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Abstract: The global biodiversity crisis has emphasized the unique contribution of functional diversity to
ecosystem function, stability, and resilience. In this regard, the increasing availability of remotely sensed data
together with the development of new sensors and approaches has the potential to improve our ability to
quantify and monitor ecosystem traits and functions at unprecedent spatial, temporal, and spectral scales. In
particular, air- and spaceborne hyperspectral data are making possible the measurement of plant-level
functional traits to investigate ecosystem function and functional diversity in novel ways. In this review we
pose that these developments together with similar ones focusing on soils and lithologies can help us
understand relationships between functional diversity, ecosystem processes, and landsliding, and more
broadly the disturbance dynamics of mountainscapes. Acknowledging the challenges associated with
mountainscapes, this review 1) synthesizes broad established methods to retrieve functional traits from
remotely sensed data, 2) summarizes approaches derived from remotely sensed data to characterize functional
diversity and its relationships with ecosystem functioning, and 3) elaborates on how these methods and
approaches can provide a needed holistic view of landslides. This holistic view recognizes the critical role that
interactions between ecosystem and geomorphic processes play in the dynamics of mountainscapes mediated
by landslides and the contribution of ecosystem diversity and processes to landslide susceptibility and
recovery. In this “ecosystem-centered” view of landslides it might be necessary to scale from individual
landslides and sites to entire landslide populations, assemblages, and landscapes.

Keywords: functional diversity; hyperspectral remote sensing; landslides; LIDAR; plant functional
traits; soil-rock attributes; spectral diversity; tropical mountainscapes

1. Introduction

The global biodiversity crisis has emphasized the contribution of biodiversity to ecosystem
stability and resilience, and highlighted monitoring needs at multiple scales [1,2]. In this context,
functional diversity (FD) has emerged as an essential dimension of biodiversity due its potential to
link ecosystem processes and function (EF) with taxonomic, phenotypic, and genomic diversity [3,4].
Remotely sensed multi-spectral data collected along the visible (VIS) through the long-waved
infrared (LWIR) regions has already made possible the characterization of ecosystem traits and
functions at several spatial and temporal scales [5-11], contributing in important ways to monitoring
the Earth’s “pulse.” Simultaneously, important developments in imaging spectroscopy have made
possible linking field-based leaf- and plant-level functional trait (FT) measurements with air- and
spaceborne hyperspectral data to investigate ecosystem function and functional diversity at
unprecedented spectral scales [12-16]. Here we pose that these developments together with similar
ones focusing on soils and lithologies [17-19] can help us understand relationships between,
functional diversity ecosystem processes, and landsliding, and more broadly the disturbance
dynamics of mountainscapes.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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The aforementioned sources of remotely sensed data to investigate functional diversity come
with distinctive tradeoffs stemming from their spatial, temporal, and spectral resolutions [20-22]. A
first set of trade-offs associated with multi-spectral data involves downscaling the data based on
band-sharpening or bilinear interpolation methods to match the smallest field sampling unit used to
characterize functional traits and functional diversity [e.g., 5,23,24]. Alternatively, downscaling may
involve modeling fractional cover using spectral mixture analyses (SMA) to characterize pixel level
plant functional types (PFT) and substrate composition, and ultimately habitat diversity [e.g., 25]. In
both instances, subsequent upscaling using environmental data allows examination of diversity
patterns at landscape and regional scales. A second set of trade-offs is associated with hyperspectral
data and there is variation depending on whether the data is collected by aircrafts or satellites. The
former may require upscaling to characterize functional traits and functional diversity from image
scenes to regional scales [12,26,27]. The latter, like multi-spectral data, may require downscaling [28]
or modeling fractional cover [29-31] to characterize functional traits and functional diversity at
different scales. These tradeoffs may be amplified in studies investigating the relationships between
ecosystems and landsliding given the challenges associated with the complex topography of
mountainscapes [32,33], the large variation in landslide sizes [34,35], and the spectral characteristics
of young landslides that contain a mixture of vegetated pixels and bare soil. In vegetation studies
based on hyperspectral data it is recommended to remove bare soil pixels to eliminate background
reflectance [36]; similarly in soil/rock studies the recommendation is to remove vegetated pixels [37].

A new generation of existing and planned spaceborne hyperspectral missions such as PRISMA
[38], EnMAP [39], SBG [40,41], CHIME [42], and Planet’s Tanager satellites [43] open numerous
possibilities for investigating taxonomic and functional diversity, and ecosystem function at a time
of rapid global change. Although the challenges of spatial resolution may persist, the combination of
this data with soil and lithological variables derived in a similar fashion [17-19] may enable the
multiscale monitoring of tropical mountains, a mega diverse and climate-susceptible biome heavily
influenced by numerous drivers of change, including landsliding.

Connecting functional diversity and ecosystem function hinges both on the selection of relevant
functional traits at leaf- and plant-levels and linking these traits with their optical properties, and
ultimately to air- and spaceborne sensors [Figure 1; 16,44]. This has involved the collection of relevant
trait data in the field, development of models associating these traits with their optical properties,
scaling functional traits, and assessing functional groups and functional diversity at multiple scales
[15,26]. In this review we 1) synthesize broad established methods to retrieve functional traits from
remotely sensed data, 2) summarize approaches derived from remotely sensed data to characterize
functional diversity and its relationships with ecosystem functioning, and 3) elaborate on how these
methods and approaches can provide a needed holistic view of landslides. This holistic view
recognizes the critical role that interactions between ecosystem and geomorphic processes play in the
dynamics of mountainscapes mediated by landslides and the contribution of ecosystem diversity and
processes to landslide susceptibility and recovery. In this “ecosystem-centered” view of landslides it
might be necessary to scale from individual landslides and sites to entire landslide populations,
assemblages, and landscapes.
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Figure 1. Workflows to derive functional traits from remotely sensed data and estimate functional
diversity metrics. Stage 1a: Field Data. Leaf samples and spectra are collected in the field from field
plots and plant canopies; leaf samples undergo analytical work. Stage 1b: RS Data. Optical and
LiDAR data are collected at sampling sites to provide spectral and structural information of
vegetation that may require various levels of preprocessing, such as masking of shade and bare
ground. Stage 2: Modeling leaf trait- spectra relationships. Leaf and canopy traits are modelled as a
function of light reflectance using different approaches. Stage 3: Scaling. Models developed as part
of Stage 2 are used with RS data to assign trait values to pixels. Stage 4: Spectral Features. Traits,
principal components, spectral species derived from remotely sensed data represent features used to
estimate diversity metrics. Stage 5a: Functional Groups. Clustering of pixels from the functional trait
maps at known sites (plots) can be used to define forest functional groups. Stage 5b: Functional
Diversity Metrics. Pixels from the functional trait maps can be used to estimate functional diversity
metrics. Single traits are used to estimate Community Weighted Means (CWM) whereas multiple
traits to estimate Functional Richness (FRic), Functional Dispersion (FDis), Functional Divergence
(FDiv), and Functional Evenness (FEv = Functional Evenness). Stage 5c: Diversity-Scale
Relationships. Spectral features and functional diversity metrics can be used to understand the extent
of their variability with scale [alpha (SD«), beta (LCSDyv), and gamma (SDy) diversity]. Additionally,
metrics including Feature Contribution to Alpha Diversity highlight the contributions of bands to
spectral diversity of the region (FCAD) [53]. Stage 5d: Scaling up to Regions. Depending upon the
extent of the region, scaling may involve additional steps to model average spectra as a function of
environmental variables.

2. Functional Traits — From Field to Remotely Sensed Observations

In a broad sense, functional traits refer to attributes that play a role in the establishment, growth,
survival, reproduction, and ultimately fitness, of an organism [45]. In a narrow sense, functional traits
represent a subset of biochemical, morphological, physiological, and behavioral attributes that
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mediate organisms’ responses to environmental stressors, including disturbance, and have a marked
effect on ecosystem functions and ecosystem stability at multiple scales [46-50]. Thus, upscaling
functional trait measurements to regions [e.g., 51,52] can greatly help understand underlying causes
of the observed variability, as well as consequences under global changes. In this regard, imaging
spectroscopy is providing unique opportunities to observe spectral features [53,54] representative of
leaf- and plant-level traits [44,55,56] that mediate ecosystem functions [12,15]. Moreover, imaging
spectroscopy is providing opportunities to explore variation of spectral features in relation to
geomorphic [57] and environmental [58,59] gradients, landscape heterogeneity [60], and spread of
invasive species [61,62]. In addition to suggesting underlying causes of the observed variation, this
work may also help understand the consequences of changes in the underlying drivers on trait
distributions, and ultimately ecosystem functions which becomes important for monitoring and
forecasting purposes [63-65] as well as for calibrating ecosystem and biosphere models [29,66—68].

Observing spectral features relies on the selection of leaf- and plant-level traits (Figure 1 Stage
la) that collectively translate into critical ecosystem processes and functions, retrieval of this
information from optical data using diverse approaches (Figure 1 Stage 1b and Stage 2), and scaling
from leaf and plant to pixel, plot, landscape, and region levels (Figure 1 Stages 3 and 5e). Functional
traits at the leaf level include pigments (Chlorophyll, Carotenoids, Anthocyanins), nutrients
(Nitrogen, Phosphorus, Calcium, Potassium, Magnesium, Iron), structural compounds (Lignin,
Cellulose, Polyphenols), water content (Equivalent Water Thickness, EWT), and mass per unit area
(LMA) whereas at the plant level, tree height and canopy characteristics (e.g., size and shape, leaf
area index, leaf angle distribution, fractional cover) [15,36,55,56,68-71]. At the individual level, both
sets of traits are related to light capture and growth, photoprotection, stress resistance and defense,
maintenance and metabolism. At the ecosystem level these traits inform about photosynthesis,
primary production, carbon storage, nutrient cycling, decomposition, allocation and growth, stress
resistance, and hydraulic regulation.

The retrieval of leaf- and plant-level functional traits from optical data is based on the
development of relationships between trait measurements and individual bands, spectral indices, or
the whole spectra via three broad sets of modeling approaches, namely statistical, physical-based,
and hybrid [Figure 1 Stage 2; 16,65,72-76]. Statistical approaches involve models that establish
relationships between a trait of interest and individual bands and spectral indices [66,77-79],
uncorrelated, synthetic variables derived through principal component analysis (PCA) [53,80], or the
entire spectrum using partial least squares regression (PSLR) [e.g., 68,81,82,83]. Physical-based
approaches make use of coupled leaf-canopy radiative transfer models (RTM) to estimate canopy
reflectance via forward mode or leaf traits by model inversion; these models require look-up tables
as well as trait data sets calibrated both in the lab and field [84-87]. Finally, hybrid models combine
both approaches [88-90].

Scaling and mapping plant functional traits (Figure 1 Stages 1-3 and 5e) are often part of large
studies aimed at the development of new sensors, complex instruments, and applications [67,91-93],
yet they may also take place in other contexts [94]. These studies consider retrieval methods, conduct
simulations, collect in situ field and sensor calibration and validation measurements, and pre-process
the imagery to different degrees. Central to scaling and mapping are in situ measurements of canopy
reflectance at relatively homogenous sampling points using field spectroradiometers, or complex
airborne instruments, and/or estimates derived from RTM models (Figure 1 Stage 1). Sampling points
may represent elementary sampling units (ESU) within plots matching pixels of a given airborne or
spaceborne sensor, tree crown pixels or full tree crowns, and field subplots within plots whose size
and shape may represent pixels of a given sensor [23,68,70,93,95]. Extensive pre-processing of air-
and spaceborne multispectral and hyperspectral data, may involve data fusion, estimating fractional
vegetation cover, masking out clouds, bare ground, and tree-canopy shade, delineating tree canopies,
and characterizing canopy geometry [Figure 1 Stage 1b; 15,91,96] [Figure 1 Stage 1b; 12,92,96]. At
this stage, the models linking optical data with leaf- and plant-level traits are applied to the pre-
processed remotely sensed data to scale up predictions and map these traits at pixel, plant, image
scene, and region levels [Figure 1 Stage 3; 16,36,70]. Scaling may involve averaging pixel-level traits
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for individual tree crowns [70,97] or averaging the spectra of multiple pixels within sampling plots
[12,36] or weighing vegetation indices or traits by the corresponding plant abundance [e.g., tree
crown area; 68,98]. At scene and region scales, scaling up leaf- and plant-level traits may involve
additional modeling using ancillary environmental data and resampling at resolutions lower than
the original hyperspectral data [Figure 1 Stages 3 and 5e; 36,81,99].

3. Functional Diversity and Ecological Function

Functional diversity is broadly defined as the value and range of functional traits in a
community [100,101]. In addition to facilitating comparisons at multiple scales, theoretical and
empirical work suggests that functional diversity and species diversity are related [102-104], that
intensity of disturbance influences functional diversity [105,106], that functional diversity greatly
contributes to the stability of ecological function [101,107-110], and that the diversity of functions
both within and across scales are central to ecosystem resilience [110,111]. This may explain efforts to
examine variation of functional diversity in space [109,112-114] and time [115,116] in response to
changing environmental conditions, characterize within (local; alpha diversity), between (landscape;
beta diversity), and overall (regional; gamma diversity) functional diversity [117-119], and to develop
qualitative and quantitative measures of functional diversity whether grouping species based on trait
similarity or defining indices or metrics [120].

Using single or multiple functional traits it is possible to identify functional groups, i.e., groups
of species sharing similar traits and most likely performing similar functions or exhibiting similar
ecological strategies within ecosystems [Figure 1 Stage a; 110,121,122-126]. One large-scale functional
grouping of plants uses categorical traits such as life form, leaf type, and leaf phenology to identify
plant functional types (PFT); these traits are currently retrievable from remotely sensed data [127].
Another functional grouping of plants used leaf functional traits derived from airborne hyperspectral
data and a cluster analysis to identify functional forest classes (FFC) and functional forest groups
(FFG) that were used to characterize functional diversity at a country-scale [12]. These groupings can
be incorporated into metrics that estimate functional richness (number of functional groups) or
evenness (distribution of abundances of functional groups) at community scales [120,128]. In the
context of this work, estimating functional diversity requires the identification of communities or
pixel neighborhoods [54].

Functional diversity is more commonly expressed with metrics or indices based on single or
multiple functional traits that can take discrete and/or continuous values [129-131]. A metric based
on single functional traits is the community weighted mean of trait values (CWM) that expresses the
importance of a trait at plot scales by weighing them by species or functional type abundances [Figure
1 Stage 5b; 5,114]. Concurrent CWM of trait values derived from field measurements and high
resolution hyperspectral airborne data were used in a PLSR model to subsequently scale CWM of
trait values to image scales [68]. Similarly, concurrent CWM of trait values, and high resolution
multispectral spaceborne and environmental data were used as input in a Geographic Random Forest
to map trait values in tropical regions [5].

Metrics using multiple functional traits in a multidimensional framework describe the trait space
occupied by species in a community using a convex hull (functional richness, FRic), the regularity of
the spacing of the species (functional evenness, FEve), the mean distance of the species to the centroid
of the trait space weighted by the relative abundance of each species (functional dispersion; FDis),
and the degree to which species abundances are distributed towards the boundaries of the trait space
(functional divergence; FDiv) [Figure 1 Stage 5b; 53,120,129,131] [Figure 1 Stage 5b; 53,120,129,130].
Alternatively, these indices may be estimated using a trait probability density (TPD) approach [117].
Using airborne LiDAR and hyperspectral data, as well as spaceborne multi-spectral data, Schneider
et al. [15] and Helfenstein et al. [20] derived morphological and functional traits based on band ratios
at pixel-scales, and used pixels and pixel neighborhoods as a surrogate for species and communities,
respectively, to estimate FRic, FEve, and FDiv while exploring the influence of spatial (changes in
neighborhood size) and spectral (convolving airborne hyperspectral data) scale; to visualize pixel-
scale trait composition the authors used an RGB composite. In contrast, Zheng et al. [98] used LiDAR
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data to delineate tree crowns, characterized them based on morphological traits and the CWM of
three band ratios, and subsequently estimated the same functional diversity metrics. Using a similar
approach and hyperspectral data collected by an unoccupied aerial vehicle (UAV), Cimoli et al. [132]
estimated FRic based on trait probability densities as the percentage of trait space occupied by a
minimum density of pixels [TPD; 117]. Finally, using a radiative transfer model Pacheco-Labrador et
al. [89] generated synthetic communities and found that the “observed” and “estimated” functional
diversity metrics were in most instances well correlated, yet spatial but not spectral resolution and
noise affected these correlations; similar results were found for spectral diversity metrics. More
importantly, some functional diversity metrics could be predicted by spectral diversity metrics, yet
the best correlations were observed at small or local scales. Here spectral diversity refers to the
variability in spectral reflectance which has been increasingly recognized as an important component
of biodiversity because it integrates information on plant taxonomic, phylogenetic, and functional
diversity [133-136] and is a predictor of functional diversity [137].

In the previous studies, changes in neighborhood or pixel size were used to examine the
influence of space on functional diversity metrics. Another approach involves partitioning functional
diversity into alpha, beta, and gamma components (Figure 1 Stage 5b). Using three structural
variables derived from spaceborne lidar, Schneider et al. [138] used a TPD approach to estimate alpha
and beta functional diversity, the latter as the non-overlapping areas of two trait probability
distributions representing two contiguous neighborhoods. Using high resolution hyperspectral data
and principal component analyses at each pixel (species) in a given neighborhood (plot), Laliberté
and collaborators [53,139] examined the within (alpha diversity), between (beta diversity), and
overall (gamma diversity) plot variability of the principal components (Figure 1 Stage 5c). Similarly,
Rossi et al. [54] used Rao’s quadratic entropy and spectral reflectance to derive alpha, beta, and
gamma spectral diversity from Sentinel 2 multi-spectral data.

4. Diversity, Landsliding, and Mountainscapes

Early we posed that remotely sensed hyperspectral data may help understand the extent to
which ecosystem and geomorphic processes interact to drive landsliding, and ultimately the large-
scale dynamics of mountainscapes. Landsliding is a major disturbance transforming mountains
worldwide and their ecological significance remains poorly understood [Figure 3; 140,141,142]. First,
landslides create new substrates upon which communities and ecosystems reorganize and recover
[141,142]. These substrates represent soil horizons exhumed all the way down to altered bedrock or
even minimally weathered bedrock. Second, these substrates are heterogenous at local (individual
landslides), regional (landslide populations), and landscape (landslide assemblages) scales
[34,143,144]. Third, landslides leave long lasting legacies that may influence the process of landsliding
itself [145,146]. Fourth, landsliding may contribute in important ways to the diversity [147-150] and
functioning [151-154] of montane ecosystems. Whereas the creation of unique habitats and landscape
configurations favors subsets of unique species, changes in abiotic conditions directly influence
carbon and nutrient cycling, and rock weathering. Lastly, ecosystems may influence slope resistance
and susceptibility to failure in complex ways given the dynamic nature of vegetation-soil-saprolite
interactions during ecosystem development [141]. Advances in hyperspectral sensors, platforms, and
data analytical approaches (Figure 1) can be used to characterize the vegetation based on functional
traits, as well as the underlying soils and lithology based on physical and geochemical attributes.
Together this has the potential to inform about the diversity and functioning of montane ecosystems
at scales commensurate with landslide activity, and ultimately the long-term functional significance
of landslides in mountainscapes.

4.1. Plant traits, Montane Ecosystems, and Landsliding

In mountainous environments, multi- and hyperspectral remote sensing has contributed to the
characterization of plant communities [155-158], land cover/land use [159-162], tree line dynamics
[33], and disturbance regimes including deforestation, forest die-off, and landsliding [Figures 2 and
3; 163,164-167]. In particular, the efforts towards landslide mapping have been substantial [168]. In
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contrast, the use of multi- and hyperspectral remote sensing to characterize functional traits,

functional diversity, and ecosystem function in mountainous environments, particularly in the
context of landslide studies, has been limited.

Region 2
% Region1
B. C. Functional Traits D. Principal Components

TCI NDWI,ACIVOG SD, 10,3,1

Region 1

Region 2

Figure 2. Functional and Spectral Diversity in Landslide-Impacted areas in the Sierra de las Minas of
Guatemala (SLM) derived from PRISMA data. True-color RGB images (TCI) for A. a large portion of
the SLM and B. True-color RGB images (TCI) of two focal regions used in C-D. C. RGB composite of
three vegetation indices [normalized difference water index (NDWI), Anthocyanin Content Index
(ACI), and Vogelman Index 2 (VOG)] and derived spectral alpha diversity (FT-SD«). D. RGB
composite of three principal components (PCs) and derived spectral alpha diversity (PC-SDq).
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Figure 3. Ecosystem-centered view of landslides can greatly benefit from new remote sensing data and
missions A. Remotely sensed hyperspectral and LiDAR data captures landslides, vegetation, soil, and
rock attributes at multiple scales. Integrated over space and time this data can inform ecosystem,
biogeochemical, and geochemical processes. B. Parent materials influence soil and ecosystem
properties. Root uptake of rock-derived nutrients influences leaf chemistry, which can be detected
with hyperspectral data. C. LIDAR can be used to describe canopy structural variables which in turn
may correlate with root structure [234]. Root structure in turn influences slope stability, affecting
landsliding, which sets in motion various geochemical, biochemical and biological processes. D. At
landscape scales, landslide age and size diversity explain variability in developmental trajectory in
landscapes..

Studies of montane ecosystem function based on remote sensing have relied on vegetation
indices (Normalized Vegetation Index-NDVI, Enhanced Vegetation Index-EVI, Normalized
Difference Water Index-NDWI) and whole spectra to characterize canopy chemistry. Variation in
time and space of phenological metrics derived from NDVI have been used to infer temperature
sensitivity of mountain vegetation [169]. Similarly, NDVI and EVI have been used to estimate above-
ground biomass and leaf area index of non-forest and forest montane ecosystems [9,170-173]. Air-
and spaceborne hyperspectral data collected over temperate and tropical hilly and mountainous
ecosystems has allowed landscape- to regional-level quantification of canopy nitrogen and lignin,
while improving our understanding of nutrient dynamics [Figure 2; 58,64,174,175]. Extensive work
with airborne hyperspectral data in Peru (eastern Andes) and Malaysia (Mount Kinabalu) has
contributed unique insights into remotely sensed leaf chemistry associated with rock-derived
nutrients [Figure 3b; 26,70,97,176]. Altogether, these studies have shed light into the contribution of
abiotic (temperature, geomorphic and topographic settings) and biotic (species composition) factors
driving trait variability and ecosystem, soil, geomorphic, and hydrologic processes.

The few studies using remotely sensed traits to characterize functional diversity in mountainous
regions have used different traits, metrics and approaches, yet their underlying motivation has been
to derive large-scale relationships between diversity and ecosystem function (BEF studies). Two
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studies conducted in Switzerland (Laegern Mountain) showed that functional richness (FRic)
responded stronger to environmental conditions than functional evenness (FEve) and functional
divergence (FDiv) [15,20]. More specifically, FRic was highest on the south aspect and lowest at the
mountain ridge. At this same site, Schneider and collaborators [177] simulated gross primary
productivity (GPP) and found that it was positively related with FRic; yet, there were large
differences among sites differing with elevation. A fourth study conducted in China (southern aspect
of Mt. Shennongjia) showed that FRic was highest at mid and high elevations [24]. Perhaps more
importantly, this work revealed a humped-back relationship between above ground biomass and
FRic derived from morphological traits, and a more complex, non-lineal relationship between
productivity (NDVI) and FRic derived from physiological traits. Using a different approach in the
eastern Andes of Peru, Duran and collaborators [178] found that the CWM for three leaf traits (LMA,
non-structural carbohydrates, and percent water) were positively related to elevation, whereas a
fourth one (Chlorophyll) and FRic negatively related. This work further showed that net primary
(NPP) and gross primary (GPP) productivity were positively related with FRic. Interestingly, in the
aforementioned work there is no reference to landslides.

The closest reference to functional traits retrieved from remotely sensed data in landslide studies
include GRVI (green-red vegetation index), NDVI (Table S1), and tree height [179]. The former was
used in combination with back estimations of lateral apparent cohesion contributed by roots to
understand slope resistance/susceptibility to intense rainfall events in China [180]. In contrast, NDVI
and tree height are used in studies characterizing vegetation recovery and its role in stabilizing
sediment fluxes and sequestering carbon, respectively. A common metric used, or that can be
derived, from studies using NDVI is the Vegetation Recovery Ratio (VRR), a ratio of the vegetation
gained over time relative to the vegetation that was lost (Table S1). Some interesting observations, as
well as limitations, emerge from this work. First, the variability of NDVI within [181] and among
studies (Table S1) can be substantial. Second, the presence of active and inactive landslides, together
with the variability of VRR in any given population, suggests that successional trajectories are highly
variable which may explain the within-study NDVI variability [e.g., 181]. Third, NDVIo, VRR, and
annual VRR varied among studies, in part reflecting differences among sites but also, the time
covered by the studies. Fourth, VRR decreases with elevation and slope [182]. Fifth, rainfall-triggered
landslides may recover faster than those triggered by earthquakes [183]. Finally, the limited use of
ecological principles precludes a deeper understanding of ecosystem-geomorphic interactions. For
example, NDVI is not modeled to characterize ecosystem development, nor is it related to variables
such as above ground biomass or tree height that are informative of important ecosystem processes.
Similarly, the variability of NDVI at the scale of individual landslides may be used to characterize
functional diversity; integrated over time and across landslides within a population may help
understand the contribution of landslides to the diversity of montane ecosystems. In contrast to the
aforementioned studies, Freund and collaborators [179] focused on a landslide assemblage to
examine changes in vegetation height and above ground biomass in landslides of different ages along
a broad elevation gradient in Peru's Kosiipata Valley. These authors combined a 1 m-resolution top-
of-canopy height (TCH) raster derived from high-resolution full waveform airborne LiDAR data
[184] with mapped landslides. These were characterized by TCH’s mean (TCHmean) and standard
deviation (TCHasd), and TCH was subsequently used to estimate biomass at a 30-m resolution. Over a
period of 25 years, TCHmean increased linearly with time; residual vegetation on landslides translated
on average into larger TCHmean compared to landslides without residual vegetation. In contrast, in
landslides without residual vegetation the linear relationship between TCHsa and time exhibited a
steeper slope than that of landslides with residual vegetation. Above ground biomass increased
linearly with time, and the rate of increase was larger at low elevations followed by mid and high
elevations. Using orthoimages and digital surface models generated from data collected by
instruments mounted on UAVs, two independent studies in Japan found that residual vegetation on
landsliding greatly contributed to their recovery [185,186].

4.2. Soil and Lithology Attributes, Montane Ecosystems, and Landsliding
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In mountainous environments, parent material strongly influences soil [187-190] and ecosystem
[191-193] properties with likely consequences on slope stability, and ultimately landsliding (Figure
3). Yet, itis also likely that the exposure of fresh rock resulting from landslide activity sets in motion
geochemical, biogeochemical, and biological processes that have been poorly linked but that may
have profound consequences on the biosphere. Addressing these possibilities, however, is difficult
given the poor characterization of parent materials in many mountainous regions around the world.
In this regard, multi- and hyperspectral remotely sensed data has been invaluable for lithological
mapping of hilly and mountainous regions [17,37,194,195]. This data has also been used, albeit to a
lesser extent, to quantify rock mineralogy, geochemistry, and weathering degree [196-201] and
characterize soil properties [202-208]. One common thread among most of this work is its focus on
bare rock and soil or ecosystems with sparse vegetation such as grasslands or croplands. In densely
vegetated mountains, landslide activity exposes bare substrates, and this may open opportunities to
study rock and soil processes borrowing work conducted beyond these environments [209-213].

In hilly and mountainous humid environments with dense canopies two complementary
approaches may help characterize underlying parent material and soil properties, landslides
undergoing succession, and/or ecosystem-geomorphic interactions. Although both focus on the
vegetation, their emphasis varies. A first approach uses remote sensing to establish relationships
between leaf/canopy traits retrieved from multi- and hyperspectral data (See Section 3) and soil
fertility. In planted and natural forests, a reduction in leaf area and foliar concentration of Chlorophyll
(Chl), Nitrogen (N), and Phosphorus (P) is associated with nutrient deficiencies, that in the case of
rock-derived nutrients may be inherited from parent material [Figure 3b; 193]. In the Archipelago of
Hawaii, three studies that used airborne LiDAR and hyperspectral data to obtain tree heights,
including derived estimates of above ground biomass, and foliar N and P have contributed different
insights into leaf traits[191-19-ecosystem function relationships. Across a substrate age gradient -
surrogate for degree of weathering and nutrient limitation - foliar N was slightly larger at the two
intermediate-age sites, whereas mean tree height decreased, but its variability increased, with
substrate age [214]. In Kaua’i, the oldest island of the Archipelago, remotely sensed foliar P resembled
spatial predictions of foliar P based on analytical measurements, elevation, and rainfall [215]. More
specifically, concentration of foliar P was highest in lower slopes and depositional areas and lowest
on ridges and the stable shield surfaces. A negative correlation between foliar P and strontium
isotopes indicated that increased fertility was the result of inputs from rock weathering. Finaly, in
Hawai’i, the youngest of the islands, remotely sensed foliar N did not change with substrate
characteristics but the same was not true for above ground biomass [64]. In Costa Rica, low
concentrations of remotely sensed foliar N were observed on slopes whereas high concentrations on
ridges [58]; several soil N metrics followed this pattern [216]. In the Andean foothills of eastern Peru,
remotely sensed foliar concentrations of N and rock-derived nutrients (P, Calcium-Ca, Magnesium-
Mg, and Potassium-K) increased non-linearly with incision depth; the opposite was true for LMA
[176,217]. Furthermore, remotely sensed foliar Ca and K were significantly and positively correlated
with the corresponding available nutrient in soil whereas foliar and soil P were negatively correlated.
In Mt. Kinabalu, Malaysian Borneo, a study centered on two lithologies (sedimentary and ultramafic
lithologies) and 32 catchments (16 per lithology) found that remotely sensed foliar P and N were
significantly and positively correlated with a measure of hillslope disequilibrium (HD; decaying to
steepening) in areas underlain by both lithologies; for remotely sensed foliar Ca this was true but
only in areas underlain by sedimentary lithologies [57]. Finally, LMA was negatively correlated with
HD. In addition to informing about underlying rock and soil properties, this work also suggests a
role of erosional processes in supplying rock-derived nutrients, otherwise referred to as soil
rejuvenation.

The second approach uses remotely sensed data to identify vegetation anomalies and/or
indicator species associated with mineralization and geo-environments [218-229]. Deeply rooted in
Phyto/Bio geochemistry and Geobotany [230-233], Geobotanical Remote Sensing (GBRS) investigates
associations among plant traits, soil properties, underlying mineral deposits, and spectral signatures
in areas densely covered by vegetation for the purpose of mineral exploration, geologic delineation,
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and phytoremediation. At the leaf level, plant traits include concentration of metal elements, water
content, and spectra whereas at the crown, individual and population levels tree height and leaf
phenology, and at the community level species composition and structure; soil properties include
concentration of mineral elements (Figure 3b). The principle behind GBRS is that plants growing at
sites with anomalous concentrations of metal elements have altered physiologies and that these stress
states are observable in the chemical and spectral signatures of leaves, and remotely sensed plant
canopies. At any given site targeted for mineral exploration, the within species responses to different
mineral elements as well as the among species responses to a single element can be highly variable
and this has the potential to identify indicator species. In the context of ecosystem-geomorphic
interactions studies this work can potentially inform about changes in the redistribution of biomass
between ecosystem above and belowground compartments and their influence on slope stability and
landslide regeneration (Figure 3c). In addition, it can inform about plant-microbial associations that
may help plants survive under stressful conditions.

5. Hyperspectral Remote Sensing Can Integrate Plant Traits, Soil-Rock Attributes, and Landslide
Studies to Understand the Diversity, Functioning, and Dynamics of Mountainscapes

An increasing availability of airborne and spaceborne hyperspectral data, together with planned
missions, can help develop a needed holistic view of landslides. This holistic view recognizes the
critical role that interactions between ecosystem and geomorphic processes play in the dynamics of
mountainscapes mediated by landslides and the contribution of ecosystem diversity and processes
to landslide susceptibility and recovery. In this “ecosystem-centered” view of landslides it might be
necessary to scale from individual landslides and sites to entire landslide populations, assemblages,
and landscapes. This is because theoretical and observational data show that the distribution of
landslide sizes is very diverse, and this can partially explain the variability in landslide recovery or
developmental trajectories (Figure 3d).

Landslides create new substrates and landscape configurations, and the reorganization and
recovery of ecosystems have implications beyond stabilizing sediment fluxes and sequestering
carbon. Landslides alter abiotic conditions, including carbon and nutrient cycling, rock weathering,
and soil formation while offering unique habitats that favor subsets of unique species. Hyperspectral
and LiDAR data may help characterize the vegetation based on functional traits, the underlying soils
and lithology based on physical and chemical attributes, and ultimately the functional diversity of
landslides and landscapes. At this point we could interrogate the landscapes to answer questions
about the contribution of landslides to the diversity, functioning, and disturbance dynamics of
mountainscapes, but also about the contribution of ecosystem development to landslide hazard. For
example, understanding changes during ecosystem development in above and belowground
attributes influencing slope stability may help constrain sets of attributes influencing recovery,
understand variation in successional trajectories, and landscape memory.

Ecosystems may influence slope resistance and susceptibility to failure in complex ways due to
the dynamic nature of vegetation-soil-saprolite interactions. Hyperspectral and LiDAR data can
potentially help identify ecosystem attributes that interact in tandem with geomorphic ones to
understand and even forecast sites likely to fail. A focus on tree heights and biomass, including its
allocation to above and below ground parts, at individual to plot/pixel scales could be a starting point.
A combination of leaf- and canopy-level functional traits and biomass derived from hyperspectral
and LiDAR data together with field work may help characterize and define functional groups based
on attributes influencing slope stability. Furthermore, understanding this variability in space and
time and relationships with the formation of landslides, may help test a priori hypotheses as well as
postulate new ones regarding ecosystem-geomorphic interactions. This variability may be related to
biotic (e.g., species) and abiotic (climate, soil fertility, geologic substrate, degree of weathering)
conditions.

In sum, an “ecosystem-centered” view of landslides greatly aided by hyperspectral and LiDAR
data can reveal unknown relationships between ecosystem and geomorphic processes from local to
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regional scales, while informing about the diversity and functioning of montane ecosystems, and
ultimately the long-term functional significance of landslides in mountainscapes.

6. Conclusion

This review aimed at synthesizing broad established methods to retrieve functional traits from
remotely sensed data, summarizing approaches derived from remotely sensed data to characterize
functional traits and functional diversity, and elaborating on how these methods and approaches can
provide a needed holistic view of landslides. We also posed that it was important to bring together
developments in hyperspectral remote sensing stemming from research in different disciplines. It
became clear through our work that the extent to which hyperspectral and LiDAR data has been used
to investigate montane ecosystems, and more specifically tropical ones, has been limited. This
includes the use of this data to characterize functional traits and functional diversity, and using these,
to understand ecosystem-geomorphic interactions. It also became clear that integrating different
disciplines using similar data and approaches can provide a fresh view of mountainscapes, including
their dynamics mediated by landsliding.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. File S1 includes Table S1 summarizing landslide studies characterizing
Vegetation Recovery Rates (VRR) over time and Figure S1 with spectral features representing by functional traits
and principal components used in the RGB composites in Figure 2.
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