	samples	t-test	 [57]	prove	that	this	difference	 is	statistically	significant	

(t(33)	 =	 3.269,	 p	 =	 0.003).	 Mainly	 environmental	 factors,	 natural	 disturbances,	 and	

historical	 human	 activity	 before	 1914	 (i.e.,	 charcoal	 production,	 timber	 harvesting)	 are	

reasons	 for	 these	 differences:	 multiple-stemmed	 trees	 frequently	 exist	 on	 south-facing	

areas,	while	high	self-thinning	due	to	light	competition	among	trees	causes	the	smaller	TD	

on	north-facing	areas.		

	

4.2.3 Airborne	imaging	spectroscopy	data		

APEX	 is	 an	 airborne	 imaging	 spectrometer	measuring	 radiation	 in	 the	 spectral	 range	

between	350	nm	and	2500	nm	in	284	contiguous	spectral	bands	[58].	It	was	operated	at	
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an	altitude	of	6500	m	a.s.l.	over	the	study	area	on	July	12,	2013,	around	11:30	A.M.	 local	

time.	The	 solar	 zenith	angle	and	 the	 solar	 azimuth	angle	were	28.1°	 and	139.1°.	 Surface	

height	differences	and	slope	changes	cause	a	varying	ground	sampling	distance	across	the	

flight	line	(i.e.,	between	1.5-3.0	m)	and	data	was	resampled	to	a	2	m	pixel	grid.	

APEX	 data	 were	 geometrically	 corrected	 using	 a	 parametric	 geocoding	 approach	

(PARGE)	[59].	Based	on	15	ground	control	points	well	representing	topographic	diversity,	

a	root	mean	square	error	(RMSE)	of	3.2	m	±	1.4	m	was	calculated,	indicating	an	acceptable	

geometric	 accuracy	 considering	 the	 availability	 of	 a	 coarse	 25	 m	 resolution	 digital	

elevation	 model	 only	 in	 combination	 with	 the	 complex	 topography.	 The	 atmospheric	

correction	 software	 (ATCOR-4)	 was	 used	 to	 compensate	 for	 atmospheric	 effects,	 to	

minimize	 illumination	 changes	 due	 to	 topography,	 and	 to	 eventually	 retrieve	 top-of-

canopy	 hemispherical	 conical	 reflectance	 factor	 (HCRF)	 data	 [60]	 (for	 terminology	 see	

[61]).	 ATCOR-4	 used	 look-up-tables	 (LUT)	 of	 atmospheric	 functions	 (i.e.,	 up	 and	 down	

welling	transmittances,	path	scattered	radiance,	spherical	albedo),	pre-calculated	with	the	

atmospheric	 radiative	 transfer	 code	 MODTRAN-5	 [62].	 We	 assumed	 a	 mid-latitude	

summer	atmosphere	type	and	a	rural	aerosol	model	and	estimated	water	vapor	as	well	as	

aerosol	load	pixel-wise	to	select	LUT	entries	for	subsequent	compensation	of	atmospheric	

absorption	and	scattering	effects.	We	further	applied	the	ATCOR-4	supported	correction	of	

illumination	 changes	 due	 to	 topography	 using	 a	 coarse	 resolution	 (i.e.,	 25	 m	 spatial	

resolution)	digital	elevation	model.	

	

4.2.4 Airborne	laser	scanning	data		

ALS	 data	 were	 acquired	 by	 Vermessung	 AVT	 ZT-GmbH,	 Imst,	 Austria	

(http://www.avt.at/home.html)	in	August	2011	using	a	double-scanner	setup	(LMS-Q560,	

RIEGL	Laser	Measurements	Systems	GmbH,	Austria)	mounted	on	a	helicopter.	Details	of	

the	 sensor	 are	 discussed	 in	 Wagner	 et	 al.	 [63]	 and	 given	 in	 the	 technical	 sensor	

documentation	provided	by	RIEGL	[64].	Multiple	returns	were	recorded	for	each	emitted	

pulse	 and	 converted	 into	 a	 three-dimensional	 point	 cloud	 composed	 of	 planimetric	

coordinates	 (x	 and	 y)	 and	 ellipsoidal	 heights	 (z)	 [65].	 The	 data	 cover	 an	 area	 of	

approximately	140	km2	with	an	average	point	density	of	>5	pts/m2.	The	point	cloud	was	

classified	 into	 soil,	 vegetation,	 water,	 and	 buildings	 using	 the	 TerraScan	 software	

(http://www.terrasolid.com/products/terrascanpage.php).	Based	on	 this	 classification,	 a	

digital	terrain	model	(DTM)	and	a	digital	surface	model	(DSM)	with	a	spatial	resolution	of	

1x1	m	were	processed	using	SCOP++	(http://photo.geo.tuwien.ac.at/software/scop/).	The	
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canopy	height	model	(CHM)	was	subsequently	calculated	by	subtracting	the	DTM	from	the	

DSM.	A	 forest	map	was	derived	by	 applying	 a	 threshold	 to	 the	CHM.	The	minimum	 tree	

height	threshold	was	set	to	3	m	as	utilized	in	the	Swiss	National	Forest	Inventory	[66].		

	

4.3 Methods		

4.3.1 Local	Maxima	approach	to	estimate	tree	density	using	ALS	data	

The	 initial	 step	 to	 estimate	 TD	 using	 an	 ITD	 approach	 is	 the	 detection	 of	 individual	

trees.	For	this	purpose,	we	used	a	CHM	[40]	that	was	smoothed	with	a	Gaussian	smoothing	

(function	 value	 of	 0.7)	 to	 remove	 small	 variations	 in	 the	 canopy	 surface	 [67].	 The	 local	

maxima	 (LM)	 approach	 is	 the	most	widely	used	 approach	 for	CHM-based	 tree	detection	

among	 various	 methods	 available	 (e.g.,	 valley-following	 [68],	 multiple	 scale	 edge	 [69],	

watershed	segmentation	[70],	and	local	maxima	finding	[71],	[72]).	The	relatively	simple	

LM	approach	is	fast	and	easy	to	implement	[3],	[41]	and	identifies	the	top	of	a	tree	crown	

as	 pixel	 containing	 the	 highest	 value	 above	 ground	 compared	 to	 all	 pixels	 in	 a	 specific	

neighborhood	[23],	[71].	We	applied	the	LM-approach	with	variable	spatial	resolutions	of	

the	CHM	(i.e.,	1m	x	1	m	and	2	m	x	2	m	grid-cell	resolution)	and	a	moving	window	size	of	3	

x	 3	 pixel.	 A	 narrow-band	 NDVI	 (Normalized	 Differenced	 Vegetation	 Index)	 product	

obtained	 from	APEX	data	 (spectral	bands	at	665	and	831	nm)	was	calculated	 to	remove	

falsely	 detected	 trees	 resulting	 from	 the	 complex	 terrain	 in	 the	 study	 area	 (cf.	

Khosravipour	 et	 al.	 2015	 [73]).	 On	 very	 steep	 slopes,	 for	 example,	 ALS	 echoes	 from	

grassland	can	have	a	range	in	altitude	of	larger	than	3	m	within	the	target	grid-cell	size	of	

1	m	for	the	DEM/DSM	generation,	resulting	in	CHM	values	of	>3	m.	The	identified	treetops	

were	afterwards	summed	up	to	calculate	the	TD	per	plot.		

4.3.2 Spatial	modeling	of	forest	productivity	using	APEX	data	

Forest	GPP	was	estimated	to	approximate	forest	productivity	[74]	by	applying	a	simple	

global	 calibration	 equation	 as	 introduced	 by	Hashimoto	 et	 al.	 (2012)	 [75].	 Their	 results	

indicate	 that	 an	 empirical	 approach	 involving	 the	 Enhanced	 Vegetation	 Index	 (EVI)	 is	 a	

viable	method	for	estimating	GPP.	The	EVI	was	calculated	according	to	Huete	et	al.	(2002)	

[76]	as:	

𝐸𝑉𝐼 = 𝐺 !!"#!!!"#
!!"#! !!×!!"# ! !! × !!"#$ !!

	 	 	 	 	 	 	 (1)	
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where	ρ	indicates	the	surface	HCRF	for	the	near	infrared	(NIR),	red	and	blue	band,	and	

L	(1)	is	a	canopy	background	adjustment.	G	(2.5)	is	the	gain	factor	and	C1	(6)	and	C2	(7.5)	

are	 band-specific	 atmospheric	 resistance	 correction	 coefficients.	 All	 values	 and	 the	

coefficients	have	been	adapted	for	the	MODIS	EVI	product	[76].	Many	studies	have	shown	

that	 these	 values	 are	 still	 valid	 to	 generate	EVI	 index	 for	higher	 spatial	 resolution	 [77]–

[79].	We	are	aware	of	difficulties	in	using	EVI	to	estimate	GPP	since	it	is	representative	for	

potential	 rather	 than	 actual	 photosynthetic	 activity.	 However,	 the	 study	 area	 is	 highly	

complex	in	terms	of	topography	and	we	lack	reliable	data	to	facilitate	new	approaches	(i.e.,	

SIF	based	GPP	estimates	(Damm	et	al.	2015)	[48]).	We	consequently	applied	a	greenness-

based	 approach	 to	 obtain	 first	 limited	 insights	 into	 GPP	 distribution	 in	 alpine	

environments.		

Since	 the	 chosen	 calibration	 model	 was	 originally	 developed	 for	 MODIS	 data,	 APEX	

HCRF	data	were	spectrally	convolved	to	the	respective	MODIS	bands.	The	convolution	was	

carried	 out	 in	 the	 ENVI	 (Environment	 for	 Visualizing	 Images,	 Research	 System,	 Inc.)	

software	 using	 MODIS	 spectral	 response	 functions.	 Further,	 differences	 in	 spatial	

resolution	(i.e.,	2	m	of	APEX	vs.	500	m	of	MODIS)	require	certain	considerations	as	well:	

The	 high	 spatial	 resolution	 of	 APEX	 yields	 detailed	measurements	 of	 forest	 ecosystems,	

including	 shaded	 and	 illuminated	 parts	 of	 tree	 crowns.	 These	 illumination	 patterns	 are	

primarily	 caused	 by	 geometric	 optical	 scattering	 and	 complicate	 the	 description	 of	 the	

radiative	transfer	particularly	in	shaded	canopy	areas,	eventually	impacting	the	accuracy	

of	retrieved	vegetation	indices	[80]	and	estimated	GPP.	Geometric-optical	scattering	scales	

with	 spatial	 resolution	 and	 its	 impact	 decreases	 with	 increasing	 ground-sampling	

distances.	We	consequently	masked	shade	pixels	using	an	empirical	threshold	approach	to	

compare	measurements	of	the	differently	resolved	MODIS	and	APEX	data.	FP,	the	carbon	

uptake	 by	 all	 trees	 of	 a	 specific	 forested	 area,	 was	 eventually	 obtained	 by	 averaging	

resulting	GPP	values	of	tree	crowns	for	a	30	m	grid	cell	and	normalizing	for	tree	fractional	

cover	in	the	respective	area.	Fractional	cover	of	the	30	m	grid	cell	was	estimated	from	the	

ALS	based	CHM.		

	

4.3.3 Validation	

The	accuracy	of	ALS	based	TD	estimates	was	assessed	using	field	measurements	at	plot	

level.	 The	 validation	 procedure	 was	 applied	 to	 all	 field	 plots	 and	 individually	 to	 those	

located	 on	 south-facing	 and	 north-facing	 slopes.	 The	 agreement	 was	 assessed	 by	

calculating	the	coefficient	of	determination	(R2),	the	root	mean	square	error	(RMSE),	and	
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the	 relative	RMSE	(RMSE%).	A	quantitative	validation	of	FP	was	not	possible	due	 to	 the	

lack	of	adequate	data.	Instead,	we	used	in	situ	measurements	of	annual	GPP	of	a	close-by	

forest	 ecosystem	 similar	 to	 the	 one	 of	 our	 study	 site	 and	 assumed	 consistency	 of	 the	

algorithm	performance	across	these	two	test	sites.		

	

4.4 Results		

4.4.1 Airborne	Laser	Scanning	based	tree	density	estimation		

An	 example	 result	 of	 the	 LM	 based	 tree	 detection	 is	 shown	 in	 Fig.	 4.	 2.	 The	 overall	

accuracy	was	calculated	to	validate	ITD	and	relates	the	proportion	of	detected	trees	to	the	

number	of	trees	measured	in	the	field.	The	validation	shows	an	overall	accuracy	of	36%,	

whereby	accuracies	ranged	between	43%	to	85%	considering	the	different	DBH	categories	

(cf.,	Section	2.2)	(Table	4.	2).	
Table	4.	2	

Overall	accuracy	of	individual	tree	detections	(ITD)	for	three	diameters	at	breast	height	(DBH)	categories	

considering	two	canopy	height	model	(CHM)	resolutions.	

	 	 Overall	accuracy	[%]	
Measured	trees	 Detected	trees	 All	DBH’s	 DBH>12	 DBH>20	 DBH>30	

1598	 581	 36	 43	 53	 84	

	

Results	 of	 the	 ITD	 were	 used	 to	 calculate	 the	 TD	 per	 plot,	 expressed	 in	 trees/ha.	

Considering	all	trees	and	DBH	classes,	TD	estimation	shows	a	moderate	accuracy	with	R2	=	

0.39	and	RMSE	=	389	[N/ha].	The	accuracy	increases	by	excluding	small	trees	(i.e.,	DBH	>	

30	cm)	to	R2	=	0.35	RMSE	=	87	[N/ha]	(Table	4.	3).	If	reference	plots	are	stratified	in	north-	

and	south-facing	plots,	the	accuracy	of	TD	estimates	increases	for	north-facing	plots	(R2	=	

0.68,	RMSE	=	176	[N/ha])	and	remains	at	a	low	to	moderate	level	for	south-facing	plots	(R2	

=	0.52,	RMSE	=	447	[N/ha]).		
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Fig.	4.	2.	Result	of	 individual	 tree	detection	 (ITD)	based	on	ALS	data	 in	 combination	with	 the	 local	maxima	

approach.	The	yellow	crosses	mark	the	individual	trees.	A	canopy	height	model	(CHM)	and	a	true	color	ortho	

image	(©	swisstopo)	are	used	as	background.	

	
Table	4.	3	

Agreement	of	measured	and	ALS-based	tree	density	estimation.	Statistical	assessment	is	based	on	the	RMSE	in	

trees	ha-1	and	the	coefficient	of	determination	(R2).	

Plots	
All	trees	 DBH>12	 DBH>20	 DBH>30	

R2	 RMSE	 R2	 RMSE	 R2	 RMSE	 R2	 RMSE	
All	(n=35)	 0.39	 389	 0.40	 294	 0.42	 201	 0.35	 87	

North-facing	(n=10)	 0.68	 176	 0.68	 124	 0.74	 101	 0.80	 68	

South-facing	(n=25)	 0.52	 447	 0.58	 339	 0.53	 229	 0.27	 93	

	

The	relationship	between	measured	and	estimated	TD	considering	all	plots	and	trees	is	

shown	 in	Fig.	4.	3a.	We	observe	a	general	underestimation	of	TD	estimates	 in	particular	

with	increasing	amount	of	trees/ha	that	is	associated	with	an	increasing	number	of	small	

trees.	Even	if	only	large	trees	are	considered	(i.e.,	DBH	>	30	cm),	there	is	a	tendency	for	an	

underestimation	of	TD	in	dense	canopies	(Fig.	4.	3b).	
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Fig.	4.	3.	Relationship	of	ALS	derived	tree	density	(TD)	and	measured	tree	density	for	all	trees	(a)	and	for	trees	

with	a	DBH	>	30	cm	(b).	The	dashed	line	indicates	the	1:1	line.	

The	 effect	 of	 species	 composition	 on	 TD	 estimates	 was	 assessed	 by	 stratifying	 field	

plots	 into	 four	 classes	 according	 to	 their	 dominant	 species.	 Plots	 showing	 individual	

proportions	less	than	60%	across	all	species	were	considered	as	mixed	[81].	In	result,	18	

mixed	plots,	10	Larch	plots,	six	Swiss	stone	pine	plots,	and	one	Norway	spruce	plot	were	

classified.	We	observe	a	strong	relationship	between	the	amount	of	 trees	per	ha	and	the	

TD	estimation	error	(i.e.,	the	difference	between	measured	trees	in	the	field	and	estimated	

trees	from	ALS	data)	across	species	composition	(i.e.,	R2	=	0.68	for	mixed	plots,	R2	=	0.97	

for	 larch,	 and	 R2	 =	 0.90	 for	 Swiss	 stone	 pine	 plots)	 (Fig.	 4.	 4a).	 If	 only	 large	 trees	 are	

considered	(DBH	>	30	cm),	the	TD	error	tends	to	be	less	dependent	on	TD	but	seems	to	be	

species	specific	(i.e.,	R2	=	0.59	for	mixed	plots,	R2	=	0.04	for	larch,	and	R2	=	0.69	for	Swiss	

stone	pine	plots)	(Fig.	4.	4b).	

	
Fig.	4.	4.	Relationship	of	tree	species	abundance	and	tree	density	estimation	error	for	mixed	plots,	Larch,	and	

Swiss	stone	pine	dominated	plots.	a):	all	trees,	b)	trees	with	DBH	>30	cm.	

	

4.4.2 Spatial	distribution	of	tree	density		

Identified	trees	were	spatially	counted	considering	a	30	m	grid	to	eventually	obtain	a	

thematic	TD	map	of	the	study	area	(Fig.	4.	5).	The	average	TD	estimated	from	ALS	data	is	
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184	+/-	50	 [N/ha],	differing	by	64%	from	the	average	value	obtained	 from	field	surveys	

(i.e.,	507	[N/ha]).		

	
Fig.	4.	5.	Spatial	distribution	of	tree	density	(TD)	at	30	m	spatial	resolution.	Tree	density	was	estimated	from	

ALS	data	using	a	local	maximum	approach.	White	lines	indicate	the	location	of	four	vertical	transects.	

The	 TD	 map	 depicts	 high	 TD	 values	 at	 low	 elevations	 and	 a	 decreasing	 TD	 with	

increasing	elevation.	This	negative	relationship	between	TD	and	surface	elevation	can	be	

confirmed	by	the	field	data	(Fig.	4.	6a)	and	by	evaluating	ALS	based	TD	values	at	plot	scale	

(Fig.	 4.	 6b).	 The	 assessment	 of	 four	 slope-line	 parallel	 transects	 shows	 a	 negative	

relationship	between	TD	and	surface	elevation	as	well	(R2	=	0.4)	(Fig.	4.	7).	Further,	in	situ	

and	 ALS	 based	 TD	 estimates	 depict	 that	 negative	 relationships	 are	 stronger	 for	 north-

facing	(R2	=	0.66,	R2	=	0.69)	than	for	south-facing	plots	(R2	=	0.33,	R2	=	0.18)	(Fig.	4.	6).	
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Fig.	 4.	 6.	Dependency	 of	 tree	 density	 (TD)	 and	 surface	 elevation.	 a):	 In	 situ	measured	 tree	 density.	 b)	 ALS	

based	tree	density	estimates. 

	

	

Fig.	4.	7.	Dependency	of	tree	density	(TD)	on	surface	elevation	along	four	slope-line	parallel	transects.	

4.4.3 Spatial	distribution	of	forest	productivity		

A	forest	productivity	map	was	calculated	by	aggregating	GPP	of	sunlit	tree	crowns	to	a	

30	m	grid	and	normalizing	 for	 tree	 fractional	 cover	 (Fig.	4.	8).	A	notable	 range	of	 forest	

productivity	values	is	depicted	in	the	map,	ranging	between	0	to	2920	g	C	m-2	year-1.	The	

average	 forest	 productivity	 is	 1255	 +/-	 342	 g	 C	 m-2	 year-1.	 The	 map	 depicts	 a	 height	

gradient	of	forest	productivity	with	largest	productivity	values	at	low	elevations	and	vice	

versa.	However,	low	forest	productivity	values	frequently	occur	in	vicinity	of	a	river	at	the	

valley	bottom.	
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Fig.	 4.	 8.	 Forest	 productivity	with	 30	m	 spatial	 resolution	 obtained	 from	Enhanced	 Vegetation	 Index	 (EVI)	

based	 gross	 primary	 production	 (GPP)	 estimates	 using	 APEX	 data.	 White	 lines	 indicate	 slope-line	

perpendicular	transects	used	for	further	analysis.	

The	 relationship	 between	 FP	 and	 surface	 elevation	 was	 assessed.	 FP,	 shows	 a	 low	

negative	 relationship	 with	 surface	 elevation	 for	 north-facing	 plots	 (R2	 =	 0.31)	 while	 no	

relationship	was	found	for	south-facing	plots.	The	analysis	at	landscape	level	considering	

four	 slope-line	 parallel	 transects	 revealed	 a	 more	 general	 view	 on	 the	 relationship	

between	FP	and	surface	elevation	(see	white	lines	in	Fig.	4.	8).	In	general,	findings	confirm	

the	 plot	 scale	 analysis	 for	 north-facing	 slopes:	we	 observe	 a	 negative	 relationship	 (R2	 =	

0.12)	(Fig.	4.	9)	with	increasing	surface	elevation.	It	must	be	noted	that	FP	generally	shows	

a	moderate	negative	relationship	with	surface	elevation.	The	 lower	FP	close	to	a	river	at	

the	valley	bottom,	however,	determines	a	bell	shaped	relationship	with	surface	elevation	

and	causes	the	relatively	low	R2	if	a	linear	relationship	is	considered.		
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Fig.	4.	9.	Dependency	of	forest	productivity	on	surface	elevation	along	four	slope-line	parallel	transects.	

4.4.4 Relationship	of	tree	density	with	tree	and	forest	productivity		

The	relationship	between	TD	and	FP	from	spatially	aggregated	APEX	data	at	plot	level	

is	shown	in	Fig.	4.	10.	The	relationships	are	moderate	and	positive	across	exposition	(i.e.,	

north-	and	south-facing	slopes)	and	ITD	estimation	methods	(i.e.,	field	and	ALS	based)	(R2	

between	 0.21,	 R2	 =	 0.67).	 Plot	 level	 results	 are	 confirmed	 at	 landscape	 level	 while	 we	

found	a	positive	relationship	between	TD	and	FP	of	R2	=	0.38	(Fig.	4.	11).	

	

	
Fig.	4.	10.	Relationship	between	tree	density	(TD)	and	forest	productivity	for	north-	and	south-facing	plots.	a)	

In	situ	measured	TD.	b)	ALS	estimated	TD.	
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Fig.	4.	11.	Relationship	between	tree	density	(TD)	and	forest	productivity	(a)	and	tree	productivity	(b)	along	

four	slope-line	parallel	transects.	

4.5 Discussion		

4.5.1 Reliability	of	tree	density	retrieval		

We	assessed	a	LM	based	approach	 in	 combination	with	ALS	data	 to	 estimate	TD	 in	 a	

heterogeneous	 alpine	 forest.	 Considering	 all	 trees	 with	 a	 DBH	 threshold	 >	 5	 cm,	 a	

moderate	accuracy	(i.e.	R2	of	0.39)	with	a	substantial	underestimation	(RMSE	of	389	trees	

per	ha	=	70	%)	was	achieved	 in	 the	heterogeneous	alpine	environment.	This	 result	 is	 in	

agreement	with	Næsset	&	Bjerknes	[5],	who	found	a	relationship	between	estimated	and	

reference	TD	of	R2	=	0.40	in	a	coniferous	forest	in	Norway.	Yet	other	studies	evaluating	the	

TD	estimation	accuracy	report	R2	values	that	range	from	0.40	to	0.85	[5],	[24],	[29],	[40],	

[71],	[82].	Jaskierniak	et	al.	[83]	indicate	TD	estimation	accuracies	ranging	between	40	and	

70%	considering	several	studies	carried	out	in	Scandinavian	and	European	forests.		

The	 consideration	of	 trees	with	 larger	DBHs	decreases	uncertainties	 in	 estimated	TD	

(i.e.,	 R2	 increases	 up	 to	 0.80,	 RMSE	 decreases	 to	 68	 trees	 per	 ha	 =	 40	%).	 This	 finding	

corresponds	to	results	documented	by	Lefsky	et	al.	[29],	who	found	a	strong	relationship	

for	ALS	based	TD	estimates	considering	DBH>100	cm	(R2	=	0.85).	Casas	et	al.	[84]	report	a	

TD	estimation	accuracy	of	87%	for	trees	with	a	DBH	>	30	cm.	The	dependency	of	the	TD	

estimation	accuracy	on	DBH	indicates	a	sensitivity	issue	of	the	applied	ALS-LM	approach,	

while	 mainly	 small	 trees	 cannot	 be	 differentiated	 and	 reliably	 identified.	 In	 fact,	 we	

observe	better	TD	estimates	using	a	CHM	with	higher	 resolution,	which	 is	 in	 agreement	

with	Tesfamichael	et	al.	[3].		
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Our	results	suggest	that	forest	structure	and	species	composition	affect	the	TD	retrieval	

accuracy.	 Indeed,	 crown	 shape	 and	 canopy	 density	 determine	 the	 success	 of	 the	 LM	

approach	 that	basically	 exploits	 the	morphology	of	ALS	derived	CHM’s	 [40],	 [72].	 If	 tree	

crowns	are	flat	or	show	multiple	main	branches,	the	LM	approach	is	likely	to	fail.	Several	

studies	 demonstrated	 that	 forest	 structure	 strongly	 affects	 the	 capability	 of	 ALS	 data	 to	

characterize	forest	properties	[39],	[40],	[85],	[86].	 In	particular	the	occurrence	of	multi-

stemmed	 trees,	 caused	 by	 a	 complex	 mix	 of	 environmental	 factors,	 disturbances	 and	

historical	management	[87]	impacts	the	detection	of	individual	trees	[25],	[86],	[88],	[89].	

Further,	in	presence	of	steep	slopes,	a	spatial	misplacement	between	crown	top	and	stem	

position	on	ground	is	likely	and	additionally	affects	the	accuracy	of	ITD’s	[90],	[91].		

Structural	effects	obviously	cause	ITD	and	eventually	TD	estimates	to	be	dependent	on	

actual	 species.	 Physiological	 considerations	 add	 another	 complication	 and	 cause	 TD	

estimates	 to	 be	 dependent	 on	 species	 composition,	 in	 particular	 in	 multi-layered	

heterogeneous	forests.	European	larch,	 for	example,	 is	 largely	abundant	in	our	study	site	

and	a	shade	intolerant	and	fast	growing	species.	Therefore,	larch	trees	form	and	dominate	

the	upper	forest	canopy	layer	[52],	covering	other	more	shade	tolerant	and	slow	growing	

species	 underneath,	 i.e.,	 Swiss	 stone	 pine	 and	 Norway	 spruce.	 The	multi-layering	 hides	

trees	 and	 thus	 impacts	 the	 TD	 estimation	 accuracy.	 We	 observed	 a	 dependency	 of	 TD	

estimates	 on	 surfaces	 orientation,	 i.e.,	 north-	 and	 south-facing.	 TD	 estimates	 were	 less	

accurate	 for	 south-facing	 slopes	 compared	 to	 those	 on	 north-facing	 slopes.	 Since	 south-

facing	 areas	 are	 characterized	 by	 a	 higher	 TD	 and	 the	 occurrence	 of	multiple-stemmed	

trees,	the	lower	TD	estimation	accuracy	can	be	attributed	to	structural	aspects.	

Optimized	 ALS	 data	 acquisition	 allows	 overcoming	 certain	 issues	 discussed	 above,	

eventually	 yielding	 in	 improved	 ITD	 and	 TD	 estimates.	 One	 option	would	 be	 the	 use	 of	

multi-temporal	ALS	data	(i.e.,	leaf-on	and	leaf-off)	[92].	Since	Larch	is	a	deciduous	conifer	

tree,	 leaf-off	data	would	allow	 improving	 the	detection	of	 trees	present	 in	 lower	 canopy	

layers.	Further,	employing	ALS	data	with	higher	point	density	can	increase	the	chance	to	

capture	more	echo	returns	vertically	across	 the	 forest	canopy.	Vauhkonen	et	al.	 [40],	 for	

example,	 found	 that	 an	 ITD	 approach	 performs	 best	 with	 a	 dense	 point	 density	 (5-10	

pts/m2)	or	by	using	 full	waveform	data	 [23],	 [92].	 Further,	 a	 stratified	 field	 sampling	as	

implemented	 in	 our	 study	 is	 important	 as	 well	 to	 facilitate	 the	 data	 analysis.	 Besides	

distributing	 potential	 reference	 plots	 along	 elevation	 gradients,	 a	 stratification	 for	

exposition,	tree	age	and	size	[5],	tree	species,	and	species	composition	[86]	has	been	found	

to	be	 crucial	 to	provide	 a	 representative	 set	 of	 reference	data	 for	 remote	 sensing	based	
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analysis.	Such	considerations	are	also	recommended	to	optimize	forest	inventories	if	time-

consuming	field	surveys	are	needed.	

	

4.5.2 Reliability	of	forest	productivity	retrievals		

We	 approximated	 FP	 with	 GPP.	 Estimates	 of	 GPP	 from	 optical	 EO	 data	 are	 typically	

based	on	two	approaches:	using	vegetation	greenness	to	indicate	potential	photosynthetic	

activity	or	measurements	directly	related	to	actual	photosynthesis	such	as	SIF.	The	use	of	

SIF	would	 be	 the	 preferred	 option,	 but	 the	 resolution	 of	 APEX	 is	 not	 optimized	 for	 SIF	

retrievals.	 Although	 SIF	 retrievals	 from	 APEX	 have	 been	 successfully	 demonstrated	

(Damm	et	al.,	2015	[48]),	retrievals	in	topographically	complex	environments	are	likely	to	

be	 uncertain.	We	 hence	 applied	 a	 greenness-based	 approach	 in	 this	 study.	 Such	 simple	

empirical	 approaches	 are	 frequently	 used	 to	 estimate	 forest	 GPP	 with	 optical	 remote	

sensing	data.	The	approach	by	Hashimoto	et	al.	[75]	as	applied	in	this	study,	relies	on	the	

EVI	to	constrain	estimates	of	GPP.	Previous	studies	have	demonstrated	that	the	sole	use	of	

the	EVI	can	predict	GPP	as	accurate	as	the	current	version	of	the	MOD17	algorithm	[93],	

[94].	Comparisons	of	modeled	GPP	and	the	MOD17	GPP	product	indicate	an	agreement	of	

both	products	 in	terms	of	their	predicated	GPP	range.	The	mean	modeled	GPP,	however,	

was	26%	lower	compared	to	the	MOD17	GPP	product.	Further,	Heinsch	et	al.	[95]	report	

that	 the	MOD17	GPP	product	 tends	 to	overestimate	 flux	 tower-based	GPP	by	20%-30%.	

Such	 uncertainties	 can	 be	 attributed	 to	 the	 fact	 that	 all	 these	 approaches	 rely	 on	

vegetation	 indices	 representing	 the	 greenness	 of	 vegetation,	 thus,	 potential	 rather	 than	

actual	 photosynthetic	 activity.	 Further,	 we	 took	 a	 single	 observation	 in	 time	 in	

combination	with	 the	 empirical	model	 from	Hashimoto	 to	 obtain	 annual	 GPP.	 Since	 the	

forest	ecosystem	shows	a	pronounced	phenological	cycle,	estimated	GPP	are	 likely	 to	be	

overestimated.	In	fact,	Zielis	et	al.	[96]	and	Wolf	et	al.	[97]	report	maximum	GPP	values	of	

5	g	C	m-2	day-1	for	a	Norway	spruce	forest	close	to	Davos,	Switzerland,	that	is	comparable	

to	our	 investigated	 forest.	Scaling	 their	 flux	 tower	based	GPP	estimates	 to	annual	values	

results	in	roughly	1000	g	C	m-2	year-1,	while	we	observed	average	values	of	1255	+/-	342	g	

C	m-2	year-1,	confirming	the	expected	overestimation	of	GPP	using	the	EVI	approach.	Use	of	

time	series	of	the	new	EO	approach	SIF	allows	overcoming	such	limitations	since	SIF	is	the	

most	 direct	 measurement	 of	 photosynthetic	 activity.	 The	 measurement	 of	 SIF	 can	 be	

considered	mature	but	 the	use	of	SIF	 to	constrain	estimates	of	GPP	still	 requires	 further	

attention.	 Nevertheless,	 first	 studies	 demonstrate	 and	 suggest	 improved	 SIF	 based	 GPP	
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estimates	 across	 scales,	 i.e.,	 field	 scale	 [98],	 regional	 scale	 [48],	 [99],	 and	 global	 scale	

[100]–[102],	as	well	as	theoretically	[103].	

	

4.5.3 Topography	effects	on	tree	density	and	forest	productivity		

We	observed	a	negative	 relationship	between	TD	and	surface	elevation.	This	 trend	 is	

coherent	 across	 used	 TD	 estimates	 (i.e.,	 ALS	 or	 in	 situ	 based)	 and	 scales	 (i.e.,	 plot,	

landscape)	and	 is	 in	 line	with	results	documented	 in	 literature	 [104].	The	decreasing	TD	

with	 increasing	 surface	 elevation	 can	 be	 associated	 to	 the	 availability	 of	 resources	 (i.e.,	

temperature,	water,	nutrients)	and	the	competition	among	trees	for	them.	Also	mechanical	

pressure	 (e.g.,	 storm	 damages)	 in	 combination	with	 slow	 growing	 rates	 can	 explain	 the	

topography	 impact	 on	 TD.	 Our	 results	 show	 stronger	 negative	 trends	 for	 north-facing	

slopes	 (i.e.,	 R2	 ~	 0.6)	 compared	 to	 south-facing	 slopes	 (i.e.,	 R2	 ~	 0.2-0.3).	 This	 finding	

suggests	and	provides	further	evidence	that	resource	availability	strongly	determines	TD,	

since	 north-facing	 slopes	 are	 generally	 colder	 and	 thus	 show	 even	 larger	 temperature	

gradients	that	are	less	favorable	for	tree	growth.	

TD	 and	 FP	 are	 positively	 related	 across	 scales.	 This	 finding	 is	 expected	 since	 a	 co-

variance	of	both	variables	with	height	dependent	gradients	of	growth	limiting	factors	and	

eventually	 canopy	 density	 exists:	 The	more	 trees,	 the	 higher	 the	 total	 productivity	 of	 a	

forested	 area	 and	 vice	 versa.	 Associated	 to	 this	 is	 the	 negative	 relationship	 between	 FP	

and	 surface	 elevation.	 This	 finding	 is	 in	 line	 with	 an	 early	 and	 often-cited	 study	 by	

Whittaker	et	al.	[105]	and	other	studies	[104],	[106],	[105],[107].	As	for	TD,	the	negative	

relationship	 is	 plausible	 for	 the	 investigated	 alpine	 environment	 since	 surface	 elevation	

dependent	 gradients	 of	 growth	 limiting	 factors	 (e.g.,	 nutrients,	 temperature,	 water)	 are	

likely	to	affect	tree	growth.	Paulsen	et	al.	[104],	for	example,	conclude	that	a	reduction	of	

tree	 productivity	 towards	 the	 upper	 tree	 line	 is	 directly	 associated	 to	 decreasing	

temperature.	We	also	observed	a	strong	decline	of	FP	in	lower	elevations	in	the	vicinity	of	

a	 river	 in	 the	 valley	 bottom.	 Causes	 for	 the	 reduced	 productivity	 are	 related	 to	 steep	

terrain	and	unfortunate	soil	conditions	(rock,	nutrient	limitation)	due	to	flooding	events	of	

the	river.		

However,	it	must	be	noted	that	the	use	of	simple	vegetation	indices	as	proxy	for	GPP	in	

combination	with	difficulties	in	describing	the	radiative	transfer	of	complex	canopies	(i.e.,	

the	 fractions	 of	 direct	 and	 diffuse	 irradiance	 components)	 [80]	 likely	 contributes	 to	

uncertainty	 in	 the	 FP	 estimates.	 Further	 analyses	 considering	 larger	 elevation	 gradients	

and	 more	 suited	 remote	 sensing	 approaches	 (i.e.,	 SIF)	 are	 suggested	 to	 yield	 a	 more	
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general	 view	 on	 forest	 growth	 patterns	 in	 alpine	 environments	 and	 underlying	 causes	

such	as	resource	limitations.	

	

4.6 Conclusion		

We	conclude	that	estimates	of	TD	in	heterogeneous	alpine	landscapes	challenge	current	

technology	 and	 analytical	 approaches.	 Mainly	 tree	 and	 canopy	 structure	 determine	 the	

success	of	TD	estimates,	 being	 in	 addition	dependent	on	 forest	 type	 and	 canopy	 species	

composition.	ALS	based	approaches	show	limited	sensitivity	limit	for	small	trees.	Specific	

sampling	schemes,	e.g.,	multi-temporal	ALS	data	acquisition	with	high	point	density,	will	

partly	allow	increasing	TD	estimation	sensitivity	and	accuracy.	Further,	simple	empirical	

approaches	 provide	 sufficient	 accuracy	 to	 reveal	 first	 insights	 in	 interrelationships	

between	FP	and	topography	effects.	More	sophisticated	and	mechanistic	approaches	are,	

however,	required	to	yield	in	depth	knowledge.	We	conclude	that	Airborne	laser	scanning	

and	imaging	spectroscopy	and	their	combination	provide	crucial	technology	to	assess	TD	

and	FP	at	relevant	ecological	scales.	

We	can	confirm	existing	theory	that	heterogeneous	alpine	forests	are	characterized	by	

positive	relationships	between	FP	and	TD,	mainly	due	to	a	significant	co-variance	of	both	

variables	 with	 elevation	 dependent	 gradients	 of	 growth	 limiting	 factors.	 We	 suggest	

extending	 this	 analysis	 by	 considering	 a	 wider	 range	 of	 forest	 types,	 landscape	

heterogeneity,	 topography	and	resource	gradients.	This	ultimately	allows	gaining	deeper	

understanding	on	the	TD	and	FP	variability	and	interrelationships	across	landscapes.		
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5.1 Main	findings		

The	main	 achievements	 of	 this	 dissertation	 are	 structured	 according	 to	 the	 research	

questions	detailed	in	section	1.4	and	the	respective	publications	(chapter	2-4).	

	

5.1.1 How	 can	 remotely	 sensed	 data	 capture	 the	 heterogeneity	 of	 an	 alpine	
ecosystem	and	what	are	the	accuracies	of	retrieved	ecosystem	variables?	

This	research	question	was	addressed	in	chapter	2.	The	aim	of	this	chapter	was	to	test	

two	 approaches	 that	 allow	 representing	 environmental	 variables	 across	 various	 land	

cover	 types	 (LCTs)	 in	a	heterogeneous	alpine	environment.	The	discrete	and	continuous	

field	 (CF)	 approaches	 were	 applied	 to	 retrieve	 vegetation	 (i.e.,	 grassland	 and	 forest)	

aboveground	biomass	(AGB).		

First,	 narrow-band	 vegetation	 indices	 (VIs),	 i.e.,	 simple	 ratio	 (SR)	 and	 normalized	

difference	vegetation	index	(NDVI),	coupled	with	in-situ	AGB	measurements	were	used	to	

generate	 calibration	models	 to	 predict,	 separately,	 grassland	 and	 forest	AGB	 from	APEX	

data.	Relevant	and	sensitive	band	combinations	and	final	calibration	models	were	selected	

based	 on	 the	 correlograms,	 R2,	 RMSE,	 and	 variance	 inflation	 factor	 (VIF).	 For	 the	

estimation	 of	 grassland	 AGB,	 we	 found	 an	 SR	 index	 including	 a	 spectral	 band	 in	 the	

shortwave	 infrared	 (SWIR)	at	1689	nm	and	a	 spectral	band	 from	near	 infrared	 (NIR)	at	

851	nm	as	best	 performing	 index.	The	 final	 calibration	model	 for	 forest	AGB	estimation	

was	 an	 SR	 employing	 spectral	 bands	 in	 the	 SWIR	 region	 at	 1498	 nm	 and	 2112	 nm.	We	

found	that	the	SWIR	part	of	the	spectrum	is	crucial	for	vegetation	AGB	estimation.	

	Second,	 we	 implemented	 a	 Boolean	 logic	 to	 classify	 grassland,	 forest,	 rock/soil,	 and	

snow	LCTs	 from	an	APEX	dataset	 on	 a	per-pixel	 basis.	 In	 fact,	 this	 approach	produces	 a	

classification	 map	 with	 hard	 boundaries	 between	 LCTs.	 Subsequently,	 a	 discrete	

vegetation	 AGB	 map	 was	 produced	 as	 a	 function	 of	 grassland	 and	 forest	 calibration	

models,	and	relevant	LCTs	maps.	In	contrast,	the	CF	approach,	the	proposed	approach	in	

this	paper,	needs	 several	 steps	 to	produce	an	AGB	map.	A	 linear	 spectral	mixture	 (LSM)	

algorithm	was	applied	to	generate	sub-pixel	abundances	of	each	LCT	in	the	study	area.	The	

LCT	 abundance	 values	 were	 scaled	 between	 0	 and	 1.	 The	 grassland	 and	 forest	 AGB	

thematic	maps	were	generated	by	employing	the	relevant	calibration	models	coupled	with	

the	 APEX	 dataset.	 Then,	 the	 rescaled	 abundance	 maps	 were	 multiplied	 with	 the	

corresponding	thematic	maps	to	generate	the	final	vegetation	AGB	CF	map.	The	proposed	



Chapter 5  

	

146	
	

approach	 can	 cope	 with	 frequently	 occurring	 mixed	 pixels,	 highly	 challenging	 the	

capability	of	remote	sensing	(RS)	data	in	heterogeneous	environments.	

The	 performance	 of	 the	 two	 approaches	was	 assessed	 using	 independent	 field	 plots.	

Regardless	 of	 the	 implemented	 approach,	we	 found	 a	 higher	 performance	 for	 grassland	

AGB	 estimation	 compared	 to	 forest	 AGB.	 The	 CF	 approach	 predicted	 grassland	 AGB	

(rRMSE	=	15%)	more	accurately	than	the	discrete	approach	(rRMSE	=	26%).	Furthermore,	

the	discrete	approach	showed	also	an	overestimation	for	low	AGB	values,	while	high	AGB	

values	 were	 underestimated.	 For	 forest	 AGB,	 the	 discrete	 approach	 predicted	 biomass	

with	an	rRMSE	of	25%.	The	CF	mapping	approach	again	improved	the	performance	with	

decreasing	rRMSE	to	21%.	In	light	of	these	results,	we	conclude	that	both	approaches	are	

generally	 capable	 to	map	grassland	and	 forest	AGB.	However,	 the	CF	mapping	approach	

shows	several	advantages	including	better	capability	to	incorporate	heterogeneity	effects	

caused	 by	 changing	 understory	 or	 varying	 soil	 background.	 Further,	 the	 results	 of	 this	

study	 provide	 evidence	 that	 the	 concept	 of	 continuous	 fields	 allows	 successful	

representations	of	ecosystem	parameters	in	complex	environments.	

	

5.1.2 Can	forest	structural	attributes	be	estimated	based	on	IS	data	in	a	
heterogeneous,	alpine	forest	area?		

This	 research	question	was	 addressed	 in	 chapter	 3.	 In	 this	 chapter	we	 evaluated	 the	

capability	of	APEX	data	for	estimating	forest	structural	attributes	including	canopy	cover,	

basal	area,	and	timber	volume	in	a	heterogeneous	alpine	ecosystem,	i.e.,	the	Swiss	National	

Park	 (SNP).	 The	 estimation	 of	 forest	 structural	 attributes	 using	 optical	 RS	 is	 based	 on	

determining	 a	 link	 between	 spectral	 information	 contained	 in	 a	 dataset	 and	 vegetation	

metrics	 of	 interest.	 The	 hypothesis	 is	 that	 the	 variations	 in	 forest	 attributes	 affect	 the	

spectral	 reflectance	of	a	given	 forest	and	can	be	modelled	by	an	empirical	approach.	We	

applied	a	parametric	 regression	model	 (i.e.,	 simple	and	 stepwise	multiple	 regression)	 to	

predict	forest	structural	attributes	of	interest	(dependent	variables)	from	narrowband	VIs,	

(i.e.,	 SR,	 NDVI,	 second	 soil-adjusted	 vegetation	 index	 (SAVI2),	 perpendicular	 vegetation	

index	(PVI),	and	band	depth	indices).		

The	 performance	 of	 these	 empirical	 approaches	 was	 evaluated	 by	 computing	 the	

agreement	of	estimated	values	with	in-situ	data.	For	canopy	closure,	we	found	that	a	simple	

regression	model	 based	 on	 a	 PVI	 can	 explain	 60%	 of	 variance	 with	 an	 rRMSE	 of	 15%.	

However,	the	stepwise	multiple	regression	(SMR)	employing	band	depth	indices	and	an	SR	

index	obtained	higher	accuracy	(R2	=	0.81,	and	rRMSE	=	10%).	An	ANOVA	test	showed	a	
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statistically	significant	difference	(p	=	0.0005)	between	the	two	models	at	5%	significance	

level.	 This	 result	 is	 promising	 since	 the	 required	 relative	 RMSE	 for	 operational	 forest	

inventory	 is	 commonly	 referred	 to	 be	 lower	 than	 15%	 at	 stand	 scale	 [1].	 The	 SMR	

estimated	basal	area	(R2	=	0.68,	and	rRMSE	=	20%)	proved	to	be	more	precise	than	in	the	

case	of	 the	simple	regression	 (R2	value	of	0.60	and	rRMSE	of	23%).	An	ANOVA	test	 (p	=	

0.017)	 confirmed	 that	 the	 two	 models	 are	 statistically	 significant.	 For	 timber	 volume	

estimation,	 the	 simple	 regression	 explained	 68%	 of	 variability	 with	 an	 rRMSE	 of	 24%.	

SMR,	again,	showed	a	statistical	(p	=	0.024)	improvement	in	timber	volume	estimation	(R2	

=	0.73,	and	rRMSE	=	22%).	

Our	 results	 showed	 that	 among	 the	 investigated	 forest	 structural	 attributes,	

unsurprisingly,	canopy	closure	was	estimated	more	precisely	than	basal	area	and	timber	

volume.	 Canopy	 closure	 is	 an	 attribute	 that	 has	 a	 direct	 control	 on	 the	 canopy	 spectral	

reflectance,	 and	 thus,	 can	 be	 predicted	with	 potentially	 higher	 accuracy.	 The	 predicting	

models	for	both	basal	area	and	especially	timber	volume	tend	to	marginally	overestimate	

low	 values	 and	 underestimate	 high	 values,	 an	 effect	 known	 as	 “local	 bias”	 [2].	 This	

constraint	has	also	been	reported	by	Nink	et	al.	 [3],	who	predicted	 timber	volume	using	

simulated	 EnMAP	 and	 Sentinel-2	 images	 with	 different	 approaches	 (i.e.,	 a	 parametric	

Partial	Least	Squares	(PLS)	regression	and	a	non-parametric	K-Nearest	Neighbours	(k-NN)	

algorithm).	 It	 is	 important	 to	note	that	VI	wavelengths	originating	 from	the	SWIR	region	

were	 chosen	more	 frequently	 than	wavelengths	 from	other	parts	of	 the	 electromagnetic	

spectrum	 in	all	 regression	models.	Therefore,	our	 findings	confirm	 that	 the	SWIR	region	

significantly	contributes	to	the	estimation	of	forest	structural	attributes.	Further,	Hyyppä	

et	al.	[4]	predicted	forest	volume	with	an	R2	of	0.55	and	a	relative	RMSE	of	45%	using	AISA	

imaging	 spectrometer	 data	 with	 30	 spectral	 bands	 (466-870	 nm).	 The	 availability	 of	 a	

larger	 spectral	 range	 (400-2500	 nm)	 using	 the	 APEX	 sensor	 in	 comparison	 to	 AISA	

highlighted	 the	 importance	 of	 capturing	 the	 full	 spectrum,	 and	 incorporating	 the	 SWIR	

region	for	forest	structural	assessment.	This	can	explain	why	our	models	yielded	a	higher	

accuracy. Our	results	revealed	that	a	combination	of	narrowband	VIs	(i.e.,	SR,	and	PVI)	and	

band	 depth	 indices	 generated	 from	 continuum	 removed	 reflectance	 data	 improved	 the	

predictive	 power	 of	 fitted	 models	 for	 estimating	 all	 forest	 structural	 attributes.	 It	 is	

important	 to	 note	 that	 some	 forest	 structural	 attributes,	 such	 as	 LAI	 or	 canopy	 closure,	

directly	affect	the	canopy	reflectance	behaviour.	In	contrast,	structural	attributes	like	basal	

area,	 timber	 volume,	 and	 tree	 diameter	 have	 no	 direct	 control	 on	 canopy	 reflectance	

properties.	 Therefore,	 the	 successful	 estimation	 of	 these	 attributes	 using	 optical	 data	

highly	 depends	 on	 their	 correlation	 with	 attributes	 that	 directly	 affect	 forest	 canopy	
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reflectance	 properties	 [2],[5].	 In	 our	 study,	 for	 example,	 we	 observed	 significant	

correlations	 between	 canopy	 cover	 and	 both	 basal	 area	 (r(n=35)	 =	 0.75,	 p	 <	 0.01),	 and	

timber	volume	(r(n=35)	=	0.62,	p	<	0.01).	

	

5.1.3 What	is	the	potential	capability	of	ALS	and	IS	data	integration	to	map	
structural	and	functional	properties	in	a	heterogeneous,	alpine	forest	area?	

This	research	question	was	addressed	in	chapter	4.	This	chapter	presents	a	framework	

methodology	 to	 integrate	 airborne	 laser	 scanning	 (ALS)	 and	 imaging	 spectroscopy	 (IS)	

data	 with	 the	 aim	 to	 quantify	 an	 alpine	 forest	 structurally	 (i.e.,	 tree	 density	 (TD))	 and	

functionally	 (i.e.,	 forest	 productivity	 (FP))	 at	 plot	 scale.	 To	 take	 advantage	 of	 actively	

sensed	data	 that	 allow	 a	 3D	 surface	 representation	 of	 individual	 trees	 [6],	we	used	ALS	

data	 in	combination	with	a	 local	maxima	(LM)	approach	to	estimate	TD	and	compared	it	

with	reference	data.	Variable	window	sizes	coupled	with	different	pixel	sizes	of	a	canopy	

height	 model	 (CHM)	 were	 applied.	 A	 narrow-band	 NDVI	 product	 generated	 from	 APEX	

data	was	used	to	eliminate	falsely	detected	trees	resulting	from	the	complex	terrain	in	the	

study	 area	 (i.e.,	 very	 steep	 slopes)	 [7].	 The	 independent	 validation	 showed	 an	

underestimation	 of	 TD	 (rRMSE	 =	 77%).	 However,	 a	 significant	 improvement	 in	 TD	

estimation	was	observed	for	a	class	of	large	trees,	i.e.,	trees	with	a	diameter	larger	than	30	

cm	(rRMSE	=	40%).	The	obtained	results	were	different	 for	 field	plots	 located	on	north-

facing	 slopes	 (rRMSE	 =	 33%)	 and	 south-facing	 slopes	 (rRMSE	 =	 42%).	 Obtaining	 lower	

accuracies	in	south-facing	plots	may	be	due	to	the	presence	of	significantly	higher	number	

of	trees,	in	addition	to	the	occurrence	of	multiple-stemmed	trees.	Tanhuapää	et	al.	(2016)	

[8]	 have	 highlighted	 that	 plots	 with	 higher	 numbers	 of	 trees	 caused	 an	 increasing	 TD	

estimation	error.	The	assessment	of	the	role	of	species	composition	on	the	TD	estimation	

revealed	that	TD	error	tends	to	be	species	specific.	The	lowest	error	was	found	in	Larch–

dominated	plots,	while	the	highest	error	occurs	in	mixed	plots.	It	 is	 important	to	keep	in	

mind	that	Larch	(Larix	decidua)	trees	were	present,	indeed	with	varying	proportion,	in	all	

field	 plots.	 Larix	 occupies	 the	 upper	 forest	 canopy	 layer	 because	 of	 its	 faster	 growing	

properties.	 Swiss	 stone	 pine	 (Pinus	 cembra)	 and	 Norway	 spruce	 (Picea	 abies),	 on	 the	

contrary,	were	observed	 less	distributed	and	 they	mainly	 contributed	 to	 form	 the	 lower	

part	of	the	canopy	layer	[5].	Therefore,	they	are	often	not	detectable	by	ALS	data	[9].	We	

found	that	 the	variability	of	TD	estimation	errors	was	related	to	 the	proportion	of	Swiss	

stone	pine	and	Norway	spruce.	The	issue	of	undetected	trees	might	be	improved	by	i)	the	

use	of	multi-temporal	ALS	data	 (i.e.	 leaf-on	and	 leaf-off)	 [10],	 and	 ii)	 acquiring	ALS	data	
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with	 a	 dense	 point	 density	 as	 indicated	 by	 Vauhkonen	 et	 al.	 [11],	 mentioning	 that	 an	

individual	 tree	detection	(ITD)	approach	performs	best	with	a	dense	point	density	(5-10	

pts/m2).	

We	further	applied	an	empirical	approach	to	map	Gross	Primary	Production	(GPP),	as	

an	 approximation	 of	 forest	 productivity,	 using	 APEX	 data	 of	 the	 study	 area.	 The	

combination	of	optical	reflectance	data	and	ALS	data	allowed	to	generate	a	GPP	map	and	

to	 subsequently	modify	 it	 by	 identifying	 shaded	pixels	 and	normalizing	 for	 tree	 fraction	

cover	in	the	respective	area.	We	found	an	agreement	between	the	modelled	GPP	and	the	

well-documented	 MOD17	 GPP	 product.	 However,	 we	 observed	 a	 20%	 overestimation	

compared	to	a	flux	tower-based	GPP	range	reported	for	a	close-by	forested	area	in	Davos,	

Switzerland.	 The	 observed	 overestimation	may	be	 due	 to	 the	 fact	 that	 i)	 the	 greenness-

based	 approach	 to	 model	 GPP	 is	 reflecting	 the	 potential,	 rather	 than	 the	 actual	

photosynthetic	 activity,	 or	 ii)	 modelling	 annual	 GPP	 using	 a	 single	 observation	 in	 time	

introduces	uncertainty	as	the	forest	phenological	cycle	plays	an	important	role	in	annual	

GPP,	 which	 can	 only	 be	 captured	 by	 multi-temporal	 data	 acquisition.	 Our	 findings	

regarding	 the	 interrelationship	 between	 forest	 productivity,	 TD,	 and	 surface	 elevation	

showed	that	surface	elevation	constrains	both	forest	productivity	and	TD.	In	other	words,	

there	is	a	decline	in	estimated	TD	and	forest	productivity	with	increasing	elevation.	Also,	a	

positive	relationship	between	forest	productivity	and	TD	was	observed.	It	is	important	to	

note	that	the	trends	obtained	from	remote	sensing-based	estimates	agree	with	field-based	

measurements	at	both	plot	and	 landscape	scales.	This	may	be	particularly	promising	 for	

further	assessment	of	changes	in	forest	productivity,	TD,	and	tree	mortality	caused	by	an	

increasing	 number	 of	 environmental	 drivers	 across	 diverse	 gradients	 (e.g.	 elevation,	

climate,	soils),	as	emphasized	recently	by	Asner	et	al.	(2016)	[12].		

	

5.2 Conclusions	

In	 this	 thesis,	 a	 remote	 sensing-based	 approach	 was	 implemented	 to	 map	 forest	

structural	and	functional	attributes	in	a	heterogeneous	alpine	environment.	Based	on	the	

main	findings	detailed	in	section	5.1,	the	following	conclusions	can	be	drawn:	

	Firstly,	this	thesis	emphasizes	that	attention	should	be	paid	to	choose	an	appropriate	

approach	 to	 map	 ecosystem	 parameters	 in	 a	 heterogeneous	 landscape.	 It	 provides	

quantitative	 evidence	 that	 the	 continuous	 field	 (CF)	 mapping	 approach	 is	 a	 powerful	

concept	 and	offers	 the	 capability	 to	 estimate	and	map	 continuous	ecological	parameters	

such	as	vegetation	AGB	 [13],	water	 content	 [14],	or	wetland	 types	 [15].	 It	highlights	 the	
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sensitivity	 of	 the	 CF	 approach	 to	 correctly	 account	 for	 natural	 gradients	 in	 surface	

characteristics	 by	 considering	 sub-pixel	 information	 when	 heterogeneity	 is	 high.	 The	

findings	 reveal	 significant	 improvements	 in	 vegetation	 AGB	 estimation	 using	 the	 CF	

approach	compared	to	a	traditional	approach	(i.e.,	the	discrete	approach).		

Secondly,	 this	 thesis	 underpins	 that	 optical	 remote	 sensing	 data,	 i.e.,	 APEX	 data	 in	

combination	with	an	empirical	approach,	allow	providing	spatially	explicit	information	on	

the	 distribution	 of	 forest	 structural	 attributes	 including	 canopy	 closure,	 basal	 area,	 and	

timber	 volume	 at	 a	 satisfactory	 level	 of	 accuracy	 (i.e.,	 rRMSE	 less	 than	 30%	 [16]).	 The	

results	 underline	 the	 important	 role	 of	 the	 SWIR	 spectral	 region	 to	 estimate	 forest	

structural	 attributes.	 These	 findings	 further	 emphasize	 the	 need	 for	 high	 quality	 optical	

data	with	high	signal-to-noise	(SNR)	ratio,	especially	in	the	SWIR	region.	In	the	absence	of	

ALS	 data,	 which	 is	 the	 case	 for	 many	 areas	 on	 Earth,	 free	 access	 to	 optical	 data	 is	

important,	 and	 the	 application	 of	 relatively	 simple	 empirical	 approaches	 to	 estimate	

ecosystem	variables	in	general,	and	forest	attributes	in	particular,	is	strongly	suggested.	

	Thirdly	 and	 finally,	 this	 thesis	 provides	 an	 investigation	 and	 related	 accuracy	

assessment	 of	 how	 active	 and	 passive	 remote	 sensing	 data	 can	 be	 combined	 to	 assess	

structural	and	 functional	attributes	of	a	heterogeneously	 forested	area.	Chapter	4	shows	

that	 the	 estimation	 of	 TD	 in	 a	 heterogeneous	 alpine	 forest	 environment	 is	 a	 challenge	

given	current	technology	and	analytical	approaches.	More	precisely,	the	findings	show	an	

acceptable	accuracy	of	ALS	data	to	capture	information	on	large	and	tall	trees	at	the	upper	

layer	 of	 a	 canopy,	 whereas	 co-dominant	 and	 covered	 trees	 at	 lower	 canopy	 levels	 can	

hardly	 be	 detected	 using	 ALS	 data.	 Overall,	 this	 thesis	 contributes	 to	 understand	 the	

interrelationships	 among	measured	 and	 estimated	 TD,	 topography,	 and	modelled	 forest	

productivity,	and	provides	a	report	of	achieved	accuracies	using	RS	approaches.	

This	 thesis	 improved	 and	 developed	 methods	 for	 providing	 spatially	 explicit	

predictions	 of	 a	 number	 of	 forest	 structural	 attributes	 such	 as	 biomass,	 canopy	 closure,	

basal	area,	timber	volume,	tree	density,	and	a	functional	attribute,	i.e.,	forest	productivity.	

These	 attributes	 are	 the	 important	 key	 features	 often	 used	 to	 characterize	 forests	 in	

support	of	 forest	 inventories,	management	strategies	and	conservation	activities	 [17].	 In	

commercial	 forests,	 for	 example,	 the	 primary	 objective	 of	 most	 forest	 inventories	 is	 to	

estimate	standing	basal	area	and	timber	volume.	Remote	sensing-based	products	can	help	

managing	forest	resources,	i.e.	when	selecting	harvest	hot-spot	locations	in	a	forested	area	

during	 a	 specific	 period	 [18].	 A	 tree	 density	 map	 can	 be	 of	 use	 to	 indicate	 essential	

silvicultural	treatments,	such	as	reduction	of	TD	by	thinning	if	TD	is	too	high,	or	definition	

of	a	proper	strategy	to	increase	regeneration	rate	if	TD	is	low	[19].	Canopy	closure	is	used	
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as	an	important	criterion	to	identify	a	specific	area	as	forest	(forest	definition)	and,	finally,	

to	 generate	 forest	 cover	 maps	 in	 many	 countries.	 In	 Switzerland,	 for	 example,	 the	

minimum	 canopy	 closure	 of	 a	 forest	 is	 defined	 to	 be	 at	 least	 20%	 [20].	 The	 promising	

results	 obtained	 in	 chapter	 3	 with	 mapping	 canopy	 closure	 may	 contribute	 to	 produce	

accurate	 forest	 cover	maps.	 Canopy	 closure	metrics	 also	 provide	 important	 information	

regarding	forest	functions	and	for	quantifying	mass,	energy,	and	gas	exchange	between	a	

forest	 ecosystem	 and	 the	 atmosphere	 [21].	 The	 estimated	 structural	 attributes	 in	 this	

thesis	may	be	especially	useful	 for	site	quality	assessment.	At	a	given	age,	 for	example,	a	

lower	number	of	 trees	with	higher	basal	 area/volume	 indicates	 a	 good	 site	productivity	

index	[22]	.	

	

5.3 Study	limitations	and	outlook		

This	 thesis	 investigated	 the	 capability	 of	 an	 empirical	 approach	 in	 combination	with	

imaging	spectroscopy	data	to	map	AGB	(chapter	2),	canopy	closure,	basal	area	and	timber	

volume	(chapter	3),	as	well	as	 forest	productivity	(Chapter	4).	The	results	show	that	 the	

empirical	 approach	 is	 able	 to	 estimate	 structural/functional	 forest	 attributes	 with	

reasonable	 accuracy.	 However,	 some	 limitations	 of	 optical	 remote	 sensing	 data	 have	

effects	 on	 the	 estimation	 performance.	 In	 chapter	 2,	 for	 example,	 a	 comparison	 of	

hemispherical	conical	reflectance	factor	(HCRF)	spectra	of	corresponding	pixels	located	in	

the	 overlapping	 area	 of	 two	 adjacent	 APEX	 flight-lines	 showed	 differences	 in	 HCRF	

measured	values.	These	differences	 can	be	contributed	 to	 surface	anisotropy,	 commonly	

described	 as	 bi-directional	 reflectance	 distribution	 function	 (BRDF)	 [23],	 and	 remaining	

topographic	effects	after	the	atmospheric	correction	implementation.	These	uncertainties	

may	afterwards	be	transferred	into	derived	ecosystem	products	[24].	Hence,	special	effort	

is	needed	to	apply	appropriate	approaches	in	order	to	reduce	the	BRDF	and	topographic	

effects	especially	in	rugged	terrain	areas	[25]–[27].		

The	key	to	success	in	CF	mapping	is	to	precisely	model	the	resulting	abundance	maps.	

In	 this	 thesis	 a	 linear	 spectral	 mixture	 (LSM)	 algorithm	 was	 applied	 to	 estimate	 the	

proportion	of	each	 land	cover	 type	using	selected	pure	spectra	called	end-members	 [13].	

The	 LSM	 assumes	 that	 in	 mixed	 pixels	 the	 reflected	 spectrum	 collected	 by	 an	 optical	

system	 (i.e.,	 spectrometer)	 is	 a	 linear	 combination	 of	 end-members	 weighted	 by	 their	

corresponding	 abundances.	 In	 fact,	 it	 assumes	 that	 no	multiple	 scattering	 or	 secondary	

reflectance	happens	 in	reflected	radiation	before	being	collected	by	a	spectrometer	 [28],	

[29].	This	assumption	forces	the	LSM	algorithm	to	model	abundance	fractions	of	present	
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LCTs	in	a	natural	complex	landscape	that	are	prone	to	multiple	scattering	[30].	Therefore,	

non-linear	spectral	mixture	may	yield	better	results	once	there	is	a	complex	and	multiple	

interaction	between	radiation	and	components	of	a	given	pixel	[31].	

In	remote	sensing	for	forest	assessment	the	collection	of	field	data	plays	an	important	

role	[32].	A	sufficient	number	of	field	plots,	measurement	consistency,	a	suitable	sampling	

approach	(i.e.,	simple	random,	systematic,	or	clustered),	and	the	appropriate	time	for	field	

data	collection	are	all	critical	to	obtain	reliable	field	reference	data.	It	is	essential	to	select	

an	optimum	number	of	plots	in	a	way	that	the	sampling	scheme	covers	the	entire	range	of	

attributes	of	 interest	 (such	as	AGB,	 canopy	closure	etc.,)	 [33].	Further,	 it	 is	 important	 to	

collect	 the	 field	 data	 at	 the	 same	 time	 or	 as	 close	 as	 possible	 to	 remote	 sensing	 data	

acquisition	 [32],	because	 time	differences	may	 impact	model	prediction	performance.	 In	

this	thesis,	grassland	field	data	and	APEX	data	were	acquired	at	the	same	day	in	June	2010.	

However,	there	was	a	two-year	time	lag	between	forest	field	data	collection	and	APEX	data	

acquisition.	 Since	 the	 SNP	 is	 a	 protected	 area,	 it	 was	 assumed	 that	 forest	 structural	

attributes	remained	relatively	constant	during	this	period.	Nevertheless,	 this	assumption	

introduces	some	uncertainty	in	forest	structure	estimation.	Multi-temporal	acquisition	of	

both	 RS	 data	 and	 field	measurements	 is	 crucial	 to	 cope	with	 seasonal	 and	 phenological	

dependencies	of	structural	attributes.	 In	other	words,	 the	prediction	power	of	structural	

attributes	 (especially	 for	 grassland	biomass	which	 shows	 strong	 seasonal	 variation)	 can	

be	improved	by	taking	into	account	the	possibility	of	collecting	a	richer	temporal	data	set	

and	type-specific	calibration	models	[13],	[34].	

Empirical	 approaches	 are	 comparably	 easy	 to	 implement,	 and	 often	 yield	 accurate	

results	in	the	specific	study	area	and	at	the	spatial	scale	they	were	calibrated	for	[35],	[36].	

Therefore,	 these	 approaches	 have	 been	 more	 widely	 used	 for	 predicting	 vegetation	

attributes	 (i.e.,	 biochemical,	 and	 structural	 attributes)	 [37],	 [38]	 than	 physical-based	

approaches.	 Their	 biggest	 issue,	 however,	 is	 the	 transferability	 of	 a	 calibrated	model	 to	

other	locations	and	dates	[39].	More	precisely,	models	are	i)	sensor	specific,	ii)	specific	to	

the	dataset	used	 for	calibration,	and	 iii)	dependent	on	extensive	 in-situ	data	 [40].	 In	 this	

context,	 physical-based	 approaches	 can,	 theoretically,	 overcome	 these	 limitations	 since	

their	 main	 advantage	 is	 their	 general	 applicability	 to	 different	 sites	 and	 sampling	

conditions	 [41].	 It	 is	 important	 to	 note	 that	 the	 retrieval	 capacity	 of	 physical-based	

approaches	 is	 limited	 to	a	 few	 forest	attributes,	 such	as	 leaf	area	 index	 [40],	 chlorophyll	

content	 [42],	 water	 content	 [43]	 and	 canopy	 closure	 [44].	 Therefore,	 an	 additional	

empirical	approach	 is	needed	 to	establish	a	 relationship	between	a	parameter	predicted	

by	a	physical-based	approach	and	the	parameters	of	interest	such	as	biomass	[45].		
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The	leave-one-out	validation	procedure	showed	that	for	forest	AGB	estimation	(Fig.	2.	

11),	basal	area	estimation	(Fig.	3.5)	and	timber	volume	estimation	(Fig.	3.7)	the	maximum	

variation	 and	 highest	 scattering	 between	 estimated	 and	 measured	 variables	 were	

observed	in	their	mid	range	values.	This	pattern	shows	that	using	only	spectral	reflectance	

data	 is	not	 sensitive	enough	 to	estimate	 structural	 attributes	 covering	 these	 ranges.	The	

same	issue	has	been	reported	by	Nink	et	al.	(2015)	[3].	In	future	studies,	a	combination	of	

spectral	 data	 with	 ancillary	 data	 (i.e.,	 stand	 age,	 site	 index,	 elevation,	 slope	 and	 mean	

annual	temperature)	may	improve	the	prediction	power	[46],	[47].		

Predicting	 tree	 density	 in	 a	 structurally	 heterogeneous	 forested	 area	 with	 multi-

stemmed	 trees	 using	 an	 ITD	 approach	 in	 combination	with	 relatively	 low	 point	 density	

(less	than	5	pts/m2)	proved	to	be	a	difficult	task.	Applying	an	Area-Based	Approach	(ABA)	

using	 a	 nonparametric	 regression	 in	 such	 a	 forest	 may	 help	 to	 improve	 the	 prediction	

power.	

The	use	of	simple	vegetation	indices	as	a	proxy	for	GPP	in	combination	with	difficulties	

in	 describing	 the	 radiative	 transfer	 of	 complex	 canopies	 (i.e.,	 the	 fractions	 of	 direct	 and	

diffuse	irradiance	components)	likely	contributes	to	uncertainty	in	the	forest	productivity	

estimates	 [26].	 Further	 analyses	 that	 consider	 larger	 elevation	 gradients	 and	 more	

sophisticated	remote	sensing	approaches	(i.e.,	sun-induced	chlorophyll	fluorescence)	may	

yield	 a	 more	 general	 view	 on	 forest	 growth	 patterns	 in	 alpine	 environments	 and	

underlying	causes	such	as	resource	limitations.	
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