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Abstract

Healthy vegetation function supports diverse biological communities and ecosystem pro-
cesses, and provides crops, forest products, forage, and countless other benefits. Vegetation 
function can be assessed by examining dynamic processes and by evaluating plant traits, 
which themselves are dynamic. Using both trait-based and process-based approaches, spec-
troscopy can assess vegetation function at multiple scales using a variety of sensors and 
platforms ranging from proximal to airborne and satellite measurements. Since spectro-
scopic data are defined by the instruments and platforms available, along with their cor-
responding spatial, temporal and spectral scales, and since these scales may not always 
match those of the function of interest, consideration of scale is a necessary focus. For 
a full understanding of vegetation processes, combined (multi-scale) sampling methods 
using empirical and theoretical approaches are required, along with improved informatics.
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1 Introduction

Vegetation plays a crucial role in many Earth system processes, including carbon and water 
cycling, biogeochemistry, and climate regulation. Additionally, plants provide humans with 
a wide range of important goods and services, ranging from forest products and fodder to 
food production. Our society and economy depend upon the healthy function of plants as 
well as the resilience of ecosystems of which they are a part. Remote sensing is playing an 
increasingly important role in monitoring, understanding, and maintaining these critical 
functions.

From a remote sensing perspective, vegetation function can have several meanings. One 
definition refers to the detection or quantification of plant traits, structural, physiological, 
biochemical, or phenological attributes that represent plant functional adaptations or reveal 
underlying plant ecophysiological processes (Kattge et al. 2011). A complementary defini-
tion of vegetation function addresses the dynamics of essential physiological, or ecological 
processes themselves. This definition emphasizes variation in key processes over time and 
space and implies that traits themselves can be dynamic.

In this review, we consider both trait- and process-based approaches used to assess plant 
function, and explore the history, promise and challenge of integrating these approaches 
in the context of optical remote sensing. The primary focus is on optical measurements, 
including spectral reflectance and fluorescence sampled with spectrometers, realizing that 
other types of remote sensing are also useful. Since our ability to detect plant function is 
scale-dependent, we start with a brief discussion of scale. Next, we review plant functional 
traits detectable with remote sensing, followed by a consideration of proximal and airborne 
remote sensing. We then discuss how global satellite remote sensing has been applied to 
vegetation assessment along with a presentation of new directions in satellite applications. 
We conclude with current challenges and opportunities, and provide suggestions and direc-
tions that are likely to further advance the study of vegetation function.

2  The Concept of Scale

Several aspects of scale, including spatial, temporal, spectral, and biological dimensions, 
are relevant to any discussion of detecting vegetation function with remote sensing. The 
dimensions of scale are often intertwined. At finer temporal and spatial scales, underlying 
mechanisms or traits are best revealed, often requiring fine spectral scales. At progressively 
larger scales, vegetation function represents the operation of many fine-scale properties 
and processes that may combine in complex ways due to nonlinear responses and intricate 
feedbacks. Thus, to a large extent, sampling scale determines which processes are detect-
able and how. Consequently, any remote sensing observation of vegetation function should 
include a consideration of scale, with attention to underlying mechanisms at finer scales 
and resulting emergent properties at larger scales.

Using the example of photosynthesis, a wide range of sampling approaches can be 
applied according to the particular process of interest and observational scale required 
(Fig. 1). At the leaf level, ontogenetic and regulatory processes, and corresponding traits, 
are detectable using proximal spectroscopy and chamber gas exchange measurements 
(Gamon et al. 1997; Gamon and Surfus 1999). At the canopy level, ranging from individ-
ual crowns to more complex plant stands, airborne spectroscopy can be applied to monitor 
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ecosystem photosynthesis and evapotranspiration (Fuentes et  al. 2006), often measured 
independently using eddy covariance. At stand to biome scales, airborne or satellite remote 
sensing methods can detect changing vegetation productivity using optical or thermal prop-
erties, informing us of larger implications, such as altered vegetation productivity result-
ing from disease (Zarco-Tejada et  al. 2018), plant invasion (Asner and Vitousek 2005), 
or widespread disturbance and climate change (Goetz et  al. 2005). At stand to global 
scales, remote sensing can inform us of vegetation biophysical properties needed to under-
stand emergent processes, such as the influence of surface–atmosphere mass and energy 
exchange on our atmosphere and climate (Bonan et al. 2002, 2003).

The topic of how to scale, or how we understand complex processes across scales, 
has been well discussed from a variety of perspectives (Levin 1992; Ehleringer and Field 
1993; Quattrochi and Goodchild 1997; Enquist et al. 2015), providing useful insights into 
vegetation functional assessment. A proper study of function should consider processes 

Fig. 1  Depiction of plant traits (and function) at different spatial and temporal scales. In this example of 
photosynthetic carbon uptake for evergreen and deciduous trees, relevant traits, corresponding functional 
processes, and measurement methods and terminology vary with scale (as described in the text) as well as 
with vegetation type (e.g., evergreen or deciduous) (Table  1). Several measurement approaches are indi-
cated, showing spectroscopic methods in the upper left circles, and corresponding gas exchange methods 
in the lower right circles. Spatial and temporal scales indicated on the axes are approximate, depicting rela-

tive rather than absolute values, and refer to the processes and traits, not the measurements, which often do 
not match the spatial or temporal scales of the relevant processes and traits depicted, leading to scale mis-
matches



492 Surveys in Geophysics (2019) 40:489–513

1 3

at multiple scales, typically one level below to one level above the key process being 
observed (de Wit 1970, as discussed in Jarvis 1993), illustrating the importance of multi-
scale sampling strategies (Fig. 1). A sampling strategy should first consider the patch size 
or length scale (Levin 1992) of the particular process in question. Ideally, remote sensing 
of vegetation function involves detecting traits (functional attributes) or processes defined 
at a particular length scale (or patch size) and temporal scale, and matching these scales 
with the instrument’s spatial and temporal resolution and extent. In practice, this is often 
difficult due to the many sensors, traits, and scales involved and due to the scale mismatch 
between sensors’ technical capabilities and the questions of interest (Fig. 1; Table 1). Due 
to these technical limitations, the fundamental sampling rules acknowledging effects of 
scale are often violated in remote sensing. This challenge of scale, often represented as the 
mismatch between field sampling and remote sensing, has sometimes limited the engage-
ment of terrestrial ecologists or biologists with remote sensing, but is being rectified as the 
remote sensing capabilities and scaling methodologies evolve.

An important point emerging from this discussion is that there is no single, universally 
applicable scale for functional studies using remote sensing. Because each remote sensing 
instrument and platform has a defined sampling scale, often constrained by engineering 
requirements and physical laws, and because the spatial and temporal resolutions of dif-
ferent remote sensing methods do not always match the operational scale of the vegetation 
process of interest, multiple platforms and sampling scales should be considered, and addi-
tional methods are often needed. These methods may involve “upscaling,” the extrapolation 
from small to large scales through biophysical models or statistical methods (Jung et  al. 
2011), or “downscaling,” the inversion of models or interpretation of large-scale patterns in 
terms of underlying fine-scale processes (Jacquemoud et al. 2009). Additionally, a nested 
sampling protocol (Fig. 1), rather than a single remote sensing platform or approach, can 
improve our understanding of function, as is often used in remote sensing field campaigns 
(e.g., Sellers et  al. 1997). With the proper attention to scale a remote sensing campaign 
can reveal information regarding underlying mechanisms and emergent properties associ-
ated with a particular vegetation function. How and what we detect with remote sensing, 
including the “best” sampling strategy, can depend on the specific question or hypothesis 
to be tested, the observer’s disciplinary background, the technology at hand, and the real-
ism of the scaling model with respect to the relevant physiological and biophysical pro-
cesses. Challenges in scaling imaging spectroscopy observations from leaves to vegetation 
canopies, including topics of natural variability and measurement uncertainty, are further 
described by Malenovský et al. (2019) (this issue).

3  Vegetation Functional Traits

Spectral reflectance offers a powerful alternative to traditional methods of understanding 
vegetation function because it provides a rapid, consistent, repeatable, nondestructive, and 
objective sampling method to assess plant traits (functional attributes) from optical proper-
ties (Gamon and Surfus 1999). These traits provide information on plant structure, water, 
and biochemical content (Fig. 2). Consequently, one way to assess vegetation function with 
remote sensing relies on the concept of plant traits, which can be described at a range of 
scales (Table  1). Most leaf and plant traits influence vegetation optical properties either 
directly or indirectly, allowing functional assessment from spectral reflectance and trans-
mittance (Cavender-Bares et al. 2017).
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There is a rich literature on plant traits at the leaf scale, much of which is now being 
related to leaf optical properties via reflectance spectra (e.g., Serbin et al. 2014). Leaf traits 
are often defined in terms of foliar constituents (e.g., biochemical or water content), or in 
terms of leaf structure (e.g., surface area, thickness, specific leaf area, or mass per area) 
(Cornelissen et  al. 2003; Kattge et  al. 2011; Homolová et  al. 2013). Alternatively, leaf 
traits can be described in more direct functional and dynamic terms, including carboxyla-
tion potential, Vcmax (Serbin et al. 2012), photosynthetic rates, or radiation-use efficiency 
(Gamon et al. 1997). Remotely sensed data do not always map directly onto plant func-
tional traits. Instead, leaf and plant traits can be considered latent variables best represented 
by transformations or linear combinations of multiple spectral features (Feilhauer et  al. 
2017). While not all traits are equally retrievable by remote sensing, many hidden traits 
can be correlated with more accessible traits, facilitating their characterization even when 
they cannot be directly detected with spectroscopic methods. In these cases, the functional 
connections between reflectance spectra and functional properties may not yet be entirely 
clear. Part of the power of spectra for assessing traits is that they provide information from 
many wavelengths, sometimes into a single metric as represented by a spectral index, or 
using many wavelengths simultaneously as depicted in a coefficient spectrum (Serbin et al. 
2014).

In addition to leaf traits, functionally important vegetation properties can also be 
defined at larger scales (e.g., canopy traits, vegetation types, and biomes), and these 
categories can often be viewed as aggregations of underlying leaf or plant traits (van 
Bodegom et  al. 2014). For example, deciduous and evergreen vegetation types tend 
to have distinct associations of leaf traits that are spectrally discernable (Gamon et al. 
1997) (Figs.  1, 2). A clear understanding of canopy and stand structure is needed to 
understand the “scaleability” of leaf traits, which may depend on the particular trait 
and context, and can vary with vegetation type. For example, under the right conditions 
of uniform, closed vegetation stands, xanthophyll cycle pigment activity (an indicator 

Fig. 2  Canopy reflectance spectra for deciduous poplar (Populus balsamifera, solid line) and evergreen 
spruce (Picea glauca, dotted line) canopies, showing spectral regions with information on pigment content, 
water content, biochemical content, and leaf or canopy structure. Alternatively, full-spectral information 
can be used to derive these and other leaf traits, as discussed in the text. Asterisk (*) indicates the loca-
tion of the  O2-A band (fluorescence signal). Data gaps occur in wavelengths of strong atmospheric water 
absorption. Tree seedlings, sampled June 22, 2016, with a field spectrometer (PSR-3500, Spectral Evolu-
tion, Lawrence, MA, USA), in Edmonton, Alberta, Canada
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of photosynthetic light-use efficiency) can be directly detected at larger scales (Gamon 
and Qiu 1999; Stylinski et al. 2002), offering the possibility of stand-scale assessment 
of photosynthesis using aircraft or satellite remote sensing. However, complex and 
dynamic canopy structure can readily confound detection of this leaf photoprotective 
signal (Barton and North 2001; Gitelson et  al. 2017). Consequently, accounting for 
changing Sun angle, view angle, and canopy structure can often improve the interpreta-
tion of the underlying physiological signals (Drolet et al. 2008; Hilker et al. 2008; Mid-
dleton et al. 2009, 2016; Hilker et al. 2011).

Due to the complexity of canopy structure, some important leaf traits (e.g., nitrogen 
content) may not always be directly detectable at stand scales (Knyazikhin et  al. 2013). 
However, because foliar nitrogen levels indirectly influence canopy structure, nitrogen lev-
els can often be inferred, even when not directly measured, with remote sensing (Ollinger 
et al. 2008; Ollinger 2011; Townsend et al. 2013). These examples of leaf traits correlating 
with higher level traits demonstrate that a proper understanding of the particular context 
can facilitate the assessment of plant function from remote sensing, even when the underly-
ing leaf traits are not directly detectable at larger scales. Consequently, even at larger scales 
sampled by aircraft and satellite, the concept of leaf traits can have utility, and can often 
be expressed in suites of characteristics that collectively define “plant strategies” (Grime 
2006) or “optical types” (Ustin and Gamon 2010), both variations on the plant functional 
type concept. Vegetation functional types are commonly used in many global models of 
ecosystem function and Earth system science as a way to classify complex vegetation bio-
physical properties into a few simplified “types,” facilitating model simulations (Bonan 
et al. 2002, 2003; Pavlick et al. 2013; van Bodegom et al. 2014). The concept of vegetation 
optical types, sometimes called spectral types or spectral species (Feret and Asner 2014), 
represents an attempt to define functionally significant optical properties (or spectral pat-
terns) related to plant traits. In this way, defining vegetation functional types in terms of 
optical types (spectral types) can simplify studies of large-scale vegetation processes.

Advances in spectroscopy and statistical techniques have led to reliable methods to 
assess leaf traits, sometimes rivalling traditional metrics involving structural or wet chemi-
cal measurements. Traits can be derived from specific spectral regions using vegetation 
indices (Table 1; Fig. 2) (e.g. Malenovský et al. 2013). Alternatively, traits can be retrieved 
from optical measurements using statistical approaches such as partial least squares regres-
sion (PLSR, Roelofsen et al. 2014; Serbin et al. 2014). However, these methods have not 
yet revealed universal relationships. Part of the reason lies in the evolutionary convergence 
of plant traits; many plant species have evolved similar solutions to the same environmental 
challenges, and it is often the subtle variation in these features over time or across envi-
ronmental gradients that can be most informative. Most published studies linking optical 
properties and plant traits are limited to a single point in time, generally near the center 
of the growing season (Homolová et al. 2013). Thus, they fail to capture the full variation 
in conditions or plant traits expressed in the life of an individual organism, canopy, stand, 
or ecosystem. Not surprisingly, results from one season do not always apply well to data-
sets collected in another season (Chavana-Bryant et al. 2017). Until we obtain extensive, 
and uniform, time series of optical data, the full evaluation of plant traits through optical 
properties will remain a work in progress. Fully understanding the links between spectral 
space and trait space represents an ongoing challenge, in part due to the large data volume, 
involving many traits and spectral features along with other independent variables (e.g., 
time, space, and observation geometry). While progress is being made on the definition and 
application of optical types (Gamon et al. 1997; Ustin and Gamon 2010; Feret and Asner 
2014), we currently lack a comprehensive theory of optical types, or a full understanding 
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of how they relate to plant traits. Opportunities lie in the full exploration of the effects of 
temporal and spatial scales, a topic more fully explored below (see Sect. 7).

Plant traits can also be related to spectra through forward physical modeling (Schneider 
et al. 2014) and inversion of leaf or coupled leaf-canopy radiative transfer models at the 
leaf level (e.g., PROSPECT, Jacquemoud and Baret 1990; Malenovský et al. 2006), or the 
canopy level using one-dimensional models (e.g., SAIL, Verhoef 1984; or SCOPE, van 
der Tol et al. 2009) or three-dimensional models (e.g., DART, Gastellu-Etchegorry et al. 
2017). For more detailed discussion of such models, see Verrelst et al. (2019) and Maleno-
vský et al. (2019) (both in this volume).

4  Proximal Spectrometry

Many of the current advances in spectral reflectance for vegetation function are derived 
from proximal spectrometers. These include handheld portable spectrometers and ground-
based imaging spectrometers (Pinto et al. 2016, 2017), as well as instruments mounted on 
towers (Hilker et al. 2011), mobile platforms (Gamon et al. 2006; Sims et al. 2006), and 
unmanned aerial vehicles (UAVs, also known as drones; Burkart et al. 2014; Lucieer et al. 
2014; Malenovský et  al. 2017). Many of these studies have been coordinated with flux 
tower observations, facilitating calibrations with independent data and cross-site compari-
sons (see reviews by Gamon et al. 2010; Balzarolo et al. 2011; Gamon 2015).

A key advantage of proximal sampling has been its ability to provide rich time series 
of data, which have been difficult to obtain using airborne or satellite platforms. These 
instruments sample at scales that can be readily related to leaf traits and where process 
measurements (e.g., carbon or water vapor fluxes, changing pigment content, or dynamic 
chlorophyll fluorescence) can be independently validated using experimental approaches 
and coupled measurements at similar scales. They are also particularly well suited to 
exploring the functional regulatory, ontogenetic and physiological mechanisms that under-
lie changes in optical properties at larger scales. Hence, proximal instruments provide use-
ful experimental tools to explore new ways to sample vegetation function and to validate 
optical measurements at larger scales. A disadvantage is their restricted spatial coverage, 
limited distribution across biomes and vegetation types, and lack of standardization in sen-
sors and protocols, making it difficult to draw general conclusions from individual field 
studies (Gamon et al. 2010; Gamon 2015). The large number of these studies, combined 
with improved informatics and statistical or other modeling tools for upscaling, promise 
to advance our understanding of vegetation function, particularly when combined with air-
craft or satellite observations. Proximal sensing can also lead to innovation in sensor tech-
nologies and applications that can inform the design and interpretation of future airborne 
or spaceborne sensors.

5  Airborne Remote Sensing

Increasingly, airborne imaging spectrometers are being applied to assess vegetation traits 
and functional processes. These instruments typically collect measurements in either the 
“full-range” VSWIR (visible-short-wave infrared) wavelengths or in the more limited VNIR 
(visible-near-infrared) range. Full-range sensors offer a wider range of options for detecting 
plant traits, but are more expensive, heavier, and more difficult to maintain and operate. VNIR 
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sensors, while more limited in spectral coverage, are much lighter and less expensive, provid-
ing an easier entry point into the world of airborne imaging spectrometry. Depending upon 
their intended purpose, these instruments range in spectral resolution from 10 nm for typical 
reflectance applications to ≤ 0.3 nm in the case of airborne spectrometers intended for detec-
tion of solar-induced fluorescence (SIF, Rascher et al. 2015; Schaepman et al. 2015; Wieneke 
et al. 2016). Pixel sizes (IFOV) can approximate 1 m2, a scale fine enough to resolve indi-
vidual plant canopies in the case of large trees. This combination of fine spatial and spectral 
resolution is particularly useful for evaluating spatial patterns in plant traits (Asner and Martin 
2016).

From the perspective of vegetation dynamics, a primary limitation of airborne platforms 
has been the difficulty and expense of obtaining regular observations to yield sufficiently large 
and frequent time series of vegetation function. Typical airborne datasets contain single over-
passes, or at best a handful of measurements over a short time span (e.g., several within-day, 
or “diurnal” acquisitions), which are obtained a few times in a single growing season. Such 
limited temporal frequency restricts the power for assessing functional processes occurring 
at different time scales. On the other hand, even single aircraft overpasses can provide useful 
assessments of spatial patterns in functional traits (Homolová et al. 2014; Asner and Martin 
2016) illustrating the benefits of inferring function from trait-based approaches.

Airborne field campaigns with various generations of the Airborne Visible/InfraRed imag-
ing Spectrometer (AVIRIS) sensor, such as the AVIRIS Classic and the AVIRIS-NG, have 
provided good examples of the power of imaging spectrometry to detect vegetation function. 
Many of these campaigns have assessed plant function through photosynthesis, water status 
(Fuentes et al. 2006; Serbin et al. 2015; Somers et al. 2015; Asner et al. 2016a), or nutrient sta-
tus (Asner and Vitousek 2005). The HyPlant airborne sensor (Rascher et al. 2015), developed 
in preparation for the forthcoming FLEX satellite mission (Kraft et  al. 2013; Drusch et  al. 
2017), with an expected launch in late 2022, provides very high spectral resolution radiance or 
reflectance suitable to detect chlorophyll fluorescence and foliar pigment content, both power-
ful indicators of photosynthetic activity (Rossini et  al. 2015; Simmer et  al. 2015; Wieneke 
et al. 2016; Middleton et al. 2017). The Airborne Prism Experiment (APEX), serving as an 
airborne precursor for a space-based imaging spectrometer mission, demonstrates simultane-
ous high-resolution spectroscopic retrievals for the atmosphere, the non-vegetated surface, and 
chlorophyll fluorescence (Schaepman et al. 2015). Numerous airborne campaigns focusing on 
plant traits have provided promising tests of trait-based approaches to assess vegetation func-
tion (Asner et al. 2016b; Schneider et al. 2017). Despite limited revisit time, airborne spec-
trometry remains a powerful tool for demonstrating the ability of full-spectral information to 
improve our understanding of vegetation function. Emerging monitoring networks, such as the 
NEON program (funded by the US National Science Foundation), are beginning to provide 
airborne imaging spectrometry capability along with proximal spectral measurements across a 
network of sites in the continental US, offering new opportunities for the systematic explora-
tion of vegetation function across scales for representative ecosystems (Kampe et al. 2010).

6  Satellite Remote Sensing

6.1  Brief History of Optical Satellites for Vegetation Monitoring

Historically, spatially and temporally extensive series of spectral imagery from space use-
ful for assessing vegetation function have been limited to a few of the over 1000 global 
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orbiting satellites. Most of these have had limited spectral coverage, constraining their util-
ity for vegetation functional studies. Many of the multi-spectral orbiting sensors have been 
radiometers with a small number (e.g., 2–8) of relatively wide (e.g., ≥ 20–30 nm) spectral 
bands related to a handful of biophysical traits, some related to green vegetation struc-
ture (e.g., LAI and fPAR, Table 1). Long-term repetitive observations have been obtained 
by the USGS Landsat Thematic Mapper/Enhanced Thematic Mapper (TM/ETM) series, 
and the NOAA Advanced Very High Resolution Radiometer (AVHRR) series. Despite the 
fact that the NOAA missions, built primarily for weather observations, were not designed 
or optimized for vegetation monitoring, they fortuitously have provided important insights 
into vegetation function over large regions. The discovery that a combination of red and 
near-infrared wavelengths used together could track seasonality of green vegetation bio-
mass and leaf area index (Rouse et al. 1974; Tucker 1979), has been applied to the interpre-
tation of AVHRR imagery at continental and global scales, providing a revolutionary view 
of vegetation functional dynamics at continental scales (Tucker et al. 1985), and allowing 
globally consistent vegetation classifications incorporating seasonal dynamics (DeFries 
and Townshend 1994).

The MODIS (Moderate Resolution Imaging Spectroradiometer) carried on the Terra 
(launched in 1999) and Aqua (launched in 2002) satellites have emerged as important sen-
sors for global biospheric monitoring. At its conception in the 1990s, the MODIS data sys-
tem EOSDIS (the Earth Observing System Data and Information System) was the “largest 
and most complex data system every constructed” (Marshall 1993). Key to MODIS’s suc-
cess has been the availability of standardized data products, enabling the establishment of 
a critical terrestrial database spanning many years that has led to scientific advancements 
in many earth science disciplines. The operational collection and processing of 36 spectral 
bands across the full shortwave and infrared regions from the Terra and Aqua MODIS have 
yielded invaluable time series of atmospheric, marine, and terrestrial products. These 36 
bands include 20 reflective shortwave and 16 emitted infrared bands. Seven of the reflective 
bands are used for terrestrial and atmospheric monitoring land discrimination, covering the 
VSWIR spectral regions, with varying bandwidths (20–50 nm, Fig. 3). Some of these are 
used to provide a few key land products, including LAI and FPAR that are widely used 
in studies of vegetation dynamics (Table 1). Additionally, nine narrower (10 nm) “ocean 
color” bands in the visible spectrum (blue bands, Fig. 3) are also part of the MODIS suite 
at coarser spatial scales (~ 1 km for nadir views). These ocean bands were not originally 
intended for vegetation applications, and in earlier MODIS Collections (1–5), they were 
processed separately from land bands. Consequently, until recently, researchers using the 
“ocean” bands for terrestrial vegetation studies have had to conduct their own processing 
and atmospheric corrections, a situation rectified with Collection 6.

Global vegetation products developed from MODIS, including the NDVI, the Enhanced 
Vegetation Index (EVI; Huete et  al. 2002) and related products such as leaf area index 
(LAI) and the fraction of absorbed photosynthetically active radiation (fPAR, or fAPAR; 
Myneni et al. 2002), are used to derive gross and net primary production (GPP and NPP) 
(Table  1). These spectrally based products have been used extensively for assessing 
regional and global vegetation functional dynamics, including photosynthetic activity and 
stress or disturbance responses. A key example is the MODIS MOD17 NPP product, based 
on the light-use efficiency (LUE) model, which provides the first consistent, multi-year 
depictions of global terrestrial NPP (Running et al. 2004), describing both seasonal phe-
nology and interannual variation in vegetation photosynthetic activity at continental scales, 
allowing attribution of NPP anomalies to the El Niño–Southern Oscillation (ENSO), 
drought and other climate factors (Zhao and Running 2010).
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New MODIS products for vegetation function continue to emerge. Although MODIS 
ocean bands were not originally intended for vegetation, the recent MAIAC reprocessing 
(Lyapustin et al. 2011a, b), as part of MODIS Collection 6, now provides surface reflec-
tance products from both land and ocean bands over terrestrial regions from each MODIS 
sensor at daily time steps at the equator and multiple times a day in high latitudes due 
to orbital overlap near the poles. Several studies have demonstrated that combining land 
and ocean bands over terrestrial regions offers improved assessments of plant traits linked 
to photosynthetic activity (Rahman et al. 2004; Drolet et al. 2008; Garbulsky et al. 2008; 
Goerner et al. 2009; Gamon et al. 2016; Middleton et al. 2016). While this new band com-
bination still lacks the spectral detail needed to assess many specific plant traits, it con-
tains sufficient information to detect relative chlorophyll and carotenoid pigment levels, 
important indicators of plant stress and photosynthetic activity. This new information on 
plant pigment ratios improves our assessment of photosynthetic phenology, particularly for 
evergreen vegetation, which has been difficult to assess using greenness indices like NDVI 
(Gamon et  al. 2016). Similarly, a new MODIS product, fAPARchl (the fAPAR fraction 
attributable to chlorophyll only), has been developed (Zhang et al. 2009, 2013, 2016) and 
has been proposed as a standard product. These findings are consistent with a history of 
studies showing that retrievals of plant pigments from remote sensing provide useful infor-
mation about vegetation photosynthesis, productivity, stress, and overall health (Gitelson 
et al. 2005; Ustin et al. 2009). In global, cross-biome comparisons, NIRv, a new combina-
tion of red and NIR band reflectance from MODIS, yields improved GPP estimates relative 
to the NDVI (Badgley et al. 2017). These newly emerging indices are a testament to the 
value of consistent satellite time series and a persistent, accessible data system for advanc-
ing our understanding of vegetation function.

Since the historical satellite records contain imagery collected with only a few wide 
spectral bands, they cannot distinguish many important vegetation functional traits and 
processes detectable only with narrow-band (≤ 10  nm) spectral features. Furthermore, 
many of the satellite products are temporally aggregated; largely to address problems with 
varying cloud cover and sensor view angles, past MODIS EVI and NDVI products have 
been primarily available as composite values at 16-day (and recently at 8-day) time steps, 
which limits their ability to detect temporal dynamics, particularly during periods of rapid 
change (e.g., spring green-up or unexpected disturbance events) (Gamon et  al. 2013). 

Fig. 3  Normalized spectral response functions of the MODIS sensors showing ocean bands (blue), land 
bands (red), and atmospheric bands (black)



500 Surveys in Geophysics (2019) 40:489–513

1 3

Newer MODIS collections (e.g., Collection 6) offer daily time series of MODIS reflectance 
products, enabling a finer look at vegetation dynamics that offers to better resolve these 
events. Another limitation of the historical satellite time series has been the requirement 
to integrate other data (e.g., meteorological data) collected from different instruments on 
different temporal and spatial scales to facilitate quantitative interpretation of the spectral 
information (Running et al. 2004; Heinsch et al. 2006). Consequently, while current multi-
band satellite products reveal broad patterns of a few key emergent properties of terrestrial 
ecosystems and biomes at the regional to global scales, they are not able to resolve detailed 
processes at the scale of individual land management units, or at specific experimental sites 
within observational networks (e.g., the flux tower network). Consequently, many underly-
ing mechanisms remain partly obscured, leaving gaps in our understanding of vegetation 
function.

Despite their limitations, these global satellite products have demonstrated the power 
of consistent global surface reflectance products for assessment of terrestrial photosyn-
thetic dynamics. While many underlying mechanisms remain hidden due to their coarse 
sampling scales, the consistent time series over many decades has provided an invaluable 
perspective on vegetation change and essential vegetation fields for global Earth system 
models (Garonna et al. 2016). These models include Dynamic Global Vegetation Models 
(DGVMs, e.g., Bonan et al. 2003; Pavlick et al. 2013; van Bodegom et al. 2014), soil–veg-
etation–atmosphere-transfer (SVAT) models depicting surface–atmosphere interactions 
(Arora 2002), nested physiological-climate models (Sellers et  al. 1996a, b), and global 
models of net primary production (NPP, Running et al. 2004). This power to reveal vegeta-
tion function is continually being expanded with new reanalyses, and by adding additional 
satellite data.

Since 2015, a follow-on satellite to continue the MODIS record is the Joint Polar Satel-
lite System, with a Visible Infrared Imaging Radiometer Suite (VIIRS). Unfortunately, this 
satellite has fewer bands than MODIS, limiting its utility for vegetation functional assess-
ment. Today, the Copernicus Sentinel program of the European Space Agency (ESA) for 
the European Commission (EC) is setting new standards for operational multi-spectral 
Earth Observation with Sentinel-2 and Sentinel-3 (Aschbacher and Milagro-Pérez 2012; 
Malenovský et al. 2012). The two synchronously flying satellites Sentinel-2A and Senti-
nel-2B provide 12 optical bands with a spatial resolution of 10–30 meters and a global 
revisiting time of less than 5 days (Drusch et al. 2012). Besides these operational flagships 
of ESA, the recently launched (August 2017) VENµS mini-satellite (Israel Space Agency 
and CNES, France) offers 12 spectral bands (16–40 nm wide) and a unique orbit revisit 
scheme.

6.2  Hyperspectral Satellites

In recent years, several satellite missions demonstrating the capability of imaging spec-
trometers, also known as hyperspectral scanners, have been placed in orbit. These mis-
sions have provided limited geographical coverage, with imagery collected on user request, 
and include the NASA EO-1/Hyperion and the ESA CHRIS Proba. The Hyperion sen-
sor provided limited image data collection at 30-m spatial resolution upon user request 
over a 17-year lifespan (2000–2017). All of these datasets are now freely available through 
the USGS archive. Recent analyses from the Hyperion collection demonstrate the power 
of imaging spectrometry for evaluating spatial patterns of net ecosystem  CO2 exchange 
(Campbell et  al. 2013) and also vegetation functional types based on spectral patterns 
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(Somers and Asner 2012; Huemmrich et al. 2013). The Compact High Resolution Imaging 
Spectrometer (CHRIS) sensor has a multi-angular viewing capability (2 forward, a nadir 
and 2 backward viewing angles) for a better understanding of the bidirectional reflectance 
distribution function (BRDF) of terrestrial surfaces. It collects up to 150 channels (spectral 
range of 400–1050 nm) with a ground sampling resolution of 17 or 34 m over preselected 
sites on demand since 2001. A VIS-NIR spectrometer, the Hyperspectral Imager for the 
Coastal Ocean (HICO), was flown (2009–2014) on the International Space Station (ISS), 
and its utility for ecosystem function was demonstrated by Huemmrich et al. (2017).

The hyperspectral or spectroscopic observations acquired from space thus far have pro-
vided a strong foundation for the further development of satellite imaging spectrometers 
with global coverage. Hyperspectral missions of note include the Medium Resolution 
Imaging Spectrometer (MERIS), which had 15 programmable bands (FWHM ~ 2.5–30 nm) 
and flew from 2002 to 2012, and the CHRIS-Proba which has 200 narrow bands that can be 
combined into wider (e.g., 18) bands at varying spatial coverage ≤ 30 m. The two European 
Sentinel-3 satellites continue the mission concept of MERIS with an increasing number of 
optical bands (21 vs. 15 bands) and an improved optical performance (Donlon et al. 2012). 
The DLR Earth Sensing Imaging Spectrometer (DESIS; Eckardt et al. 2015) sponsored by 
the German Space Agency, was deployed on the International Space Station in June 2018. 
Additional proposed spaceborne imaging spectrometers promise to further expand our 
understanding of vegetation function using detectors with much higher spectral, spatial and 
temporal resolution. Presently, there are several new missions in various stages of planning 
or deployment. The space agencies of Italy and Israel are preparing the PRISMA mission 
(Amato et al. 2013) for launch in 2018–2019. The EnMAP mission (Germany) (Guanter 
et  al. 2015a) and NASA’s HyspIRI (Hyperspectral Infrared Imager) mission, (Lee et  al. 
2015), recently evolved into the Surface Biology and Geology (SBG) mission, will fol-
low in the next few years. These emerging satellite instruments offer much richer spectral 
information than the history of multi-band Earth observation satellites mentioned above, 
and promise to expand the opportunities for assessing specific plant functional traits and 
dynamics.

6.3  Solar-Induced Fluorescence (SIF)

Recent examples of fortuitous applications of satellite data to assess vegetation function 
have arisen from several very high spectral resolution but coarse spatial resolution global 
satellite sensors designed for atmospheric gas sampling, including the Greenhouse gases 
Observing SATellite (GOSAT), the Global Ozone Monitoring Experiment-2 (GOME-2), 
and NASA’s Orbiting Carbon Observatory (OCO-2). These instruments have extremely 
high spectral resolution (< 0.5 nm) with the capability of resolving solar Fraunhofer lines 
and atmospheric (telluric) absorption features that enable detection and quantification of 
a tiny solar-induced chlorophyll fluorescence (SIF) signal emitted from vegetation. This 
SIF signal increases with the amount of radiation absorbed by chlorophyll (APAR), and 
decreases with the amount of absorbed radiation that is dissipated as heat within leaves 
under stress (Porcar-Castell et al. 2014), providing a direct link to photosynthetic activity 
(gross primary productivity). These “ultra-spectral” sensors used for SIF detection offer 
new possibilities for global assessment of terrestrial photosynthesis or gross primary pro-
duction (GPP), albeit at very coarse temporal and spatial scales (Frankenberg et al. 2011; 
Joiner et al. 2011; Guanter et al. 2012). A primary drawback of these global satellites has 
been that retrieval of the weak fluorescence signals requires averaging over large time steps 
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and regions of the planet, obscuring fine-scale dynamics needed to explain underlying 
mechanism. This limitation is spurring development of new sensors and applications of 
spectrometry and fluorometry from airborne (Rascher et al. 2015; Schaepman et al. 2015) 
and proximal platforms (Burkart et  al. 2014, 2015; Wyber et  al. 2017). These ongoing 
advances combining airborne and proximal remote sensing offer to further clarify the func-
tional links between passive fluorescence (SIF) and seasonally dynamic pigments levels 
(Gamon et al. 2016; Springer et al. 2017). Our growing understanding of photosynthetic 
dynamics will be further improved with the enhanced capabilities of the newly launched 
TROPOMI sensor (Guanter et  al. 2015b), and the planned European Space Agency’s 
FLEX (Fluoresence Explorer) satellite mission, designed specifically to directly address 
pigments and SIF simultaneously at global scales (Kraft et al. 2013; Drusch et al. 2017).

7  Current Challenges and Opportunities

A primary challenge in the remote sensing of vegetation function lies in extracting reliable, 
quantitative metrics of functional properties and processes that can be universally applied. 
Part of this challenge derives from the fact that remote sensing methods typically oper-
ate at spatial and temporal scales different from the functional processes or traits of inter-
est (Fig. 1). Remarkably, despite this scale mismatch, plant traits and processes can often 
still be detected, even if the underlying mechanisms of signal transmission and detection 
remain partly unclear (Townsend et al. 2013; Schweiger et al. 2017). Developing a better 
understanding of the reasons for this convergence across scales, and understanding why it 
succeeds in some cases and fails in other cases, remain fundamental tasks. Potential solu-
tions can be found in applying the full range of instrumentation from proximal sensors to 
global satellites to address scaling methods. Additional solutions lie in integrating physical, 
biological, and statistical approaches, and further exploring the concept of “optical types,” 
representations of plant traits through patterns in spectral reflectance (Ustin and Gamon 
2010), also called “spectral types” or “spectral species” (Feret and Asner 2014). Due to the 
multiple dimensions and high volume of data involved, greater attention to informatics will 
be needed. These challenges and opportunities are discussed in more detail below.

7.1  Integrating Trait-Based and Process-Based Approaches

The divergent methods to assess vegetation function based on static traits versus dynamic 
processes often seem to be distinct conceptual and practical approaches. However, these 
perspectives can be combined for greater insight, and a current opportunity lies in integrat-
ing trait- and process-based approaches. Traits, while sometimes applied categorically, can 
be depicted along a continuum (Wright et al. 2004). This continuum also has a time dimen-
sion (Chavana-Bryant et  al. 2017). Capturing the full temporal dynamics of plant traits, 
while rarely attempted, can provide better insights into vegetation processes. The lack of 
consistent time series of optical properties, except for some proximal ground- or tower-
based datasets, limits our current understanding of plant function using remote sensing. 
The advent of global imaging spectrometers with regular repeat cycles will greatly expand 
our understanding of vegetation processes at multiple scales, particularly when combined 
with proximal and airborne spectrometers. Similarly, spectral patterns can reveal informa-
tion on both states and processes, allowing community properties like spectral diversity 
to be related to ecosystem processes like productivity (Wang et al. 2016a, b). In this way, 
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integrating traits and processes can help quantify functional diversity (Schneider et  al. 
2017, Schweiger et  al. 2017, 2018) and inform our understanding of ecosystem services 
(Braun et al. 2017).

7.2  Bridging Spatial and Temporal Scales

To what extent leaf traits can be detected at canopy or larger landscape scales observed by 
global spaceborne missions remains an open question, with good evidence both for and 
against upscaling of functional traits. The current literature on this topic is not entirely 
clear, with some authors questioning the detectability of certain leaf traits using optical 
remote sensing (Knyazikhin et al. 2013) and others noting that they could be detected under 
the right conditions (Townsend et al. 2013). Not all optical traits scale equally; multiple 
light scattering and absorption of plant canopies can confound some features, but accentu-
ate other features allowing some leaf traits but not others to be easily detectable at canopy 
and stand scales. A number of studies report detection of plant functional traits with air-
borne imaging spectrometry (Asner et al. 2016a, b; Schneider et al. 2017), but the question 
remains: What exactly is detected as we move to progressively larger scales? A more com-
plete answer to this question requires a clear methodology with well-defined hypotheses 
and conceptual frameworks, as well as physical models simulating imaging spectroscopy 
signals.

Scaling limitations are being transcended with new computational methods and sam-
pling approaches. Since remote sensing technology (including observational instruments, 
computational power, and physical and statistical models) is rapidly changing, the topic of 
how to assess function across scales needs to be periodically revisited and updated. New 
statistical methods, including advanced machine learning approaches, are emerging that 
are greatly facilitating data analysis across scales (Verrelst et al. 2016). Improved compre-
hensive mathematical approaches to scaling (e.g., physically based radiative transfer mod-
els) are also relevant, as described in Verrelst et al. (2019) and Malenovský el al. (2019) 
(this issue).

While these models capture static vegetation biophysical and structural properties well, 
most do not adequately describe transient dynamics in plant functional properties medi-
ated by physiological processes, such as chloroplast movement, leaf movement or rapid 
biochemical and changes associated with light regulation. Although some models are capa-
ble of resolving complex photon–vegetation interactions in three-dimensional (3D) space 
(Gastellu-Etchegorry et al. 2017), they cannot provide the same flexibility and realism that 
can be obtained from dynamic empirical measurements. Development of new hybrid mod-
els is a move in the right direction, where radiative transfer with simulations of dynamic 
energy budgets at the canopy/landscape scale is combined with photosynthetic biochemical 
models describing functional leaf optical properties tied to physiological regulation at the 
leaf scale (e.g., SCOPE, Timmermans et al. 2013). This direction should be considered in 
models accounting for 3D spatial heterogeneity, which can help us to better understand the 
impact that less dynamic structural features have on the ability to detect rapidly changing 
biochemical physiological processes. The development of GUI-driven models, such as the 
Automated Radiative Transfer Models Operator (ARTMO, http://ipl.uv.es/artmo /) offer-
ing wider accessibility in a user-friendly format, represents a recent advance that offers to 
facilitate the application of models to questions of vegetation function. In all cases, outputs 
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of model simulations need to be tested against empirical measurements for a wide range of 
vegetation types to help clarify underlying mechanisms.

Clearly, the topic of scaling functional traits needs further study. Because spectra are 
temporally dynamic, often displaying considerable redundancy (leading to collinear 
responses), and because plants exhibit functional convergence (Ollinger 2011), it is easy 
to get the right answer for the wrong reason (or vice versa), i.e., because of non-causal 
relationships. Without attention to scale, traditional mapping approaches, while they may 
imply functional differences, may not be sufficient to fully detect functional processes, in 
part due to complexities of spatial scale, but also due to the temporal dynamics of plant 
traits (Chavana-Bryant et al. 2017). Unless temporal dynamics are fully considered, there 
will remain some question as to the accuracy of plant functional characterization.

7.3  Conceptual Advances in Integrating Physical and Biological Approaches

An understanding of the scaling questions would benefit from an integration of ecological 
theory with physical principles of radiative transfer (Kattenborn et al. 2017), but this has 
yet to be fully accomplished. While a complete radiative transfer modeling capability will 
have to consider complex physical and physiological processes (e.g., turbulent air trans-
fer and the rapid physiological responses to dynamic light regimes), it can also be better 
guided by ecological theory that can help explain how canopies, stands, and landscapes are 
constructed from underlying rules guiding plant evolution and adaptation.

Ecological theory states that form follows function. This principle, which has some-
times been labeled “functional convergence” (Field 1991; Ollinger 2011), allows us to 
detect functional patterns and differences with imaging spectrometry. An elaboration of 
this concept states that plant biochemistry and structure have evolved to meet the func-
tional goal of efficient resource capture and organism protection (among other goals), and 
that detectable differences in these traits with remote sensing reflect different adaptations 
or evolutionary responses, or “strategies” (Grime 2006). Fundamentally, this is an eco-
nomic argument, stating that plants tend to follow economic rules when displaying func-
tional properties (Bloom et al. 1985). The scaling of plant traits can be guided by principles 
of functional convergence, which can involve coordination of plant traits that simplify the 
challenge of addressing plant function from remote sensing. Different functional solutions 
can be addressed by a clearer definition of optical types representing optically detectable 
suites of functionally important plant traits. A better integration of theory with models and 
empirical measurements will be needed to accomplish these goals.

7.4  Informatics Needs for Databases, Archives, Tools, and Protocols

Spectral assessment of vegetation function presents new challenges for informatics in the 
collection, storage, processing, and archiving of increasingly large data volumes. This 
challenge exists both for the trait-based approach, where large numbers of plant traits are 
being assessed with reflectance spectra, and for the process-based approaches, where the 
additional demands of time-series analyses arise. Currently, unlike the development of 
databases and related tools that are broadly used by the molecular, genetics, and bioin-
formatics communities, there is currently no single, widely accepted set of versatile, but 
standardized data tools for the remote sensing community, greatly hampering advances in 
this area. While rudimentary online spectral libraries for vegetation are available, most of 
these cannot easily accommodate large volumes of spectral time series or image data. Most 
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existing spectral libraries focus on a few static types (the archetypal mean). However, for 
functional analysis, we are often more interested in the variation over time and space (vari-
ance), which is not easily accommodated in current databases. While image databases exist 
for most satellite sensors, there is no similar community database or archival solution for 
the variety of current and emerging airborne or field imaging spectrometers, hampering 
our sharing and understanding of imaging spectroscopy for addressing plant function in 
a broader context. Both basic research and emerging applications, including phenotyping 
and precision farming, would greatly benefit from effective data management and process-
ing solutions, which remain sparse to date. Examples include the SPECCHIO database 
(Hueni et al. 2009, 2011). The terrestrial remote sensing community could learn from other 
disciplines (e.g., astrophysics), where effective community solutions for handling and shar-
ing large spectral datasets have been developed (Munari et al. 2005; Rayner et al. 2009).

8  Societal Bene�ts and Global Challenges

Further development of remote sensing tools for vegetation functional assessment would 
provide multiple benefits, both to basic science and to society. Vegetation plays a key role 
in many global Earth system processes, ranging from biogeochemical cycles to the sur-
face–atmosphere transport of mass and energy that regulates our atmosphere and climate. 
Vegetation also supports diverse biological communities and provides many essential eco-
system goods and services. Until we can reliably monitor vegetation function at all scales, 
we cannot fully understand these processes and contributions or how they are changing. 
For example, longstanding questions about the role of the terrestrial biosphere as a carbon 
sink, and whether we should expect that sink to start relaxing, thereby accelerating climate 
change (Schimel 2007) could be better answered with improved remote sensing tools for 
addressing vegetation function. Similarly, remote sensing offers promising new and inte-
grative ways of assessing biodiversity (Cavender-Bares et al. 2017), species composition 
(Asner and Vitousek 2005), and emerging diseases (Calderón et  al. 2013; Zarco-Tejada 
et al. 2018) in a changing world. Many promising applications and management practices, 
including phenotyping, precision agriculture, and early stress and disease detection, could 
be better addressed with well-designed optical remote sensing methods geared toward 
accurate, precise, and timely vegetation monitoring and related analytics tools. Develop-
ment of novel imaging spectroscopy-based remote sensing methods for vegetation function 
will be essential for monitoring and maintaining healthy and resilient ecosystems in chang-
ing world, providing concurrent social and economic benefits.
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