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Abstract

Current biodiversity metrics derived from remote sensing data are typically

applied to small local areas, require significant training data, and are not easily

extensible globally. Here we propose the mathematical concept of intrinsic

dimensionality (ID) as a method to quantify terrestrial vegetation variability

without a need for in situ training data. We apply this technique to airborne

imaging spectroscopy data from the Surface Biology and Geology High

Frequency Time series (SHIFT) airborne campaign, with weekly overflights

from February to May 2022 over a region in California stretching from

Figueroa Mountain in the Los Padres National Forest to Point Conception and

adjacent coastal areas. ID is considered in both spatial and temporal context—
spatial ID represents spectral variability across a geographical region at a sin-

gle time step, and temporal ID represents spectral variability over time for a

single geographical location. Results show an encouraging and significant cor-

relation between spatially calculated ID and in situ vegetation species richness
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data despite different spatial scales between the two (p = 0.01). Spatial

ID remained largely unchanged at each time step over the course of three

months during the spring green-up period when vegetation characteristics and

spectral responses were changing rapidly (number of species remains

unchanged even though spectra reflect phenological change over time). The

temporal ID remained constant for pseudo-invariant surfaces such as parking

lots, roofs, and rock, but showed increased ID with time for trees, shrubs, and

grasses. This robustness of spatial ID to seasonal change is desirable in any

measure of species richness because it is insulated from changes in vegetation

condition that are unrelated to plant species richness. Even though the spatial

ID is consistent across acquisition dates, when considering the full time series

(temporal ID), we find that subweekly sampling may be necessary to spectrally

capture the full phenological cycle of certain vegetation types.

KEYWORD S
biodiversity, ecological time series, intrinsic dimensionality, Special Feature: Insights from
Subseasonal Imaging Spectroscopy, surface biology and geology

INTRODUCTION

Biodiversity is the “variety of life on Earth”—including
both species and functional diversity—and this diversity is
declining at an alarming rate (United Nations Convention
on Biological Diversity, 2020). Reduced diversity results in
ecosystems that are less productive and less resistant to
perturbations resulting from changing climate, pests, or
disease, which in turn can have significant effects on
human health (Millennium Ecosystem Assessment,
2005). Imaging spectroscopy has been used to great effect
to investigate plant diversity in terrestrial ecosystems.
The spectral variability hypothesis (SVH) states that spe-
cies richness will be positively related to variation of
spectra in remotely sensed imagery (Palmer et al., 2000),
and testing found that spectral variation (in terms of
mean distance from spectral centroid) is especially well
correlated with the number of rare species (Palmer
et al., 2002). Studies on airborne and spaceborne spectral
imaging have found empirical relationships between
spectral diversity and ecosystem-level in situ plant diver-
sity metrics (Draper et al., 2019; Féret & Asner, 2014;
Schmidtlein et al., 2007), and many studies have esti-
mated specific plant structural and functional traits from
spectra (e.g., Féret & Asner, 2014; Gholizadeh et al.,
2020; Leitão et al., 2019; Schneider et al., 2017; Singh
et al., 2015; Wang & Gamon, 2019). In moving from the
fine (1–10 m) pixel resolution of airborne sensors—such
as the NASA Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS)—to the coarser resolution of
spaceborne sensors (30–100 m)—such as the upcoming
NASA mission to map Earth’s Surface Biology and

Geology (SBG)—analysis must account for the scale tran-
sition from individual plant observations to mixtures of
multiple species within a single pixel.

Biodiversity can include taxonomic, phylogenetic,
functional, and spectral diversity for vegetation (Cavender-
Bares et al., 2020). Some studies consider terrestrial vas-
cular plant species quantified in terms of richness and
evenness of spectral “species” (alpha diversity), as in
Féret and Asner (2014). Other studies have considered
structural diversity using canopy height and foliar density
variation (e.g., Schneider et al., 2017), or functional diver-
sity using foliar chemical and morphological traits
(e.g., Singh et al., 2015). Yet others consider the turn-
over of composition across space (beta diversity;
Draper et al., 2019; Leitão et al., 2019), or regional dive-
rsity (gamma diversity, which is the diversity across an
entire ecosystem or region). Some definitions of biodi-
versity are centered around insect and/or mammal
abundance and variability (Wang & Gamon, 2019). In
this study, we focus specifically on canopy emergent
plant diversity (i.e., plant species observable from
above), which is distinct from overall biodiversity in an
ecosystem but a major driver thereof because of the
critical role plants play as primary producers, as regu-
lators of water and energy fluxes, and as providers of
habitat (Schimel et al., 2013).

Remote sensing observations of ecosystems, particu-
larly those collected by spaceborne sensors, typically con-
tain mixtures of plant species, and these mixtures must
be understood in order to estimate species diversity.
Methods for unmixing mixed pixels into their base
components or “endmembers” have been developed,
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although many rely on a known library of spectra and
provide abundances of these spectra in each pixel
(e.g., Roberts et al., 1998, and other spectral mixture anal-
ysis algorithms as reviewed in Somers et al., 2011). These
algorithms generally use cost functions driven by overall
spectral variance, instead of carefully defined spectral
features, and can be severely hampered by endmember
collinearity. This results in poor modeling of low ampli-
tude but physically meaningful absorption features
(Sousa et al., 2022). Supervised unmixing algorithms also
depend on the representativeness of the input library and
may not account for within-class variability (Somers
et al., 2011). This will be especially problematic for highly
diverse, poorly spectrally sampled regions in the world.
To address this issue, we propose a method that accounts
for subpixel unmixing and does not rely on in situ train-
ing data for mapping vegetation variability. We produce
spatial maps of spectral variability by considering 1 km
× 1 km grid cells (approximately 200 pixels × 200 pixels,
hereafter referred to as cells) and independently calculat-
ing the diversity metric per cell. This approach for char-
acterizing ecosystem diversity will be important to fully
exploit the growing catalog of global imaging spec-
troscopy data from missions like EnMAP (Storch
et al., 2023), PRISMA (Cogliati et al., 2021) and EMIT
(Thompson et al., 2024). This will also be critical for the
next generation of orbital spectrometers, such as the SBG
mission (Cawse-Nicholson et al., 2021), which will pro-
vide global coverage at biweekly cadence. These missions
promise powerful new insight into the biodiversity of our
changing ecosystems but require an analytical framework
to map this diversity at orbital resolutions in a consistent
manner across space and time.

We propose a mathematical metric called “intrinsic
dimensionality” as a proxy for vegetation variability in
the form of species richness. The intrinsic dimensionality
(ID) of an image can be defined as the dimension of the
linear signal subspace or the number of linearly separable
and spectrally distinct signal sources within a spec-
tral image or subimage (Cawse-Nicholson et al., 2019;
Cawse-Nicholson, Damelin, et al., 2013). The indepen-
dent spectral signals combine to form the measured spec-
trum of each pixel. While nonlinear unmixing techniques
have been proposed (see Heylen et al., 2014 for a review),
here we assume linear mixing, where nonlinear interac-
tions such as multiple scattering in plant canopies are
often detected as an additional “dimension”. In the con-
text of vegetation, the pure signals indicate different can-
opy optical properties. More generally, they indicate the
plant’s unique functional niche of chemistry and struc-
ture in the ecosystem. By enumerating these signals, ID
offers a path to measure vegetation variability without
training data, based only on the loose assumption of

linear mixing within pixels. This technique has been
applied to airborne imaging spectroscopy data in previous
studies where ID values ranging from ~20 to ~40 were
observed (Cawse-Nicholson et al., 2019; Cawse-Nicholson,
Damelin, et al., 2013; Thompson et al., 2017). Note that
spectral variation of individuals within a species due to
differing nutrient levels, phenology, vegetation health,
etc. (i.e., functional diversity) that exceeds the noise level
will increase the ID. This differentiation is important in
measuring the vegetation variability of the region, and
we consider this a model strength. Ancillary data, such as
vegetation phenology, can be used in addition to the ID
to quantify the impact of phenological variation. ID has
been demonstrated to be accurate in differentiating
surface minerals, is mathematically sound, and outper-
forms simple clustering (Cawse-Nicholson et al., 2019;
Cawse-Nicholson, Damelin, et al., 2013). There is great
advantage in pursuing a diversity metric that is generaliz-
able and does not rely on local training data.

In this manuscript, we evaluate the potential of ID for
mapping vegetation variability. To do this, we first
provide an overview of ID; next, we detail the SHIFT air-
borne campaign and associated fieldwork; we demonstrate
the relationship between ID and in situ species counts;
and finally, we quantify the gain in information content
due to frequent temporal sampling of spectral data.

DATA

The NASA Jet Propulsion Laboratory (JPL), along with
The Nature Conservancy’s Point Conception Institute
and the University of California at Santa Barbara (UCSB)
launched the SBG High-Frequency Time Series (SHIFT)
campaign (Brodrick et al., 2023; Chadwick et al., 2025) as
an airborne precursor campaign to NASA’s upcoming
SBG mission. As part of the Earth System Observatory,
SBG will include: (1) an imaging spectrometer covering
the range 400–2500 nm with 10-nm spectral sampling,
30-m spatial sampling, and 16-day revisit; and (2) a
multiband thermal instrument with 60-m ground sam-
pling and a three-day revisit, acquiring data in two
visible-to-near-infrared channels, two midwave infrared
channels, and six thermal channels in the 8–12 μm range
(Cawse-Nicholson et al., 2021; Stavros et al., 2023). The
airborne data from SHIFT has been used to determine
the optimal design for the imaging spectrometer by simu-
lating various spatial, spectral, and temporal resolutions
(Cawse-Nicholson et al., 2023). The SHIFT campaign
included airborne and field data that covered more than
1600 km2 with an elevation change of ~1200 m within
Santa Barbara County, California, and includes the Santa
Ynez Valley, the Los Padres National Forest, The Nature
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Conservancy’s Jack and Laura Dangermond Preserve,
UCSB’s Sedgwick Reserve, and the Point Conception
Marine Reserve Area. This region is highly biodiverse,
including shrublands, grasslands, and agricultural regions,
making it an ideal test location to understand how rapidly
ecosystems change within a season.

Airborne data

AVIRIS-NG, the Next Generation AVIRIS, is an airborne
instrument operating in the visible to shortwave infrared
region (from 380 to 2510 nm) with 5 nm spectral sam-
pling. AVIRIS-NG data acquired for SHIFT has 5-m spa-
tial sampling, with flight altitude approximately 5 km
above ground level. We used the surface reflectance prod-
uct produced by the AVIRIS team (Brodrick et al., 2023),
which uses the ISOFIT atmospheric correction algorithm
(Thompson et al., 2018). We then removed bands
where deep water vapor absorptions obscure the surface
(we used bands in the wavelength ranges [405, 1340 nm],
[1460, 1800 nm], and [2050, 2450 nm]). Flights were

acquired approximately weekly on the following dates in
2022: February 24, 28, March 8, 16, 22, April 5, 12, 20, 29,
and May 3, 11, 17, 29 (for more information see Brodrick
et al., 2023; Chadwick et al., 2025). In this Mediterranean
ecosystem, multispectral satellite data showed routinely
high rates of phenological change during this period,
while also having low cloud cover (Chadwick et al.,
2025). Figure 1 shows the flight lines acquired on
24 February; the same pattern was repeated on subse-
quent sorties.

Field data

Field teams collected a variety of spectral and biological
parameters from 315 sites within the SHIFT study area.
Each site was approximately 8 m × 8 m, and the loca-
tions were subjectively determined to cover a range of
plant functional types, climate, topography, geology, and
land use (Chadwick et al., 2025; Queally et al., 2024).
Every plant species with spatial coverage ≥1% was identi-
fied within each site along with its fractional cover

F I GURE 1 Airborne Visible/Infrared Imaging Spectrometer (AVIRIS)-next generation (NG) flight lines acquired on February 24, 2022

(red boxes) and the locations of the field sites (yellow circles). The grid shows the location in Universal Transverse Mercator (UTM)

coordinates in Zone 10 S. The inset image shows the site location along the California coast using the ESRI basemap.
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(determined visually by field teams and provided in
classes: <1%; 1%–10%; 10%–25%; 25%–50%; 50%–75%;
75%–100%). A total of 254 unique plant species were
recorded during the field campaign, with an average of
8 species (range 1–19) per plot in grasslands and an
average of 4.2 (range 1–15) per plot in shrublands.
Field observations were recorded between February
and September 2022 and continued past the end of the
flight campaign (May 29, 2022). We used all field data
in our comparison, as the number of species was
unlikely to change over the course of only 4 months.
Further details of the campaign design and field
sampling methodology are provided by Chadwick
et al. (2025).

Two metrics for in situ diversity were used. First,
we compared the ID to the number of dominant (>25%
fractional cover) species in each site. For a full ass-
essment of different thresholds, see Appendix S3.
Second, we calculated the inverse Simpson conc-
entration index (Chao et al., 2014; Rossi &
Gholizadeh, 2023; Simpson, 1949) for each site, or
group of sites within our region of interest. For each
fractional class, we assigned a weight representing the
lower value of the class, for example, a plant species
recorded as having fractional cover of 10%–25% would
be assigned a weight of 0.1, a plant species recorded as
having fractional cover of 25%–50% would be assigned
a weight of 0.25, etc. The resulting weights of all spe-
cies are then normalized so that their sum equals one.
The inverse Simpson concentration index, SI, is then
defined as:

SIl ¼ 1=
Pm

i¼1
wi

2, ð1Þ

where wi represents the normalized weight (fractional
abundance) of each tree species, for i species present at
site l. Note that ID is a metric of vegetation variability,
which could also include intra-species variability
(e.g., healthy and unhealthy plants of the same species
which would have very different spectral responses).
Thus, the in situ species richness is not entirely equiva-
lent to ID, but this fieldwork provides a useful compari-
son in the larger context of biodiversity.

METHODS

We consider ID in both spatial and temporal contexts—
spatial ID represents spectral variability across a geo-
graphical region at a single time step, and temporal ID
represents spectral variability over time for a single geo-
graphical location.

Spatial intrinsic dimensionality

Measuring the spatial ID from real data requires variabil-
ity in the environment to be distinguished from
variability due to measurement noise or nonsignal arti-
facts. We use Random Matrix Theory (RMT) to quantify
ID (Cawse-Nicholson, Damelin, et al., 2013). If a matrix
X represents the observed spectral image with n pixels ×
p spectral channels, then the observation covariance
matrix is given by S¼XTX (assuming scaling and center-
ing), where XT represents the transpose of matrix X . We
assume that the image may be represented as a linear
combination of signal and nonsignal, such that
X ¼Y + ε, where Y is the truth and eε ∖mathcalfNg 0,Σð Þ,
with Σ defined as the noise covariance matrix. The eigen-
values of the image covariance matrix can be compared
with the eigenvalues of the noise covariance to determine
the number of detectable spectral signals in the image, or
the ID. More detail may be found in Cawse-Nicholson,
Damelin, et al. (2013).

An eigenvalue λk is regarded as signal if,

λk > ρk c N ,pð Þ, ð2Þ

ρk ¼
ekΠ

T Σ ekS
ekΠ

T
ekS

, ð3Þ

where Π¼ S−Σ, and ekΠ and ekS are the kth eigenvectors
of Π and S, respectively. The constant c depends on the
number of pixels and the number of channels and is
given in (Cawse-Nicholson, Damelin, et al., 2013). This
equation assumes that N ,p!∞. In practice, the equa-
tion holds with N >500 and p>100 (Cawse-Nicholson
et al., 2022). ID is inherently dependent on the appropri-
ate construction of a noise matrix, which is outlined in
Noise estimation.

When processing the SHIFT data, we used the 5-m
mosaic of all flight lines, made available one acquisition
day at a time. A coarser grid is used for spatial ID by con-
sidering 1 km × 1 km grid cells (approximately 200 pixels
× 200 pixels, hereafter referred to as cells) and indepen-
dently calculating the ID per cell. Each cell had a total of
40,000 pixels and 335 spectral bands, meeting the ID
requirements for N and p. Smaller cell sizes were investi-
gated but did not significantly change the overall spatial
patterns.

Temporal intrinsic dimensionality

In Spatial Intrinsic Dimensionality, we calculated spatial
ID independently for each time step to study the spatial
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patterns (image size [nS pixels, p spectral channels])
where the nS pixels are all located within a contiguous
spatial area or grid cell for a single observation time. To
study temporal ID, we calculated a second set of ID met-
rics on image cubes concatenated through time (image
size [(nT pixels × T timesteps), p spectral channels]).
Here, the nT pixels are not geographical neighbors but
instead represent a single class—for example, consider
the matrix with rows representing nT tree pixels for all
observation times, and columns representing the spectral
characteristics for each pixel. Spatial ID can be used to
estimate species richness, but evaluating temporal ID can
be complementary and used to understand the increase
in information content over time due to phenological
change (Cawse-Nicholson et al., 2023). The primary goal
of SHIFT was to determine the frequency with which
rapidly changing ecosystems should be sampled, by con-
sidering a region with low cloud frequency and high phe-
nological change over a short time period (Chadwick
et al., 2025). Temporal pixel stacks can be created by
combining pixel xi,t0 at location i and time t0, with pixel
xi,t1 at the same location i and time t1, to create
exi ¼ xi,t0,xi,t1½ �. In environments that change very little
over time (e.g., bare surfaces), the spectra should remain
unchanged within the noise levels, and the ID of the
concatenated set should be the same as the ID of each
time step considered individually, as no new endmembers
(information) have been added (i.e., the rank of the image
covariance matrix remains unchanged). Thus, the change
in temporal ID serves as a proxy for overall spectral
change seen at each time step.

To evaluate this, we selected specific land cover clas-
ses within the image to track over time. Each set was
chosen to provide a wide range of temporal ID changes,
with each material abundant enough to obtain a measure
of its spatial ID. In total, the six selected sets were: tree,
chaparral/shrub, grassland, flat rooftops, parking lot
asphalt, and rock outcrops, with the number of pixels
and representative area given in Table 1. Pixels from each
set were manually extracted, and the same pixel locations
were followed throughout the campaign.

All pixel locations were selected within an internal
boundary (i.e., no tree canopy edges, no rock outcrop
edges, no roof edges). The rock pixels were selected from
very large solid rock formations, such that each rock
identified was a solid mass, and visual spectral analysis
confirmed no vegetation. Similarly, the center points of
large tree crowns were selected to minimize mixtures
where possible. The chaparral/shrub class included gen-
eral low-lying vegetation and may include some mixtures
due to the spatial resolution of the image. Higher resolu-
tion images within Google Earth were used to confirm
labels, and visual spectral analysis was used to remove
any class outliers.

These classes serve as a proxy for the range of possible
temporal ID changes in the scene. The parking lot and
flat rooftop regions are hypothesized to be more likely to
be invariant to periodic or cyclical material changes (low
temporal ID over the 3-month period) compared with the
vegetative areas, which are more sensitive to environ-
mental factors leading to greater degrees of biochemical
and thus spectral changes over a shorter time window
(high temporal ID over the 3-month period).

Noise estimation

The ID equations given in (2) and (3) are simple and easy
to implement, given only two inputs—the image and an
estimate of noise. However, the noise covariance matrix
Σ can be difficult to compute accurately. Here the signal
is the “true” surface reflectance, that is, the
hemispherical-directional reflectance factor integrated
across the 5-m sampled pixel (Thompson et al., 2018). We
define “noise” as any other contributions to the estimated
reflectance—including photon shot noise, dark current,
calibration uncertainty, adjacency effects, sun-sensor
geometry artifacts, bi-directional reflectance distribution,
residual atmospheric effects, sensor artifacts, etc. Such
changes could modify the hemispherical directional
reflectance, that is, the directional quantity observed
from the sensor perspective, even if the objects under
observation are the same (imagine looking at shaded and
sunlit sides of a tree canopy, which would each represent
a different noise value within the respective pixel obser-
vations). To maintain consistency with past literature, we
will continue to refer to ε as “noise” but note that it
includes all nonsignal contributors to the observable.
While this “nonsignal” term may not be Gaussian in
practice, this is a common assumption that is typically
used when estimating ID and we will maintain the
assumption of Gaussian noise in this manuscript
(Bioucas-Dias & Nascimento, 2008a; Cawse-Nicholson,
Damelin, et al., 2013; Robin et al., 2015; and others).

TAB L E 1 Pixel quantities for each of the six land cover classes

used to analyze the temporal intrinsic dimensionality.

Land cover class Spatial pixel count Area (m2)

Rock outcrop 2054 61,620

Tree 1028 30,840

Parking lot asphalt 537 16,110

Grass 405 12,150

Flat rooftop 349 10,470

Chaparral/shrub 342 10,260
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Several methods have been proposed to estimate this
noise. Simple methods for estimating independent and
identically distributed (i.i.d.) noise—where the noise has
the same variance in every spectral band—approximate
the noise directly from the eigenvalues of the image
covariance matrix (Kritchman & Nadler, 2009). However,
imaging spectrometers rarely have the same noise levels
for every band. Spatial methods such as that proposed by
Meer et al. (1990) divide the image into progressively
smaller blocks in order to identify homogenous regions,
whereby the standard deviation of a such a region would
represent the noise. However, the noise is calculated
independently in each band, neglecting the potential for
inter-band noise correlation. Bioucas-Dias and
Nascimento (2008a, 2008b) proposed a noise estimation
regression technique that has been tested on AVIRIS clas-
sic imagery and has performed well (Cawse-Nicholson,
Damelin, et al., 2013). If we assume that the signal
between neighboring bands is correlated but noise is not,
then we could remove a band, and use the other bands to
predict its value, and the difference between the predicted
and observed values can be considered noise. However,
AVIRIS-NG is a pushbroom spectrometer (as opposed to
AVIRIS classic which is a whiskbroom instrument) with
much finer band spacing (5 vs. 10 nm). This results in
spectrally correlated noise, which results in an underesti-
mation of the noise when using regression techniques
(Cawse-Nicholson, Robin, & Sears, 2013; Robin
et al., 2015), and nonrandom effects (such as minor cali-
bration offsets between pushbroom detectors) will not be
characterized as noise.

ID is particularly sensitive to the underestimation
of noise, which leads to significant overestimation of
ID, often approaching its maximum value (the number
of spectral bands). To better characterize the nonsignal
term in high-spectral-resolution pushbroom data, we
assume that

ε¼ a×bεð Þ+ b, ð4Þ

where bε is determined using the traditional regression
technique described by Bioucas-Dias and Nascimento
(2008a, 2008b) and a and b are constants. To estimate
these constants, we chose ten 101 pixel × 101 pixel sub-
sets Xi within an AVIRIS-NG flight line (the subset size
was selected for computational efficiency, and larger sub-
sets did not yield significantly different results). We
found that the ID of the concatenation [Xi,Xi� was larger
than the ID of Xi for a¼ 1 and b¼ 0, which cannot be
true since no extra information was added; only the num-
ber of pixels changed. Prior simulations had shown that
when noise is known, RMT is insensitive to the number
of pixels for N >500 (Cawse-Nicholson et al., 2022). We

iteratively increased both constants until we obtained a
consistent value of the ID for the original subset as well
as the duplicate concatenations and found a solution at
a¼ 10 and b¼ 0. This was true for multiple subsets in all
flight lines used. This technique allowed us to produce a
full noise covariance matrix at a high enough amplitude
to maintain expected RMT performance.

Validation

Scale is an important consideration for our validation.
Trees might have a crown diameter of ~10 m, but grasses
have leaves ~1 cm. Subpixel spectral effects—including
defense compound absorption features—should be cap-
tured in the ID estimation with an appropriate noise
matrix selection. The eigenvectors obtained by an ID esti-
mate have no prescription of physical length scale (the size
of the scene constituents relative to the spatial resolution
of the image); they simply represent the complete basis
that can reconstruct the complete range of observed spec-
tra. In some cases, this may mean that subpixel features
are individual components. In others, dominant pixel-level
or super-pixel-level spectral characteristics will be cap-
tured. The variability and mixing level within a subset of
pixels determine the matrix decomposition, which means
that spatial ID may capture inter- and intra-species differ-
ences. However, there is a limitation on the detection of
low-abundance end members. If an end member is so
(spatially or spectrally) small that its contribution to the
overall observed spectrum is below the noise levels, then
that end member will not count towards the ID.

The standard 1 km × 1 km grid used to create our
spatial ID map was not appropriate for validation since
it is so much larger than the field plots, which covered
only 8 m × 8 m for a single plot. Therefore, to validate
our results, we extracted a set of 100 m × 100 m cells
centered around each field plot and computed the
ID. We then compared the spatial ID to field estimates
of species richness—the integer number of unique spe-
cies present, regardless of the number of individuals
identified at each plot—for each species that covered
more than 25% of the site area (i.e., more than 16 m2 of
field cover for an 8 m × 8 m site, which was evaluated
against a set of airborne image pixels where each pixel
covers 25 m2). However, the plot locations were not
identified with this spatial ID comparison in mind, and
often did not fully sample all species present in the
much larger spatial ID cell. Figure 2 shows three plots
that were recorded as predominantly single species,
whereas the aerial image over the ID cell shows clear
variability in the landscape, and so we would expect
the spatial ID for the grid cell to be higher than one
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based on visual inspection. Since the plot sizes are sig-
nificantly smaller than the spatial ID cell size and sev-
eral plots may fall within a single cell (see Figure 2),
we merged the species that exceeded 25% coverage in
all plots within 40 m of each cell center (since each
field plot is 8 m × 8 m, this means that the full neigh-
boring plot sites were contained within our 100 m
× 100 m cell). This merging also accounted for multiple
revisits of the same plot, so the union of all dominant
species observed at a single plot would be used. For
this reason, we disregarded species labeled “NPV”
(nonphotosynthetically active vegetation), since this
could include a number of different species that may
become identifiable later in the season. This gave us a
useful indication of field diversity visible from an air-
borne spectrometer to determine the value of ID as a
vegetation variability metric. We used the coefficient of
determination (R 2) as the metric of performance.

RESULTS

Figure 3 shows the map of spatial ID over the SHIFT
domain for a single time step acquired at the beginning
of spring. The ocean has a relatively low ID (~5) and the
developed region has a relatively high spatial ID (>20).
This is in line with a previous work that showed higher
spatial ID over developed regions and managed land-
scapes (Asner et al., 2012; Thompson et al., 2017).
Developed regions may include spectral properties
from vegetation as well as buildings, roads, and other
manufactured surfaces.

Appendix S1 shows the spatial ID maps for all acqui-
sition dates, but there is not much change between them.
To illustrate this, for each cell, we have computed a lin-
ear regression and plotted the slope. Figure 4 shows a
very small slope for all cells, with some negative change
along the coastline that is likely indicative of tidal

F I GURE 2 Three field plots—Points 143, 148, and 150, each recorded as containing only a single species with >10% abundance. The

red box illustrates a potential 100 m × 100 m grid cell. There are clearly more species contained in the larger 100 m × 100 m cell, and so it is

beneficial to consider grid cells with multiple field sites contained within. The background is obtained from Google Earth.
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changes. The largest relative change in ID is in the ocean,
as shown for a sample pixel in Figure 5. This contrasts
with the significant spectral change shown in field and
airborne spectra over land for the same timeframe by
Chadwick et al. (2025).

In Figure 6, the evaluation of temporal ID shows that
classes such as rock, roof, and parking lot remain largely
unchanged throughout the campaign, which is to be
expected. Grasslands also did not show additional temporal
dimensionality beyond ~monthly revisit. Shrubs reached
the optimal temporal ID with ~10-day repeat observations,
but the observed trees changed so rapidly that they may
benefit from subweekly observations. The temporal ID
change could reflect a variety in phenological leaf flush pat-
terns across both individual trees and different species, as
well as changing dynamics in the understory.

Figure 7 shows the comparison of the number of spe-
cies recorded in field plots that had over 25% cover with
the spatial ID. While spatial ID is a relatively weak pre-
dictor of number of dominant species (R2 = 0.26), this is

still an encouraging comparison given the difference in
spatial scales (significance p value = 0.01). Recall that
each field site is only 8 m × 8 m, but an ID window of at
least 100 m × 100 m was required to satisfy the model
assumptions. Figure 7 shows that the spatial ID of the
image window is always greater than the number of dom-
inant species observed in the field. This is because the
spatial ID cell is so much larger than a field plot, and also
because spatial ID will detect variation not recorded in
the field survey, such as heterogeneous soil types.
Appendix S2 shows the impact of spatial ID cell size and
the validation considering spatial ID windows with a lim-
ited number of field samples contained within.

DISCUSSION

In this study, we found an encouraging relationship
between ID and the number of plant species that have
>25% aerial cover when comparing 100 m × 100 m

F I GURE 3 The intrinsic dimensionality (ID) of the SHIFT mosaic acquired on February 24, 2022. The ocean has lower ID (~5), and the

developed/agricultural regions have the highest ID (>20). Field sites are overlain in black squares. Low ID values around the edges of the

flight lines are due to fewer pixels and zero padding within the outer cells. The inset shows the National Landcover Database over the same

region, where pink is developed land, green is forest, tan is shrub/scrub, yellow is herbaceous, and cyan is cultivated crops (United States

Geological Survey, 2021; note that this has been recolored from the conventional classification to aid with differentiation between colors).
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F I GURE 4 The (a) regression slope and (b) mean-normalized SD of the spatial intrinsic dimensionality (ID) estimates over time. The

decrease in spatial ID along the coastline most likely points to tidal or glint changes. The rest of the image shows very little significant

change in ID over our three-month sampling period. Anomalous slope values around the edges of the flight lines are due to

small differences in flight line extents, and fewer pixels and zero padding within the outer cells.
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remote sensing data to 8 m × 8 m field sites (Figure 7),
illustrating the potential of spatial ID as a metric for veg-
etation variability. We find this promising result even
though the spatial scale of fieldwork was several orders
of magnitude smaller than the spatial ID cells (64 vs.
10,000 m2) and the field species richness did not capture
potential intra-species classes that might be captured by
ID (such as healthy and unhealthy plants of the same
species). Palmer et al. (2002) noted that the SVH was
likely to apply to larger spatial scales (1–1000 ha).
Rocchini et al. (2007) also stressed the importance of both
spatial and spectral scales when considering SVH.

Some studies have used multispectral data to esti-
mate plant diversity. For example, Madonsela
et al. (2017, 2018, 2021) used Landsat-8 multispectral
data or various spectral indices to predict α-diversity
with R 2 values ranging between ~0.2 and ~0.4 for
30-m remote sensing data compared with field plots
equivalent to ~9 pixels. Rocchini et al. (2007) found
good correlations between species richness in 100-m2

plots for Quickbird, ASTER, and Landsat ETM+
(i.e., r = 0.69, r = 0.43, r = 0.67, respectively). Imaging
spectroscopy is expected to better predict diversity due
to the improved ability to discriminate between plant
chemistry and functional traits using the continuous
spectrum rather than discrete spectral bands. Féret
and Asner (2014) predicted α-diversity with an R 2 of
0.74 using airborne imaging spectroscopy data with
2-m spatial sampling and field sites equivalent to ~350
pixels. In contrast, our study used airborne imaging
spectroscopy data with 5-m spatial sampling, and field

plots equivalent to <2 pixel. However, spatial ID has
the advantage of being globally applicable with no
training requirement and can be used on satellite-scale
data (30–100 m spatial sampling) without requiring the
detection of individual crowns. This method is also
independent of the ecosystem sampled. While the ID
maps in Figure 3 were produced at 1 km cell size
(200 × 200 pixels in each cell), the validation was done
at 100-m cell size (20 × 20 pixels). Therefore, it would
be feasible to produce ID maps at a subkilometer scale
for future missions with 30 m proposed spatial sam-
pling, such as SBG.

Future studies will include a validation with larger
fieldwork plots. We will also consider different ways to
represent the field diversity for comparison. Since spatial
ID must account for all contributions to the observed
spectra regardless of length scale, we compared spatial ID
to dominant species richness and the inverse Simpson
concentration index. For spectral images with more con-
tinuous spatial variability, it may be appropriate to
consider other representations of the observed diversity
such as Shannon’s index (Shannon, 1948), which con-
siders both species richness and abundance (evenness).
This may also better capture plots with greater
intra-specific trait variation (Bolnick et al., 2011; Violle
et al., 2012). This is especially relevant for traits that
directly influence the species’ reflectance, such as water
content, pigments, and leaf/canopy structure (e.g.,
Helsen et al., 2021) since these properties are likely to
increase the spatial ID relative to the number of species.
Future work might evaluate the extent to which spectral
ID analysis can capture known patterns of intraspecific
trait variation in California grasses in response to varia-
tions in temperature and water availability (Sandel
et al., 2021). The ID of a scene can also only capture fea-
tures represented in the reflectance, and many species
present similar or nearly identical reflectance characteris-
tics. As such, comparisons to functional diversity metrics
may also prove fruitful at the global scale.

Spatial ID remained largely unchanged over the
course of three months during the spring green-up period
when other vegetation metrics (such as greenness or
foliar traits) were changing rapidly (Chadwick et al.,
2025). This robustness to seasonal change is likely
because the number of physical “endmembers” remains
unchanged. If τ plant species are present but senesced,
the spatial ID will be the same as τ plant species in
full-leaf conditions, even though the spectra themselves
may be different between the two time points. This prop-
erty is desirable in any measure of species richness
because it is robust against changes in vegetation condi-
tions that are unrelated to intrusion or elimination of
particular species (unless of course one species entirely

F I GURE 5 The spatial intrinsic dimensionality (ID) for a

sample grid cell in the ocean. After April 12, the ID increases

slightly. For context, the maximum morning tide height is also

shown for nearby Santa Barbara. Source: https://tidesandcurrents.

noaa.gov/.
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replaces another species). This also means that true vege-
tation variability change, such as alien species overtaking
diverse native plant populations, may be identifiable with-
out needing to account for seasonal change. We consider
spatial ID to be an index of vegetation variability, that is, it
will illustrate a change, but further information will be
required to determine what type of change has occurred.
Thus, ID pairs well with other traditional methods of spe-
cies detection, such as plant functional traits, etc.

The temporal ID study showed that the optimal
revisit frequency for grasslands is ~monthly, for shrubs is

~10 days, and for trees is <7 days. During our observa-
tion period, the biochemical composition of trees
changed rapidly, which manifests in significantly differ-
ent spectral properties for each SHIFT revisit. This is con-
sistent with the spectra shown by Chadwick et al. (2025).
In addition, many vegetation changes, particularly in
trees, are sudden/daily (e.g., spring bloom; deforestation),
so even subweekly revisits may fail to capture these
abrupt changes (Raiho et al., 2023). Cloud cover will also
obscure many global observations (e.g., Ju & Roy, 2008),
resulting in a larger effective revisit time to obtain

F I GURE 6 Temporal intrinsic dimensionality (ID) related to observation frequency. Each material had 500 pixels sampled with

replacement for 30 batches, and the vertical lines represent the SD between batches. The frequencies evaluated include: Only a single

observation (first observation; frequency = infinity); only the first and last observations (frequency = 94 days); the first, last, and center

observations (frequency = 47 days), etc. Since the flights were not perfectly evenly spaced due to weather and flight constraints, the

frequency is the average difference between the observations used.

12 of 17 CAWSE-NICHOLSON ET AL.



cloud-free imagery. Given the high beta diversity of the
landscape, it is possible that the plot sampling has
obscured some of the important biodiversity. For instance,
grasslands are expected to change rapidly within a month,
but ~weekly airborne observations may have aliased this.
Similarly, many of the trees at Sedgwick and Dangermond
are oaks, which may not change as significantly during a
week. We believe that illumination and scattering also
contributed to the increase in temporal ID (similarly for
the shrubs).

In interpreting these findings from the material tem-
poral ID study, it is crucial to acknowledge the inher-
ent seasonal and climate dependencies of the data
shown in Figure 6. Spatial ID inherently only captures
canopy-emergent dominant species (i.e., not the under-
story vegetation), and some vegetation species may be
difficult to identify in the field at certain times of year,
particularly when senesced. The observed temporal pat-
terns, particularly in the dynamic classes such as trees
and shrubs, underscore the significance of long-term,
multiannual studies across diverse geographical land-
scapes and the utility of remote sensing time series analy-
sis for understanding these environments (Kennedy
et al., 2014; Pasquarella et al., 2016). It is also remarkable
that the algorithm works as well over a ~90-day period as
it does during peak greenness. The stable classes (rock,
parking lot, and roof) may no longer be spectrally stable

under varying seasonal conditions or climate zones, and
extended phenological changes in vegetation could signifi-
cantly alter the observed ID patterns. Consequently, a
comprehensive understanding necessitates expanding both
the spatial and temporal domains to capture a broader
array of climatic, geological, and seasonal contexts.

This is an important first study that evaluates spectral
dimensionality across space and through time in a coastal
region in a Mediterranean climate. The region of interest
has a predominantly open canopy, which may differ fun-
damentally from closed canopy systems, such as tropical
forests. In particular, the dense closed canopy may block
understory species richness from being adequately
observed by aerial imagery. The study should be repeated
in other Mediterranean regions and in other bioclimatic
regions to show that spectral ID–vegetation variability
relationships are an intrinsic and quantifiable property.
Spectral imagery acquired during NASA’s BioSCape
experiment in the Cape Floristic Region in South Africa
will provide additional data against which to evaluate ID
as a vegetation variability metric (Hestir et al., 2023).

CONCLUSION

We have proposed and evaluated ID as a method to
quantify terrestrial vegetation variability. The SHIFT

F I GURE 7 Spatial intrinsic dimensionality (ID) computed over a 100 m × 100 m cell is compared with (a) the number of recorded

species with abundance >25% in each cell, and (b) the inverse Simpson concentration index. Due to the small area of each field plot

(8 m × 8 m), field plots within 40 m of each cell center were combined, and 100 m × 100 m ID cells containing more than four field plots

were used in the comparison to better represent the heterogeneity on the ground. Spatial ID is systematically higher than the number of

dominant plot species recorded, which may be due to the larger spatial area considered, and also because some vegetation species may be

difficult to identify in the field at certain times of year (particularly when senesced). A small amount of jitter is added to each point so that

overlapping data values can be seen.
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airborne campaign provided an excellent test case with
13 near-weekly acquisitions over a three-month period,
with coincident field acquisitions of plant species. Despite
differences in spatial scales, our comparisons show
encouraging correlation between spatial ID and in situ
data. There is also very little variation in ID over the
three-month period during which traditional vegetation
metrics changed significantly, demonstrating robustness to
seasonal change. Temporal ID, however, increased mono-
tonically throughout the study, indicating the importance
of frequent revisits and the value of harmonization
between similar missions (such as synergies between SBG
and the upcoming European Space Agency’s Copernicus
Hyperspectral Imaging Mission for the Environment—
CHIME). ID does not require any training data and could
be applied globally in this era of increasingly available
imaging spectroscopy data. This has great potential for
future spectroscopy missions such as SBG and CHIME,
which could enable subseasonal global monitoring of plant
diversity.
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