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Abstract A broad regional understanding of tropical for-
est leaf photosynthesis has long been a goal for tropical for-
est ecologists, but it has remained elusive due to difficult
canopy access and high species diversity. Here we develop
an empirical model to predict sunlit, light-saturated, tropi-
cal leaf photosynthesis using leaf and simulated canopy
spectra. To develop this model, we used partial least
squares (PLS) analysis on three tropical forest datasets (159
species), two in Hawaii and one at the biosphere 2 labora-
tory (B2L). For each species, we measured light-saturated
photosynthesis (A), light and CO, saturated photosynthesis
(A .y, Tespiration (R), leaf transmittance and reflectance
spectra (400-2,500 nm), leaf nitrogen, chlorophyll a and b,
carotenoids, and leaf mass per area (LMA). The model best
predicted A [72 = (.74, root mean square error (RMSE) =
2.9 pmol m~?s™1)] followed by R (¥’ =0.48), and A,
(r* = 0.47). We combined leaf reflectance and transmittance
with a canopy radiative transfer model to simulate top-
of-canopy reflectance and found that canopy spectra are a
better predictor of A (RMSE =2.5 &+ 0.07 pmol m~2s7h
than are leaf spectra. The results indicate the potential for
this technique to be used with high-fidelity imaging
spectrometers to remotely sense tropical forest canopy
photosynthesis.
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Introduction

Tropical forest net primary production plays an important
role in the global carbon cycle (Field et al. 1998), but there
is much debate on whether tropical forests are net sources
or sinks of CO, to the atmosphere (Grace et al. 1995; Phil-
lips et al. 1998; Saleska et al. 2003). It has been clear for
some time that a better understanding of tropical forest
physiology and leaf-level gas exchange could shed light on
these questions, but the difficulty of accessing tropical for-
est canopies, along with their high species diversity, has so
far hindered the development of a broad regional under-
standing.

High-resolution remote sensing may be an ideal tech-
nique for acquiring data that would improve our under-
standing of tropical forest physiology over large geographic
areas. However, remote sensing of physiology has been
attempted at the leaf and canopy scales with mixed results.
Sims and Gamon (2002) detected photosynthetic stress at
the leaf level in multiple species via xanthophyll pigment
changes with the photochemical reflectance index (PRI)
(Sims and Gamon 2002). Asner etal. (2004) measured
drought stress in an Amazon tropical forest by space-borne
imaging spectroscopy of the canopy water content. These
studies showed the potential of the systems to remotely
detect physiology, but the sensors used were not designed
to identify physiological differences between individual
species.

To understand the physiology of tropical forests, we first
must understand leaf chemistry. Although there may be
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broad shifts in leaf chemistry with soil fertility, these tend
to be modest in size and indeed perhaps smaller than the
range of variation seen among co-occurring species in
terms of their leaf chemistry. For example, the dominant
landscape-level influence over foliar nitrogen (N) and phos-
phorus (P) ratios in the humid tropics is species variability,
not substrate (Townsend et al. 2007). Several physiologi-
cally important chemicals, such as N, are directly expressed
in the leaf spectra. Studies have shown that foliar concen-
trations of N, chlorophyll (Chl) a and b, carotenoids, water,
and leaf mass per area (LMA) can be predicted using the
reflectance and transmittance of light from individual
leaves and canopies (Curran 1989; Sims and Gamon 2002;
Smith et al. 2003a, b). Laboratory and modeling studies
have also demonstrated how these chemicals influence leaf
spectral properties (Feret et al. 2008; Jacquemoud and
Baret 1990).

Relationships between leaf spectral and chemical prop-
erties have been developed using partial least squares (PLS)
regression analysis. This technique does not focus on indi-
vidual bands but uses the entire leaf spectral continuum.
Previous studies using this technique showed that LMA,
Chl a and b, and N concentrations are highly correlated
with the reflectance and transmittance spectra of tropical
species (Asner et al. 2009). Moreover, each spectral band is
weighted to determine its relative importance in predicting
chemical constituents, and these band weights indicate the
spectral features (involving contiguous wavelength
regions) that are most important to predict a variable
(Haaland and Thomas 1988). For example, Asner et al.
(2009) found that PLS weightings for LMA were strong
throughout the 750- to 2,500-nm range because this region
is dominated by variations in leaf water content and leaf
thickness (Asner et al. 2009), both of which are related to
LMA (Jacquemoud and Baret 1990). N weightings were
associated with wavelengths absorbed by Chl a and b in the
visible (400-700 nm), the spectral red edge (700-760 nm),
and proteins in the shortwave infrared range (1,300-
2,500 nm) (Gitelson and Merzlyak 1997; Kokaly 2001;
Smith et al. 2003a).

Leaf photosynthesis is generally correlated with leaf
chemistry. A worldwide foliar dataset indicates that 82% of
all variation in photosynthetic capacity (by mass) can be
explained by LMA and N (on a log-log scale) (Wright et al.
2004). A similar study used 53 tropical species and found
that LMA predicted mass-based rates of assimilation and
respiration and that leaf life span predicted many other
traits (Poorter and Bongers 2006). Despite these advances,
few studies have considered the three-way connection
between the spectroscopic, chemical, and physiological
properties of foliage, although many have considered vari-
ous aspects of two out of three of these areas, particularly
as to how spectral band ratios [e.g., normalized difference
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vegetation index (NDVI)] scale with leaf and canopy chem-
istry and physiology (e.g., Sellers 1985; Verma 1993).
However, the full spectroscopic signatures of species have
not been considered in this context.

We combined leaf physiological, chemical, and spectral
data from 159 tropical species gathered on three field cam-
paigns, two in Hawaii and one at the biosphere 2 laboratory
(B2L) in Arizona. We tested our ability to predict leaf
physiological properties from leaf spectra using empirically
based models. We then used observed relationships
between leaf chemical/spectral and chemical/physiological
properties to understand the relationships between the spec-
tral/physiological properties. Finally, we scaled the leaf
spectra to the canopy level using a radiative transfer model
(Asner and Martin 2008) and developed models predicting
physiological properties using simulated canopy spectra.
We addressed the following questions: Can tropical leaf
photosynthetic capacity and other physiological properties
be predicted from full spectral range (400-2,500 nm) leaf
spectroscopy? What is the relationship among spectral,
chemical, and physiological properties, in the context of
spectroscopic remote sensing? Are canopy spectra more or
less useful than leaf spectra for the prediction of photosyn-
thetic capacity and other physiological properties?

Methods
Study sites

We collected foliar material and measured the physiologi-
cal properties of 149 species in two tropical forest sites on
Hawaii island in January and April of 2009 and ten species
in the tropical rainforest biome and the display center of
B2L (Dempster 1999) in October 2004. We emphasized
collecting data from many species versus repeating
measurements on individual species because much of the
variability in leaf nutrient concentrations can be explained
by species variability (Townsend etal. 2007). These
species represent a wide variety of regeneration strategies.
In the first Hawaii campaign, we chose a site near to the
Institute for Pacific Islands Forestry in Hilo, Hawaii,
located on the windward, wet side of the island (approx.
3,500 mm year™!). This site consists of young basalt sub-
strate (approx. 220 years old) with Hawaiian endemic and
common exotic species. We measured sunlit intact leaves
from 11 species. For the second collection, we measured
138 tropical tree and palm species at sites spread across
the windward side of the island (mean annual
precipitation 2,000—4,000 mm). These samples were taken
mainly from non-native, full-grown trees grown in botani-
cal gardens near Hilo. At B2L, we measured ten canopy
rainforest tree species, sampling ten leaves still connected
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to the tree. The tropical rainforest biome in B2L has a tem-
perature (approx. 25°C) and humidity (approx. 65%) typi-
cal of a Neotropical forest. The tropical forest section of the
display center was kept under similar conditions to accom-
modate the variety of tropical rainforest species growing
there.

Leaf spectra

We measured full-range (400-2,500 nm) hemispherical
reflectance and transmittance spectra of six leaves of each
of the 149 species tested using a custom-designed
spectrometer with 2.7-nm sampling and 1.0-nm reporting
(FR-Pro with Select Test detectors and a custom exit slit to
maximize signal-to-noise performance; Analytical Spectra
Devices, Boulder, CO), an integrating sphere modified for
high-resolution spectroscopic analysis with interior sphere
walls refitted with Spectralon coating (Labsphere, Durham,
NH), and a custom-built 2-Solar illumination collimator
(Carnegie Institution, Stanford, CA) (http://spectranomics.
stanford.edu/technical_information). Measurements were
collected with a 136-ms integration time per spectrum. The
spectra were then calibrated for dark current and stray light
and referenced to a calibration block (Spectralon) within
the integrating sphere. We measured reflectance and trans-
mittance immediately after separating the leaf from each
branch.

Leaf chemistry

The leaves remaining on the branches were used for chemi-
cal analysis. We measured the wet weight of ten individual
leaves of each of the 149 species using a balance and the
area of these leaves using a leaf area meter (Li-Cor Biosci-
ences, Lincoln, NE). Prior to measurement, the leaves were
stored on ice in coolers for usually less than 3 h. The sam-
ples were then dried at 65°C for >72 h and re-weighed for
dry mass. Dried samples were sent to the Carnegie Institu-
tion where leaves were ground in a 20-mesh Wiley mill,
and total N concentrations were determined using combus-
tion—reduction analysis (Costech, Ventura, CA). In the
field, 30 disks (area 0.8 cm?) were punched out of each of
ten randomly selected leaves (n = 300 per species) of each
of the 149 species and then frozen with liquid N. The sam-
ples were transferred to a —80°C freezer, where they were
held until later analysis for Chl a and b and carotenoid con-
centrations (Asner et al. 2009). the frozen leaf disks were
ground in a chilled mortar with 100% acetone, a small
amount of quartz sand, and MgCOj; to prevent acidification.
Following centrifugation for 3 min at 3,000 rpm, the absor-
bance of the supernatant was measured using a dual-beam
scanning UV-Vis spectrophotometer (Lambda 25; Perkin
Elmer, Beaconsfield, UK). Chl a and b and carotenoid con-

centrations were determined using multi-wavelength analy-
sis at 470, 645, 662, and 710 nm (Lichtenthaler 2001).

Leaf physiology

We used a portable gas exchange system (model LI 6400;
Li-Cor Biosciences) to measure leaf photosynthesis and
respiration. In Hawaii, we measured gas exchange three to
four times on each of two leaves of 149 species for
A [1,000 pmol m~2 s~! photosynthetic photon flux density
(PPFD), 400 ppm CO,, 25°C], A,,.x (1,000 pmol m2s!
PPFD, 1,500 ppm CO,, 25°C), and R (0 pmol m2s!
PPFD, 400 ppm CO,, 25°C). We relied on cut branches for
most species. We first cut a large branch (>1 m) with sunlit
leaves off the tree. We then cut off a smaller branch from
this larger branch while the stem was submerged in water to
restore hydraulic conductivity before we made the physiol-
ogy measurements. At B2L, we measured A (1,500 pmol
m~2s~! PPFD, 400 ppm CO,, 25°C) on ten leaves on each
of ten species on live branches. To screen for erroneous
data, we removed very low measurements (A < 4 pmol
m~2 s~!) and unstable measurements (if the standard devia-
tion of our three measurements was >15% of the mean).
Unstable measurements indicated a stress response of the
plant to being cut and that the photosynthetic data were
likely unreliable. Using these thresholds, we removed 27%
of small tree species, 38% of medium tree species, 19% of
large tree species, 68% of palm species, 29% of vine spe-
cies, and 25% of shrub species [Electronic Supplementary
Material (ESM) Table 1].
On a subset of these species (n=11 in Hawaii and
n =10 at B2L), we measured V., and J,,,. We calculated
(the maximum velocity of Rubisco for carboxylation)
and J,,, (the maximum rate of electron transport) using a
non-linear curve fitting program (Farquhar etal. 1980;
Sharkey et al. 2007). For A ; curves, we varied CO, concen-
trations (from 400, 300, 200, 100, 50, 0, 400, 700, 900,
1,200 ppm) while keeping other environmental conditions
stable (in Hawaii: 1,000 pmol m~2s~! PPFD, 25°C leaf
temperature; in B2L: 1,500 umol m~2 s~! PPFD, 30°C leaf
temperature). For light curves, we varied PPFD (from
1,000, 2,000, 500, 250, 100, 50, O pmol m™*s~") while
keeping other environmental conditions stable (in Hawaii:
370 ppm CO,, 25°C; in B2L: 400 ppm CO,, 30°C) on two
to five leaves per species. We tested the following species
for V..« and J,.: in Hawaii, Psidium cattleianum, Metro-
sideros polymorpha, Melochia umbellate, Melastoma sep-
temnervium, Macaranga taitensis, Buddleja davidii, Trema
orientalis, Spathodea campanulata, Pluchea carolinensis,
Falcatoria mollucana; in B2L, Clitoria racemosa, Pachira
aquatica, Persea americana, Bixa orellana, Cecropia obtu-
sifolia, Cananga odorata, Ceiba pentandra, Ficus nitida,
Inga sapinoides, and Trichilia alba. Most physiological
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measurements were collected between 7 am. and 12 p.m.
local time (between 8 and 10 a.m. in B2L) to ensure that
photosynthesis was not limited by hot midday conditions.

Spectral-chemical-physiological analysis

Principal components analysis (PCA) (Matlab; Math-
Works, Natick, MA) was used to compare leaf physiologi-
cal and chemical properties following Wright et al. (2004).
This technique takes a group of variables (in our case, A, N,
leaf pigments, and LMA) and calculates several principal
components. The first PC is a vector through multi-dimen-
sional trait—space that best explains the main linear trend
through the data. The data in these analyses are then log,,
transformed because they are right skewed.

We also used PLS regression analysis to link leaf hemi-
spherical reflectance and transmittance spectra to A, A,
R, Veax> Jmax» LMA, N, and Chl a and b. To avoid over-
fitting the number of factors used in the analysis, we mini-
mized the mean square error through a process of cross
validation for each model. This process iteratively gener-
ates regression models while removing one sample from
the input data set until the mean square error is minimized.
We calculated spectral weightings generated during the
PLS analysis by taking the weightings for the top two latent
vectors, multiplying these by the percentage variance they
explained, and then adding them together. Leaf transmit-
tance was more strongly correlated with physiological and
chemical properties than were reflectance or absorbance, so
unless otherwise specified, we report here leaf transmit-
tance for the PLS regressions. We define our regressions as
strongly correlated (+*>0.7), moderately correlated
(0.7 <7 >0.5), or weakly correlated ( <0.5).

Canopy modeling

To test whether the leaf-level PLS regression analysis
would apply at the canopy scale, we generated canopy
reflectance measurements using a radiative transfer model
described in Asner and Martin (2008). This model simu-
lates top-of-canopy spectral reflectance using measured
leaf-level hemispherical reflectance and transmittance for
each species, leaf area index (LAI), canopy leaf angle dis-
tribution (LAD), other canopy architectural parameters, and
geometry, which includes solar zenith and azimuth angle
and sensor viewing zenith and azimuth angles.

We initially used a fixed set of parameters to simulate
canopy spectra, namely, LAl = 5, LAD = uniform and con-
stant viewing and solar geometry (nadir viewing and 30°
solar zenith angle). Each simulated canopy spectrum com-
prised 220 bands with a 10-nm bandwidth covering the 400
to 2,500-nm wavelength region, similar to the spectral data
provided by the Airborne Visible and Infrared Imaging
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Spectrometer (AVIRIS; Green et al. 1998). We also created
ten additional canopy spectra per species with varying LAI
and LAD. For each species, we averaged three simulations
together, each with a randomly generated LAI of between 3
and 7, and a randomly generated LAD (any of five: plagio-
phile, planophile, erectophile, uniform, spherical; Myneni
et al. 1989). This allowed us to evaluate the effects of vary-
ing canopy-level LAI and LAD properties on this technique
since any airborne campaign will fly over forests with
unknown LAI and LAD.

Determining which spectral features to use

We tested which spectral features minimize the root mean
square error (RMSE) of the PLS regressions at the canopy
scale. Variable LAI or LAD in the canopy simulations
increase spectral variability in the near-infrared (NIR) spec-
trum. This spectral variability reduced the strength of the
PLS regressions. However, there is spectral information
useful for predicting leaf chemical properties in the NIR
(Feret et al. 2008; Jacquemoud and Baret 1990), such as for
predicting LMA (Asner and Martin 2008). To determine
whether including this spectral information improves the
canopy-level predictions more than it is decreased by the
spectral variability from unknown LAI and LAD, we con-
secutively tested the PLS regressions at various wave-
lengths, starting at 400-600 nm and increasing the range
being tested by 50-nm increments until we had analyzed the
entire 400-2,500-nm spectrum. At each wavelength, we
made PLS regressions on all ten canopy simulations with
unknown LAI and LAD and recorded the RMSE.

Results
Leaf chemistry and spectra

Averaged leaf spectra collected in Hawaii were of a similar
shape and magnitude to those from other tropical forests
(Fig. 1) (Castro-Esau et al. 2006; Lee et al. 1990). However,
there were significant differences in leaf reflectance and
transmittance between B2L and Hawaii spectra (P < 0.05) at
most wavelengths. Standard deviations (SD) of Hawaiian
leaf transmittance peaked in the visible spectrum at approxi-
mately 550 nm (SD 0.05 vs. 0.035 for B2L) and peaked in
the NIR spectrum between 720 and 1,830 nm (SD 0.075;
B2L peaked at wavelengths >2,200 nm with a SD of 0.053).

Average Hawaiian leaf chemical values and LMA were
within the range of other tropical forests (Table 1) (McGr-
oddy etal. 2004; Townsend etal. 2007). Average leaf
chemical values and LMA for B2L were significantly
higher than the Hawaiian LMA (P < 0.001), N (P <0.001),
and Chl a (P < 0.05) and b (P < 0.05) in this study.
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Fig. 1 Mean leaf reflectance 0.8
(top) and transmittance (bottom)
for species collected in Hawaii
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Photosynthesis measurements

Average light-saturated photosynthesis at ambient CO, (A),
light-saturated photosynthesis at high CO, (4,,,,), and res-
piration (R) from B2L and Hawaii were similar to those
reported for other tropical forests (Table 1) (Domingues
etal. 2007). Average A was significantly greater in B2L
than in Hawaii (P < 0.05). We calculated V.., and J,, on
a subset of Hawaiian (n = 11) and B2L (n = 10) species and
did not find significant differences for V.., and J,,
between the Hawaii and the B2L datasets (P > 0.05). These
values were similar to those of other upper canopy tropical
forest tree species (Domingues etal. 2007). Data from
palms were thrown out at a significantly higher rate than
those for other functional types because palms often had
very low measured A, possibly indicating that the method is
less effective on palms.

Leaf chemical and physiological properties

We investigated the correlation patterns among photosyn-
thetic capacity, LMA, leaf N and pigment concentrations
using PCA. The first PC along the axis of data between N,
LMA, A, .« Chl a, and Chl b explained 83% of the varia-
tion, with coefficients of N=-042, LMA =0.32,
Apass = —0.52, Chl @ = —0.47, and Chl b = —0.49. The first
PC along the axis of the data between N, LMA, and A,
explained 86% of the variation, with coefficients of
N=-042, LMA =0.54, and A = —0.73. A three-way

mass —
trait relationship between N, LMA, and A is shown in

mass

Fig. 2. All data were log;, transformed because the data
were right skewed.

PLS regressions

We first used PLS regression analysis on the B2L and the
Hawaii datasets individually and then combined the data-
sets to examine how well leaf chemical properties could be
predicted from leaf transmittance properties (Fig. 3). The
B2L spectral dataset more accurately predicted leaf chemi-
cal properties than did the Hawaiian spectral dataset. Com-
bining both datasets, there was a strong correlation
(72 =0.74, RMSE = 2.85 pmol m~2 s’l) between A and
leaf spectra (n = 159) (Fig. 3). Correlations were strong for
LMA (#* = 0.90, RMSE = 18.7 g m2), N (+* = 0.83, RMSE
=0.45 g), and moderate for leaf pigments (Chl a, P =0.66;
Chl b, ¥» =0.67, carotenoid, > =0.60). R (> = 0.48) and
A... (=047) were weakly correlated. Predictions of
Vemax and J .. were tested on a subset of the photosynthesis
data (n = 40 leaves, 11 species). There was a positive corre-
lation with J__ (> = 0.52, RMSE = 39 pmol m2s~!) and
a weaker correlation with V. (*=0.39, RMSE = 36
pmol m =2 s71h.

The spectral weightings used to predict photosynthesis
were of similar shape to the spectral weightings of leaf
pigments, LMA, and N, with large weightings in the visible
region and smaller weightings in the NIR region (Fig. 4).
To quantify this relationship, we regressed leaf pig-
ments, LMA, and N weightings against weightings for
A.N showed a strong correlation with A (** =0.76), but
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Table 1 Chemical and
physiological values, number of
species sampled, and maximum,
and minimum values from the
B2L and two Hawaii field
campaigns

A Light-saturated
photosynthesis, A, light- and
CO,-saturated photosynthesis, R
respiration, LMA leaf mass per
area, V., maximum velocity
of Rubisco for carboxylation,

J nax Maximum rate of electron
transport, /PIF Institute for
Pacific Islands Forestry in Hilo,
Hawaii

# Chemical and physiological
values are given as the mean +
standard deviation (SD)

Chemical and
physiological
values®

Date and site

2004, Biosphere

2009, Hawaii

2009, Hawaii IPIF

Chlorophyll a (%)
Max
Min

Chorophyll b (%)
Max
Min

LMA (gm™?)
Max
Min

Leaf nitrogen (%)
Max
Min

A (pmol m~2s71h
Max
Min

A (umol m™2 571
Max
Min

R (umol m—2s7")
Max
Min

Vo (Mol m2 571
Max
Min

Jnax (Lmol m ™2 571
Max
Min

47+25,n=10 3.7+25,n=138 34£13,n=11
15.7 14.4 5.8

1.1 0.8 1.6
1.8£0.1,n=10 1.40 £0.1,n=138 1.2£05,n=11
6.7 53 22

04 0.3 0.5
83+28,n=10 118 £ 56, n =138 106 £ 50, n =11
190 308 215

38 22 64
26+£0.6,n=10 1.7£0.8,n=134 1.6 £0.6,n=11
3.8 53 2.7

0.6 0.6 0.9
97+£48,n=10 82+£29,n=286 140+64,n=11
212 14.8 315

1.2 4.0 9.4
243+£40,n=10 15+54,n=90 205£59,n=11
333 29.9 34.1

16.9 4.9 12.7
—-1.4+£04,n=10 —-12+£06,n=117 —1.1+£04,n=11
—-1.0 0.2 -0.6

-2.1 -2.5 —-19
87.1£22,n=10 85 +36,n=11
128.3 203

60 259
123.5+25,n=10 109 £40,n=11
170.5 287.2

88.4 532

LMA (¥ =0.28), and the pigments (** <0.1) had weak
correlations.

Canopy spectra

Canopy simulations using random LAI and LAD had much
more spectral variation in the NIR (SD = (.11 between 800
and 1,200 nm) than in canopy simulations with constant
LAI and LAD (SD=0.02 between 800 and 1,200 nm)
(Fig. 5). When we used the full canopy spectral range
(400-2,500 nm) for physiological predictions, there was
initially no correlation. However, we then tested a variety
of wavelengths, starting from 400-600 nm and going up to
400-2,500 nm in 50-nm increments. Predicting A with the
minimum RMSE required a smaller spectral range at the
canopy scale (400-900 nm, RMSE =2.4 ymol m2s~ )
than at the leaf scale (400-2,400 nm, RMSE = 2.9 pmol
m~%s™") (Fig. 6). This was also evident for A, and R, for
which a canopy spectral range of 400-700 nm and 400-
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740 nm, respectively, was used to minimize RMSE. Can-
opy spectra were correlated with A (#2=0.61, RMSE =
2.4 umol m~2s~1), but only weakly correlated with A,
(=049, RMSE=4.7 pmol m~2s~!) and R (**=0.16,
RMSE = 0.58 pumol m2s~!) (Fig. 7). The canopy-scale
weightings were largest near the red edge for A (Fig. 8). We
only show canopy-scale weightings for A because both
A,.x and Rhave correlation coefficients of less than
r*=0.5. These regression models may not have sufficient
precision to distinguish between different species because
less than 50% of the variance in the data can be explained.

Discussion

Leaf-level photosynthesis predictions

Previous studies have shown that leaf spectra can be used to
predict leaf chemical properties (Feret et al. 2008; Smith
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Fig. 2 Three-way scatterplot between mass-based leaf photosynthesis
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g m~?) using data collected from B2L and Hawaii. The axes are logo
transformed

etal. 2003a). Predictions of maximum photosynthetic
capacity based on leaf spectra may be less accurate than
those of leaf chemistry because leaf photosynthesis is not
directly expressed in the spectra, but is instead a weighted
combination of factors, including those of chemistry and
LMA (Wright etal. 2004), both of which are directly
expressed in the spectra (Jacquemoud and Baret 1990). We
would expect a less accurate prediction of leaf physiologi-
cal properties than chemical properties because the predic-
tion error is a combination of the error in the spectral
prediction of leaf chemical properties and the error inherent
in the measurement of leaf physiological properties. In this
study, predictions of photosynthesis based on leaf spectra
are stronger than those of photosynthesis based solely on
individual chemical properties, such as N or LMA, likely
because leaf spectra integrate information on several chem-
ical properties simultaneously. The RMSE of the predic-
tions of light-saturated photosynthesis, but not R or A,,,,
were strong enough to predict differences between most
tropical species (Fig.3). We therefore have focused on
light-saturated photosynthesis for most of this study.
Actual ambient photosynthesis of tropical ecosystems is
often limited by stomatal closure, heat stress, and other
environmental constraints (Doughty and Goulden 2008).
Using spectra to predict A will not measure constraints on
instantaneous photosynthesis, such as stomatal closure,
which is not represented by the spectra. Instead, the spectra
predict A in the absence of stomatal limitations. We mini-
mized potentially confounding environmental stresses in
our dataset by measuring photosynthetic capacity at optimum
temperatures (25°C) and light levels (1,000 pmol m2s7").

We also measured photosynthesis under CO, saturating
concentrations (1,500 ppm) so that photosynthetic capacity
would not change even if the stomata were partially closed.
Despite our attempts to remove data where environmental
stress was evident, we hypothesize that our physiology pre-
dictions of the B2L data had higher r than those of the
Hawaii data because the B2L data were collected in a con-
trolled environment with minimal stress. Trees grown in
the B2L may have fewer nutrient limitations than trees
grown in Hawaii, which may be expressed in the relation-
ship between leaf spectra and physiology.

We expected predictions of A_,, to be stronger than
those of A because measurements at very high CO, levels
(1,500 ppm) will overcome any potential stomatal limita-
tions and measure the maximum capacity regardless of con-
ductance values. However, our regressions for A were
stronger than those for A, Light- and CO,-saturated pho-
tosynthesis is limited because triose phosphate is released
into the cytosol in exchange for an inorganic phosphate that
is released during sucrose synthesis, and this rate of
exchange sets an upper bound on CO,-saturated photosyn-
thesis (Sivak and Walker 1986). This mechanism is
unlikely to be expressed by the spectra and may explain
why CO,-saturated photosynthesis had a weaker correlation
than photosynthesis at ambient CO, concentrations.

The accuracy of many common land surface models
used to predict canopy CO, fluxes depend on the proper
representation of the kinetic properties of Rubisco, which
are represented by V. and J_ .. J .. represents the light-
limited state where photosynthesis is limited by electron
transport, and V.  represents light-saturated conditions
where photosynthesis is limited by the rate at which Rubi-
sco can be regenerated. In our study, predictions of V..
and J,,, were less accurate than those for the other physio-
logical parameters. This is logical because the errors of the
former are likely a summation of the error in the prediction
of the chemical properties, the error in the physiological
measurement, and the error in fitting a model to the physi-
ology data to predict V., and J

cmax max-*

Canopy photosynthesis predictions

Simulated canopy spectra with variable LAI and LAD
show much variability in the NIR spectrum due to the
effects of LAI on light scattering in the canopy (Myneni
et al. 1989). This variability in the NIR spectrum increases
the RMSE of our canopy photosynthesis predictions. Vari-
able LAI and LAD will be present in the forests observed
in most aircraft campaigns. However, the most important
parts of the spectrum for predicting photosynthesis are in
the visible and the red edge regions (Fig. 4). Therefore,
our regressions show that the RMSE of the predictions of
the photosynthesis at the canopy scale with unknown LAI
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and LAD is minimized using canopy spectra between 400
and 900 nm instead of the full spectral range (Fig. 6). This
contrasts with predictions of photosynthesis using leaf-
level spectrum, in which case RMSE was minimized using
the full spectral range of 400-2,400 nm. The leaf-level
spectrum does not have the multiple scattering in the NIR
region that is present in canopy spectra and, therefore,
there is a much smaller increase in spectral variability in
the NIR. Without this increased spectral variability, the
error is minimized at the leaf level by using the full spec-
tral range.

@ Springer

The RMSE of photosynthesis predictions were slightly
lower at the canopy level than at the leaf level (Fig. 6;
RMSE =2.5+0.07 vs. 2.9 umol m2s respectively),
which corroborates chemical-spectral results from a previ-
ous study (Asner and Martin 2008). Canopy-level improve-
ments are predicted by the radiative transfer theory which
says that multiple scattering in the upper canopy leaf layers
enhances the expression of leaf properties in highly foliated
canopies (Baret et al. 1994).

A previous study found that large variations in LAI
diminished canopy-level predictions of N, P, and leaf water
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Fig. 5 Average canopy reflectance with constant leaf area index
(LAI, 5) and leaf angle distribution (top), and with LAI ranging from
3-7 and variable leaf angle distribution (bottom)

but did not diminish predictions of LMA or pigments
(Asner and Martin 2008). The chemicals that are correlated
with photosynthesis, such as N, are strongly expressed in
the near-infrared portion of the reflectance spectrum
(Kokaly 2001; Smith et al. 2003a), which is highly scat-
tered in canopies. However, if wavelengths above 900 nm
are removed, the visible and red edge signals remain, but

Leaf spectra

3.2
7
S 30
o

28 1 1 1 1
Canopy spectra
291 Py sp

2.8

2.7 1

500 1000 1500 2000 2500

Wavelength (nm)

Fig. 6 Predictions of root means square error (RMSE) for leaf-level
assimilation (A) using different spectral features for leaf transmittance
(top) and canopy reflectance (bottom). Canopy spectra are the
average £ SD of ten simulations with varied LAI and leaf angle distri-
butions. The x-axis indicates the cumulative spectral range. For
instance, a point at 1,000 nm on the x-axis indicates the RMSE for the
prediction of photosynthesis using spectra ranging from 400 to
1,000 nm. All predictions use spectra starting at 400 nm

noise in the NIR associated with multiple scatting from var-
ied LAI is suppressed, resulting in a stronger prediction.

This technique represents an improvement on previous
methods designed to remotely detect leaf-level physiology
in tropical forests. The PLS methodology incorporates
more spectral information than previous methods using
individual spectral bands. This spectral information can
accurately predict leaf N concentrations and LMA (Fig. 3),
whose combination can explain much of the variability in
leaf-level photosynthetic capacity (Wright et al. 2004). This
method has a low enough RMSE (2.4 pmol m~2 s™H to
predict differences in photosynthetic capacity between
many individual upper canopy tropical tree species, which
averaged 10.7 4.3 pmolm~2s~! in one Amazonian
study (Domingues et al. 2007).

We were able to measure photosynthetic capacity with
both the Hawaii and B2L dataset. The spectral and chemi-
cal properties of these datasets were significantly different,
which indicates that this technique may be valid under a
range of conditions. Currently, this method cannot accu-
rately detect other physiological properties, such as R, A,
Vemax> and Ji.., and as it was tested primarily on species
grown in Hawaiian botanical gardens with atypical forest
structures, its broader applicability may be limited. Further
tests are required to determine whether these data will be
applicable to a broad range of tropical forests or just those
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in Hawaii and the B2L. We envision that this method will
be useful for estimating tropical forest photosynthetic
capacity in conjunction with methods that detect tropical
forest carbon content.

Conclusions

We show that using the PLS regression technique on can-
opy spectra could lead to a better understanding of tropical
forest leaf photosynthesis, with the potential of overcoming
the traditional pitfalls of difficult canopy access and great
tropical species diversity. We were able to predict light-
saturated photosynthesis based on leaf transmittance and
simulated canopy reflectance spectra with a sufficient level
of accuracy (RMSE = 2.4 pmol m~2s7!) to detect photo-
synthetic differences between most species. An accurate
understanding of photosynthetic capacity over a broad
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Fig. 8 PLS weightings for A (n = 86). We used only the wavelengths
that minimize RMSE for A (400-900 nm). A more strongly positive or
negative number indicates a part of the spectrum that more strongly
influences the empirical model

geographic area could lead to a better understanding of
what drives carbon fluxes in tropical forests.
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