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ABSTRACT

Mapping biological diversity is a high priority for

conservation research, management and policy

development, but few studies have provided diver-

sity data at high spatial resolution from remote

sensing. We used airborne imaging spectroscopy to

map woody vascular plant species richness in low-

land tropical forest ecosystems in Hawai‘i. Hyper-

spectral signatures spanning the 400–2,500 nm

wavelength range acquired by the NASA Airborne

Visible and Infrared Imaging Spectrometer (AVIRIS)

were analyzed at 17 forest sites with species richness

values ranging from 1 to 17 species per 0.1–0.3 ha.

Spatial variation (range) in the shape of the AVIRIS

spectra (derivative reflectance) in wavelength

regions associated with upper-canopy pigments,

water, and nitrogen content were well correlated

with species richness across field sites. An analysis of

leaf chlorophyll, water, and nitrogen content within

and across species suggested that increasing spectral

diversity was linked to increasing species richness by

way of increasing biochemical diversity. A linear

regression analysis showed that species richness was

predicted by a combination of four biochemically-

distinct wavelength observations centered at 530,

720, 1,201, and 1,523 nm (r2 = 0.85, p < 0.01). This

relationship was used to map species richness at

approximately 0.1 ha resolution in lowland forest

reserves throughout the study region. Future re-

mote sensing studies of biodiversity will benefit from

explicitly connecting chemical and physical prop-

erties of the organisms to remotely sensed data.

Key words: AVIRIS; biological diversity; Hawai‘i;

imaging spectroscopy; leaf pigments.

INTRODUCTION

Mapping biological diversity is a major goal in the

global conservation community (for example,

Heywood and Watson 1995; Gaston 2000). This

task is daunting because ecological processes and

human activities driving genetic, species, and

community distributions lead to exceedingly com-

plex spatial patterns of biodiversity. From a con-

servation standpoint, fine-scale biodiversity maps

(< 0.5 km resolution) are useful because these data

give land managers and scientists an understanding

of species distributions on a scale commensurate

with conservation, management, and policy

development activities. Furthermore, such maps set

a starting point from which changes in the land-

scape can be tracked over time, giving communities

feedback regarding how their management deci-
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sions are affecting local ecosystems (Innes and

Koch 1998). Fine-scale biodiversity estimates have

traditionally relied on extrapolation from labor-

intensive field studies (Pielou 1966; Gotelli and

Colwell 2001), yet recent advances in remote

sensing technology may facilitate regional-scale

biodiversity mapping (Turner and others 2003).

Remote sensing of biodiversity is not new; in the

past few decades researchers have applied remotely

sensed data to assess biodiversity over an array of

ecosystems and types of diversity, from avian spe-

cies richness to vascular plant diversity (Johnson

and others 1998; Nagendra 2001). The majority of

these attempts use medium to coarse spatial reso-

lution (‡30 m pixels), multispectral (< 10 bands)

data. Regional maps produced via this combination

of low spatial and spectral resolution data generally

use correlations between remotely sensed land

cover and biological diversity. However, for fine-

scale diversity assessments, particularly in places

where land cover (for example, forests) is constant

and the object of study varies at fine spatial scales

(for example, individual trees with small canopies),

the 30-m resolution provided by Landsat and simi-

lar imagery does not adequately capture landscape

and species diversity (Cohen and others 1990). The

biophysical information collected by multispectral

sensors is also limited because the low spectral res-

olution of these sensors cannot resolve details of

vegetation canopy structure and chemistry. There-

fore, the ability to detect canopy-level diversity in

complex, layered forested areas is often limited.

Imaging spectroscopy, also called hyperspectral

remote sensing, has the potential to resolve the

spatial and spectral discrimination problems pre-

sented above, and to provide a biophysically-based

approach for mapping biodiversity. Hyperspectral

data provide detailed information on a wide range

of canopy properties including canopy water con-

tent and leaf pigment, nitrogen, cellulose, and lig-

nin concentrations (Curran 1989; Jacquemoud and

others 1996). Collected at appropriate spatial reso-

lution, hyperspectral data provide information on

how chemical and structural properties of vascular

plants vary within and across ecosystems (Martin

and Aber 1997; Ustin and others 2004). In combi-

nation with plant chemical and structural proper-

ties, these data can be used to classify individual

tree species (Clark and others 2005; Cochrane

2000).

The Hawaiian Islands are an ideal place to test

the utility of such fine-scale mapping for conser-

vation because of their importance as a ‘‘biodiver-

sity hotspot‘‘ (Myers and others 2000), and due to

the matrix of substrate ages, climate zones, and

ecosystem types found throughout the archipelago

(Vitousek 2004; Asner and others 2005). In par-

ticular, lowland tropical forests on the island of

Hawai‘i provide a good test of whether remote

sensing can be used to track the diversity of vas-

cular plants in multi-layered forest canopies.

Hawaiian forests have relatively low plant species

diversity and simple forest structure compared to

other tropical forests (Mueller-Dombois and Fos-

berg 1998), a combination that facilitates a test of

remote sensing for plant species diversity mapping

in a setting with good experimental control and

manageable canopy complexity.

We used airborne imaging spectroscopy, field

biodiversity studies, and leaf biochemical data

collected in lowland forests on the island of

Hawai‘i to: (1) determine if high spatial resolution

hyperspectral data are correlated with field-mea-

sured woody vascular plant species diversity; (2)

test if airborne remote sensing signatures are

linked to plant species diversity by way of leaf

chemistry; (3) develop an algorithm for woody

vascular plant species richness prediction in

Hawaiian lowland forest ecosystems; and (4) apply

this biodiversity prediction algorithm to our air-

borne remote sensing data to produce high-reso-

lution, regional maps of plant species richness

based on inter-pixel variation.

MATERIALS AND METHODS

Remote Sensing

On February 11 and 21, 2005, the Airborne Visible

and Infrared Imaging Spectrometer (AVIRIS) col-

lected hyperspectral imagery over our study sites

on the eastern side of the island of Hawai‘i in the

Puna and South Hilo districts, hereafter referred to

as the Puna region (Figure 1). The area is domi-

nated by tropical moist-to-wet lowland forest with

mean annual rainfall ranging from 2,000 to

4,000 mm y)1 and mean annual temperatures of

18–24�C (Giambelluca and others 1986; Asner and

others 2005). The Puna region is a patchwork of

many land uses including agricultural, residential,

and protected forestlands undergoing various de-

grees of invasion by non-native species. All study

sites are located on protected lands managed by

one of three entities: the Hawai‘i State Division of

Forestry and Wildlife, Kamehameha Schools, and

the Army National Guard.

AVIRIS measures upwelling radiance from 366 to

2,510 nm in 224 channels with a nominal 10 nm

full-width at half maximum (Green and others

1998). The instrument was mounted on DASH-6
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turboprop that flew 3–4 km a.g.l. during data

acquisition, resulting in a ground instantaneous

field-of-view (GIFOV) of 3.3–3.6 m. All images

were acquired between 1,200 and 1,400 h local

time. Five images totaling 95 km2 were sufficient to

cover our study sites (Figure 1).

We used the ACORN-5 Mode 1.5 atmospheric

correction code, which estimates water vapor on a

pixel-by-pixel basis, to correct radiance data to

apparent surface reflectance (ImSpec Inc., Palm-

dale, California, USA). Wavelengths used for water

vapor retrieval were centered at the 940 and

1,140 nm features. The ACORN code estimated

visibility throughout the image, and a humid

tropical atmosphere was used for the simulation.

No ground target was used to improve reflectance

retrieval. AVIRIS high-resolution data are subject

to a number of artifacts that can produce high

frequency noise and increase reflectance data

range. Because our analysis depends heavily on

variation in reflectance range, we chose to employ

artifact suppression in ACORN-5, and also to mask

wavelengths from 1,344 to 1,408 and 1,793–

2,008 nm, which are dominated by atmospheric

water absorption. This resulted in 194 channels of

useable data spanning the 366–2,510 nm wave-

length range. In addition to the calibrated reflec-

tance imagery, we also worked with the derivative

of the spectral signatures, which normalizes for

brightness effects and gives further information

about the shape of the spectral curve. These

derivative reflectance spectra, calculated using a

finite differencing algorithm, were not smoothed.

Preliminary geo-registration of all data was per-

formed using the inertial navigation system data

taken onboard the aircraft. The images were fur-

ther geo-rectified using Landsat GeoCover data

(http://www.glcf.umiacs.umd.edu/portal/geocov-

er/) and geographic information system (GIS) lay-

ers provided by the State of Hawai‘i (http://

www.hawaii.gov/dbedt/gis/). We then mosaicked

the five-reflectance and derivative-reflectance

images and re-sampled all images using a nearest-

neighbor method to 3.6 m, which was the largest

pixel size among the five AVIRIS flightlines. Past

spatial scaling analyses exploring optimal pixel size

for hyperspectral ecosystem studies suggest that

optimal spatial scale can vary widely and is highly

dependent on the ecological feature being studied

(Rahman and others 2003). Generally, effective

sampling requires that the sample is at least one-

half the width of the object (McGrew and Monroe

2000). In the Puna region, the 3.6 m pixel size is

appropriate to sense variation in species-level

diversity because individual plant canopies in the

Puna region average 8–20 m in diameter (Asner

and Hughes, unpublished data).

Field Diversity Data

The study sites were chosen throughout lowland

forests in the Puna region to span a range of species

richness levels (Figure 1). Because the number of

tropical woody species increases with time since

catastrophic disturbance (for example, lava flows)

and with soil fertility (Givnish 1999), we chose sites

on a single substrate type—Kilauea volcano tho-

leiitic basalt lava flows—but across a range of sub-

strate ages from 51 to 750–1,500 years old (Moore

and Trusdell 1991; Table 1). Thus our study design

relies on the fact that, in the Puna region of Hawaii,

species richness tends to increase as substrate age

increases.

We collected woody species richness and stem

density data at 17 sites in 2001, 2003–2004, and

2006. At each site, between 9 and 11 plot centers

were placed at regular intervals on a single lava

flow age and under consistent canopy cover. Plots

were sampled using a nested design. The 2001 data

Figure 1. The southeastern portion of the Island of Ha-

wai‘i, showing location of airborne imaging spectrometer

overflights (red boxes), and plots (black dots) at each field

site (yellow letters).
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were collected for a previous study, and sample

design and methods for these data differ slightly

from the data collected from 2003–2006. In 2001,

5.64-m radius plots were sampled using the

method outlined in Hughes and Denslow (2005).

In 2003–2004 and 2006, plots were sampled using

the following method: in an 18-m radius circle, all

woody stems with a diameter at breast height

(DBH) greater than or equal to 30 cm were coun-

ted and species recorded. In a 9-m radius circle, all

stems with a DBH greater than or equal to 2 cm

were counted and species recorded. In a 6-m radius

circle, all stems with a DBH less than 2 cm but

greater than or equal to 1.3 m in height were

counted and species recorded. We then calculated

woody species richness and the Shannon Diversity

index (H¢ = r pi ln (pi), where pi is the proportional

abundance of the ith species), based on stem

abundance field data at each site (Pielou 1966).

In addition to species data, we collected high-

precision geo-location data at each plot center

using a Leica 50+ global positioning system (GPS)

unit (Leica Geosystems Inc., St Gallen, Switzer-

land). The GPS data were differentially corrected

using local base station data for more accurate

point location. A few plot center coordinates could

not be collected using the GPS unit. In these cases,

plot coordinates were calculated based on a dis-

tance and bearing from a known GPS coordinate.

Leaf Biochemical Data

Although past studies have connected spectral

variation from remote sensing to field-measured

plant species diversity, the biophysical basis for

such relationships has not been firmly established.

To examine how leaf biochemical variation may be

linked to hyperspectral observations, we gathered

leaf-level data for a subset of the study sites and

species selected from the field biodiversity surveys.

Using these leaf collections, we then quantified and

compared intra- and inter-species variation in leaf

chlorophyll, water, and nitrogen content, leaf-level

properties that have been shown to influence AV-

IRIS spectra (Ustin and others 2004).

In May and June 2005, we collected top-of-

canopy leaves from 200 individual plants at sites

across the Puna region using a shotgun. Small

branches of each species were collected from fully

sunlit portions of the canopies and stored in plastic

bags on ice for transport to a nearby laboratory.

Samples (35–75 leaves) were scanned for leaf area

determination and weighed within 2 h of collec-

tion. Foliar samples were dried at 70�C for at least

72 h and weighed to determine percent water

content and specific leaf area (SLA; cm2 g)1). Dried

leaves were then ground in a 20-mesh Wiley mill,

and subsets analyzed for nitrogen (N) content using

a standard Kjedahl sulfuric acid/cupric sulfate di-

gest. Digests were analyzed using an Alpkem au-

toanalyzer (O-I Analytical, College Station, Texas,

USA).

Three leaves from each original, fresh sample

were immediately frozen and stored at )80�C for

pigment analyses. Frozen leaf discs (3 each,

1.13 cm2 total area) were ground in 100% acetone

in a chilled mortar, with a small amount of quartz

sand and MgCO3 added to prevent acidification.

Following centrifugation for 3 min at 3,000 rpm,

the absorbance of the supernatant was measured

using a dual beam scanning UV–VIS spectropho-

tometer (Lambda 25, Perkin Elmer Ltd., Beacons-

field, UK). Chlorophyll a and b content were

determined according to Lichtenthaler (1987) and

Lichtenthaler and Buschmann (2001), using a

multi-wavelength analysis at 470, 645, 662 and

710 nm. For this study, chlorophyll a and b were

summed for a single measurement of total chloro-

phyll concentration.

Foliar measurements of water, total chlorophyll

and nitrogen were expressed on an area basis by

dividing measured biochemical concentration by

SLA. This resulted in leaf biochemical units of

equivalent water thickness (EWT mm), leaf chlo-

rophyll content (total chlorophyll, lg cm)2) and

leaf nitrogen content (N lg cm)2). We then com-

puted the mean value of each biochemical property

for all samples collected by species and/or by site

(Appendix 1, see http://www.springerlink.com).

Monte-Carlo Simulation

We used a Monte-Carlo simulation technique to

understand how variation in leaf-level constituents

changes with species richness. The technique in-

volved a simple calculation of the changing range

of biochemical values as each new species is added

to a sample population. First, a single species was

randomly selected from the total population of n

species, and the mean biochemical property was

recorded (for example, total chlorophyll). Thereaf-

ter, other species were randomly selected and

combined with the previously selected species to

track the change in the total range (maximum–

minimum) of biochemical values as the sample size

increased. These random selections of species were

repeated until the entire population was sampled.

This procedure was carried out 1,000 times, and the

average change in the value range of the increasing

sample population was calculated. This model was

540 K. M. Carlson and others
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run for each individual metric of EWT, total chlo-

rophyll, and N, as well as for an index (L) that

combined all three leaf chemical properties per

species (i). This index was calculated as the square

root of the sum of squared normalized values of all

three parameters:

Ki¼ sqrt½ðEWTi=EWTmaxÞ
2þðChli=ChlmaxÞ

2

þðNi=NmaxÞ
2�

ð1Þ

We used these data to show how ranges of leaf

water, chlorophyll and nitrogen content change

with species richness (i = 1 to n). We also repeated

the effort for the mean values of Metrosideros poly-

morpha, a native tree that is dominant across rain-

fall, elevation, and substrate gradients in Hawai‘i

(Vitousek 2004), and which was found at all nine

of the leaf collection sites (Appendix 2, see http://

www.springerlink.com). This allowed us to quan-

tify the intra-species variation of leaf biochemical

properties for M. polymorpha in comparison to var-

iation across species.

Biodiversity Prediction

We chose to analyze both spectral and field data on

a site-by-site basis because the geo-location error

(±2 pixels) was larger than the smallest plots. The

mean reflectance MRefl, range of reflectance RRefl,

mean first derivative of reflectance MDeriv, and

range of the first derivative of reflectance RDeriv

were calculated at each sample site. These values

were derived from circular areas centered on each

field plot and had the same radius as the survey

plot (either a 9 m or 5.64 m). By sampling spectral

data from plots with the same area as field data

plots, differences in plot size were effectively nor-

malized.

We were able to use the range of spectral values

at each wavelength, instead of other available

metrics, such as standard deviation or skewness,

because AVIRIS data have a very high signal-to-

noise ratio. Range captures spectral outliers better

than mean-based measures such as standard devi-

ation, thus we found this spectral measurement to

be highly sensitive to occasional species, just as

field-measured species richness is sensitive to rare

species.

To determine whether linear relationships exist

between field diversity and spectral data, we com-

puted Pearson‘s correlation coefficients (r) between

the two diversity measurements (species richness

and H¢) and the four spectral measurements (MRefl,

RRefl, MDeriv, and RDeriv) at each wavelength. Using

significantly related reflectance and derivative

mean and range wavelengths as determined by

correlation analysis, as well as biophysical knowl-

edge of information contained in different regions

of the spectrum, we then developed a simple bio-

diversity prediction algorithm using linear regres-

sion analysis. This involved the use of a

combination of narrow spectral bands available

from AVIRIS.

Finally, we applied this algorithm to the AVIRIS

imagery, creating a map of estimated woody species

richness per area across five protected areas in the

Puna region of Hawai‘i. To do so, we calculated the

range of the derivative spectra in a moving 9 · 9

pixel (�0.1 ha) cluster or kernel across the image,

so that each pixel was assigned a range spectrum

based on the minimum and maximum values at

each wavelength within each cluster of pixels. We

then calculated the woody species richness of each

pixel using the diversity prediction algorithm

developed above. These values represent total

richness in the approximately 0.1 ha area sur-

rounding each pixel. Because anthropogenic edges

may introduce spectral variation not linked to

species richness, we masked a 26 m distance to

each side of all man-made features (in this case,

roads) intersecting with reserves, as well as reserve

edges. Thus any pixel whose richness estimate in-

cluded a road or reserve edge was excluded from

calculations. We then extracted mean species

richness per unit area in these masked reserve areas

of the Puna region.

RESULTS AND DISCUSSION

Field Diversity Measurements

Forty-four woody vascular plant species were re-

corded across the 17 sites (Appendix 2, see http://

www.springerlink.com). Of these, the majority of

species (23) were classified as natives, 20 were

non-native species, and one was unknown. Across

all sites, non-native species accounted for 30% of

total basal area and 69% of total stems (Table 1).

Dominant species in terms of basal area were

native M. polymorpha (53%) and non-native

Casuarina equisetifolia (10%). The largest percent-

age of stems was measured among non-natives

Psidium cattleianum (30%) and Melastoma candidum

(12%), and native M. polymorpha (27%). Discrep-

ancies between basal area and stem abundance

dominance are important: at sites where dominant

species composition in terms of basal area differs

from dominant species composition in terms of

stem abundance, canopy species composition may
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also differ from understory species composition.

For example when native basal area is high and

native stem abundance is low, a site may have

mostly native overstory and mostly nonnative

understory. Therefore, any attempt at mapping

total species richness in this region must consider

both overstory and understory species richness.

Stem counts at each site highlighted a clear

division between highly non-native (>50% stems

non-native, 12 sites) or native (<10% of stems

non-native, 5 sites) communities. This division

between ‘‘native‘‘ and ‘‘non-native‘‘ stands is

notable because it demonstrates that some forests

in the Puna region are still mostly native, which

highlights the importance of establishing a baseline

biodiversity map here. Such a map would allow

local land managers to track the effects of non-

native species on biodiversity in the area.

The number of woody vascular plant species re-

corded at each site ranged from 1 to 17, and H¢
values ranged from 0 to 2.01 (Table 1). Although

we tried to sample in a way that would capture the

total woody species richness in the broader vege-

tation/substrate age area surrounding each sample

site, species-area curves constructed at each site

showed that we did not sample to species satura-

tion in most cases (except for sites F, L, and Q;

Figure 2). The approximately 0.1 ha plots show

particularly steep species-area curves, thus we

cannot extrapolate plot-level species richness val-

ues to the broader stand or ecosystem levels.

However, it was still valid to sample the remote

sensing data within these plots to link to biodiver-

sity at that scale.

Correlation Analysis

Large variations in the mean (MRefl) and derivative

(MDeriv) spectra were observed in the AVIRIS data

collected across study sites (Figure 3). However,

Pearson correlation analysis between species rich-

ness and spectral data indicated that MRefl and

MDeriv were weakly correlated with species richness

across most of the spectrum (Figure 4A–B).

Therefore, the brightness and shape of the spec-

trum at any given wavelength is generally a poor

predictor of woody plant richness in these lowland

tropical forest systems.

In contrast, the reflectance and derivative-

reflectance ranges (RRefl, RDeriv) were highly cor-

related with species richness (Figure 4C–D). This

initial result concurs with Gould (2000), who

showed that variation in NDVI, similar to a deriv-

ative because it normalizes for brightness effects

in the visible and near IR bands, is significantly

correlated with vascular species richness in the

Arctic tundra. For RRefl, a metric of extremes in

percent reflectance, wavelengths in the visible and

near-IR portions of the spectrum showed the best

linear relationships with species richness. For

RDeriv, a metric of the most extreme slopes of the

reflectance spectra, a wider range of wavelengths

were correlated with species richness. These re-

gions include the green edge (500–550 nm) of the

visible portion of the spectrum, the red edge (700–

800 nm), various water features in the near-IR,

and wavelengths throughout a portion of the

shortwave-IR region (SWIR; 1,500–1,800 nm).

When the same analyses were performed using

Shannon diversity H¢ values in place of species

richness, r values for comparisons between diver-

sity and spectral data were consistently lower for all

bands and spectral metrics (data not shown). The

weaker relationships between H¢ and spectral var-

iation may be due to the fact that H¢ gives more

weight to rarer species, whereas spectral diversity

as measured by range is not weighted.

After determining which RRefl and RDeriv wave-

lengths were not strongly (p > 0.01) correlated

with species richness, we eliminated these wave-

lengths from our analysis. We then examined cor-

relations among remaining RRefl and RDeriv

wavelengths. Pearson‘s correlation analysis dem-

onstrated that all remaining wavelengths were

highly correlated in reflectance space, but not

highly correlated once we converted the spectra to

derivatives. That is, Pearson‘s correlation coeffi-

cients (r) ranged from 0.63 to 0.99 (mean = 0.93)

for all comparisons between RRefl wavelengths, but

were much lower (r = 0.10–0.98, mean 0.70) for

Figure 2. Species-area curves for each field site A–Q

described in Table 1.
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comparisons between RDeriv wavelengths. We

therefore concluded that the range of the spectral

derivative provided more information than the

range of spectral reflectance values.

Leaf Biochemical Variation

If leaf biochemical variation within species

exceeds the variation observed among species, then

Figure 3. (a–b) Mean

reflectance and derivative-

reflectance spectrum of each

study site; (C–D) Range of

reflectance and derivative-

reflectance spectrum of each

study site.

Figure 4. Pearson correlation coefficients between field-based woody species richness and AVIRIS spectral band for A

mean reflectance, B derivative reflectance, C reflectance range, and D derivative reflectance range. Significance of these

relationships varies across the spectrum; black marks indicate p < 0.01, grey marks indicate 0.01 £ p < 0.05, and no mark

indicates 0.05 £ p. The height of the mark indicates the magnitude of the Pearson correlation value (r), with taller marks

having higher values. The spectrum over which these coefficients are graphed is a mean spectrum derived from all plot

areas in this study.
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variation in AVIRIS spectra within a site is probably

not directly related to species richness. In this case,

variations in AVIRIS spectral signatures within a

site are probably due to leaf biochemical and can-

opy structural variation among only a few domi-

nant species. On the other hand, if inter-species

variation in leaf biochemical properties far exceeds

that of within-species variation, and if this occurs at

all levels of species richness (n = 2, 3,...,17), then it

is likely that AVIRIS is measuring species richness

by way of the leaf chemical determinations.

Results from the Monte-Carlo analysis, which

repeatedly calculated the range of the leaf proper-

ties as each new species is randomly added to a

community, indicated a non-linear increase in

biochemical variation with increasing species rich-

ness (solid lines Figure 5). A similar analysis, but

using multiple samples from a single species (M.

polymorpha) taken across 9 of the 17 sites, showed

that the range of leaf biochemical values increases

much more slowly for a single species than for a mix

of different species (dotted lines Figure 5). In other

words, inter-specific variation far exceeded intra-

specific variation of a single species across sites. The

selection model used in this calculation did not

consider the fact that species assemblages and bio-

chemical properties in nature are not usually ran-

dom (for example Ollinger and Smith 2005), but the

random addition of species actually makes the test

more stringent because it does not take into account

the spatial autocorrelation that often simplifies

remote sensing analyses. We also note that the

range of leaf properties in M. polymorpha more

clearly reached an asymptote when accumulated

from different field sites, particularly for leaf EWT

and N, whereas the range continued to grow as

different species were pooled together (the solid

lines in Figure 5 never reach an asymptote).

These results provide a good indication that, as

biochemical variation (range) increases, so does

spectral variation in the particular wavelength re-

gions highlighted in Figure 4. This is only a general

attempt to link leaf biochemistry to spectral varia-

tion and species richness; we intend to further test

these inter-relationships in the field by adding leaf

measurements from additional species as well as

canopy structural data including leaf area index.

However, we found that it is exceedingly difficult

to assign specific leaf/canopy properties to specific

AVIRIS spectra within a site due to the high spatial

heterogeneity of the forest stands and the inaccu-

racies of co-locating ground and remote sensing

data sets (even given the high precision D-GPS and

airborne inertial navigation data used in this

study). The statistically-based approach presented

here at least provided an indication that increasing

spectral diversity is linked to increasing species

richness by way of increasing biochemical diversity.

Diversity Prediction Algorithm

Based on observations that the shape of the spec-

trum (RDeriv) and its range are well correlated with

species richness, and an understanding of how var-

iation in multiple leaf-level properties increases with

species richness, we developed a biodiversity pre-

diction equation for lowland tropical forests in the

Puna region. The range of derivative reflectance

Figure 5. Change in the

value range of A total

chlorophyll, B nitrogen, and

C equivalent water thickness

(EWT) in leaves of all species

sampled (solid line) and

Metrosideros polymorpha

(dotted line) across study sites.

Panel (D) shows the increase

in the range of a leaf

biochemical metric that

combines water, chlorophyll

and nitrogen measurements

(equation 1 in main text).
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within field sites, and not the range of reflectance,

was used because wavelengths significantly corre-

lated with species richness were less intercorrelated

using the RDeriv than the RRefl metric (from Figure 4).

Lower intercorrelation implies that derivatives pro-

vided a greater number of independent variables

than did the reflectance measurements. Ideally,

each derivative feature that is significantly related to

species richness represents some biophysical vege-

tation feature. Therefore, a greater number of

independent variables suggest that more biophysical

features were represented by the range of the

derivative spectra. Furthermore, a diversity predic-

tion algorithm sensitive to differences in many bio-

physical properties would be more sensitive to

variation in species richness than an algorithm based

on only one or two biophysical properties.

Using the linear regression, we examined how

variation at a key set of wavelengths was correlated

with species richness (Figure 6). We chose wave-

lengths from portions of the spectrum influenced

by three leaf biochemical properties: total chloro-

phyll, water, and N. These leaf characteristics were

associated with species richness as demonstrated by

the Monte-Carlo analysis. Variations in these three

leaf properties affect the shape of the reflectance

spectra as follows: chlorophyll, an upper-canopy

leaf pigment, influences the shape of the visible

spectrum from 500–550 and 700–800 nm; leaf

water, a component of canopy water content,

influences the shape of the water feature from

1,140–1,250 nm, and both leaf water and nitrogen

influence the shape of the spectrum in a portion of

the SWIR region from 1,500 to 1,700 nm (Curran

1989; Jacquemoud and others 1996; Asner and

Vitousek 2005; Ustin and others 2004). Within

these four regions, we selected the wavelength

with the highest r value for Pearson‘s correlation

analysis between species richness and Rderiv: 530,

720, 1,201, and 1,523 nm.

Whereas the reflectance at these wavelengths

responds to different biochemical properties, each

were correlated with species richness, albeit in

different ways. At 530 nm (Figure 6A), the slope of

the spectrum is dominated by the chlorophyll

absorption feature in upper canopy leaves. Field

site D, dominated by the Australian nitrogen-fixing

tree C. equisetifolia, was the most significant outlier

when using the 530 nm spectral slope alone,

yielding a narrower range of spectral values than

measured species richness. At 720 nm (Figure 6B),

the shape of the red edge is dominated by a second

chlorophyll absorption, as well as by canopy

structure and fluorescence. Field site N, a near-

monotypic stand of non-native P. cattleianum, is an

outlier here; relative spectral variation at this site

was greater than measured species richness. The

reflectance derivative near 1,201 nm is most sen-

sitive to total canopy water content (Roberts

and others 2004). In this regression (Figure 6C),

Figure 6. Linear regressions between field-

measured woody species richness across all

study sites and the derivative-reflectance

range at A 530, B 720, C 1,201, and D

1,523 nm.
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relative spectral shape variation at field site F, a

diverse M. polymorpha-dominated stand (H¢ = 2.0),

was greater than field-based species richness mea-

surements. At 1,523 nm (Figure 6D), the region

where the range of derivative reflectance was most

highly correlated with species richness (r2 = 0.82,

p < 0.01), field site M was the significant outlier.

This site, which has relatively lower spectral vari-

ation than measured species richness, is dominated

by the non-native nitrogen-fixing tree F. moluc-

canna, as well as other non-native species.

Although these simple approaches predicted

richness relatively well in our particular data set,

application of these single-wavelength metrics to

other forest stands may be limited because the

shape of the curve at any one wavelength (for

example 1,523 nm) gives information about only a

small number of leaf or canopy properties (Curran

1989; Jacquemoud and others 1996). Single-

wavelength observations do not provide a mea-

surement of multiple biochemical (for example

pigments) or structural (for example LAI, canopy

water content) properties that might, in combina-

tion, best indicate variation in species richness by

the ensemble of leaf and canopy parameters ex-

pressed in a hyperspectral signature.

To broaden the applicability of the AVIRIS

observations for biodiversity monitoring, we used a

regression model to predict diversity using RDeriv

values from four distinct wavelength regions across

the spectrum (equation 2):

Richness ¼0:44Rd530 þ 0:032Rd720 þ 0:25Rd1;201

þ 1:4Rd1;523 � 4:2 ð2Þ

The spatial variation (range) of the reflectance-

derivative spectra at 530, 720, 1,201, and 1,523 nm

linearly predicted woody species richness with

surprisingly high precision (r2 = 0.85; p < 0.01)

and accuracy (slope = 0.83, y-intercept = 1.6)

(Figure 7). Although RDeriv at 1,523 nm carried the

most weight in the regression (equation 2), and

variations in the reflectance derivative spectrum at

each of these wavelengths were inter-correlated at

r2 values of approximately 0.3–0.8 (Table 2), each

wavelength added additional information that

made the diversity prediction slightly more robust

overall and potentially more widely applicable to

new environments.

Diversity Mapping

Our calculated species richness map, covering five

forest reserve areas in the Puna region, is shown in

Figure 8. Within protected forest reserves, diversity

tended to scale with substrate age. Young lava

flows were distinct because of their low species

richness, whereas older forested areas had higher

species richness. Averaging over each reserve, we

found that richness ranged from 8.6 to 13.2 woody

canopy species per 0.1 ha (Table 3). The lowest

richness (8.6 ± 3.8 per 0.1 ha) was observed in

Keauohana Forest Reserve on young basalt sub-

strates, whereas the highest richness (13.2 ± 2.3

per 0.1 ha) was mapped across the Keaukaha Mil-

itary Reservation (KMR) on the oldest soils (Ta-

ble 1). Here, we present a species richness mapping

method in reserves as proof-of-concept, and will

consider non-reserve areas with potentially high

conservation value in upcoming studies.

Figure 7. Field-measured richness of woody species in

comparison to AVIRIS-predicted richness using multiple

linear regression analysis (equation 2, main text) on a

per-site basis.

Table 2. Pearson Correlation Coefficients (r) be-
tween Woody Species Richness (RICH) and the
AVIRIS Reflectance-derivatives at 530 nm and
720 nm (pigments), 1,201 nm (canopy water), and
1,523 nm (leaf water/nitrogen)

Variable RICH Rd530 Rd720 Rd1,201 Rd1,523

RICH –

Rd530 0.84 –

Rd720 0.87 0.87 –

Rd1,201 0.77 0.74 0.70 –

Rd1,523 0.91 0.81 0.90 0.79 –

Relationships are significant at the p < 0.01 level.
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CONCLUSIONS

Biological diversity is a central determinant of eco-

system function and a key contributor to the port-

folio of services provided by ecosystems to humans.

Rapid changes in biodiversity are taking place

around the world, due in large part to land-use

change, climate change, and introduced species,

among other factors (Sala and others 2000).

Methods are needed to map and monitor aspects of

biodiversity, but remote sensing approaches thus far

usually focus on basic delineation of land-cover

types without directly resolving the biochemical or

structural properties of the vegetation most closely

linked to taxonomic diversity. Moreover, there is a

need for high-resolution biodiversity mapping and

monitoring in support of ecosystem service assess-

ments in the conservation, management and policy

development arenas. Very few, if any, operational

methods have been developed for quantifying bio-

diversity at high spatial resolution at regional scales.

We sought to advance the use of airborne

imaging spectroscopy for mapping biodiversity in

lowland tropical forests on the island of Hawai‘i.

The biodiversity map developed here defines only

woody vascular plant species richness. However,

past research has shown that other types of diver-

sity (for example arthropod), as well as ecosystem

processes such as plant productivity, may be asso-

ciated with plant diversity (Siemann and others

1998; Schlapfer and Schmid 1999). Because of the

high spatial resolution of the airborne imagery

(�3.6 m), land managers can use image results

such as ours to track changes in diversity over time

and potentially identify diversity hotspots of par-

ticular conservation interest.

In Hawaii, species mapping is especially impor-

tant because invasion by exotic organisms is cur-

rently one of the greatest threats to maintenance of

native diversity throughout the archipelago (Smith

1985; Vitousek 1990). Our diversity maps do not

explicitly consider the distribution of non-native

species across the landscape. Additional mapping

techniques, such as image classification using un-

ique spectral and biochemical signatures, are more

appropriate to map individual species (Asner and

Vitousek 2005; Clark and others 2005).

The overall diversity mapping approach devel-

oped here may be appropriate for other forests for

which hyperspectral imagery is available, and

where the spatial resolution of the imagery is

appropriate to the scale of diversity being mapped.

However, the species richness prediction algorithm

developed in this study may not be applied directly

Figure 8. Predicted species richness per

0.1 ha across five forested reserve areas

in lowland tropical forests in Hawaii.

Black outlines denote areas inside which

average species richness values were

calculated. Areas outside of black lines

were excluded due to edge effects.

Table 3. Predicted Species Richness per 0.1 ha
(means ��X and standard deviations sd) and Area
Sampled, across Five Reserve Areas in the Puna
Region

Reserve ��X Sd Area Sampled

(km2)

Keaukaha Military

Reservation

13.18 2.28 0.30

Keauohana 8.64 3.78 0.77

Malama Ki 9.00 3.73 5.12

Nanawale 1 8.66 4.02 4.25

Nanawale 2 12.78 4.16 2.17
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to other areas or different vegetation regimes; the

Puna region is relatively unique because of its very

young substrates and moderate species richness,

and this algorithm may depend on these distinctive

regional attributes to calculate diversity. In a dif-

ferent forest type, different spectral regions or

wavelengths may be better correlated with species

richness. Hyperspectral data are therefore a key

component to this type of diversity mapping, be-

cause fine spectral resolution allows great flexibility

in wavelength choice not available from multi-

spectral data.

It is also important to note that the reflectance-

derivative range method relies on the use of high-

fidelity hyperspectral data. More noisy data, such as

those generated by other hyperspectral sensors (for

example EO-1 Hyperion), will probably provide

ambiguous results in comparison to the very high-

fidelity AVIRIS spectra (Townsend and Foster 2002).

Furthermore, biodiversity assessment based on

range is sensitive to outliers due to atmospheric

contamination and artifacts such as high frequency

noise along the edges of water bands, factors which

may result in increased reflectance and derivative-

reflectance ranges. Additional research is required to

test our approach in other ecosystems and with

other hyperspectral sensors. Nevertheless, biodi-

versity predictions based on ranges of reflectance

derivative values in wavelength regions of the

spectrum associated with an ensemble of canopy

biochemical and structural properties, and con-

strained by a small set of ground surveys, is a robust

method of estimating species richness across a range

of ecological communities in Hawai‘i and elsewhere.

One of the most important results of this study,

that leaf-level variation in pigment concentrations,

N, and water concentration scales with the number

of species analyzed, forms an important connection

between the hyperspectral reflectance-derivative

signatures and the species richness data. The rela-

tionship suggests that the spectral variation mea-

sured by AVIRIS is largely caused by inter-specific

variation in leaf biochemical properties. The next

step in the effort to connect ground data to re-

motely sensed data via leaf properties such as pig-

ment, nitrogen and water content, is to collect

these data from more species and to scale the bio-

chemical data upward based on the actual canopy

(crown) areas. This is a daunting task in tropical

forest environments, but with leaf chemistry and

structure information scaled to canopy area, we

could more closely examine how leaf-level varia-

tion interacts with species richness and remotely

sensed spectral variation. Future remote sensing

studies of biodiversity will benefit from explicitly

connecting chemical and physical properties of the

organisms in question with remote sensing data.

These efforts will require the appropriate remote

sensing data, such as from high performance hy-

perspectral sensors, collected at spatial resolutions

commensurate with land management and con-

servation goals. Such analyses will also allow us to

better understand why and how diversity at mul-

tiple scales, from intra-specific genetic diversity to

regional beta diversity, can be effectively mapped

by both airborne and spaceborne sensors.
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