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Abstract. Elevation gradients provide opportunities to ex- 1 Introduction

plore environmental controls on forest structure and func-

tioning. We used airborne imaging spectroscopy and lidar

(light detection and ranging) to quantify changes in three-Tropical elevation gradients offer natural laboratories for
dimensional forest structure and canopy functional traits instudies of environmental controls on forest composition,
twenty 25ha landscapes distributed along a 3300m elestructural habitats, functional processes, and ecosystem de-
vation gradient from lowland Amazonia to treeline in the Velopment (Vitousek et al., 1992). Studies to date have
Peruvian Andes. Elevation was positively correlated with Used field-based observations to quantify elevation-related
lidar-estimated canopy gap density and understory vegetathanges in nutrient cycling, productivity and a variety of
tion cover, and negatively related to canopy height and theplant traits (e.g., Alves et al., 2010). Results often show that
vertical partitioning of vegetation in canopies. Increases inSPecies composition changes markedly with increasing ele-
canopy gap density were tightly linked to increases in under-vation in the tropics (Silman, 2006; Lieberman et al., 1996),
story plant cover, and larger gaps (20—200 produced 25—  Yet patterns of canopy functional traits and productivity have
30 times the response in understory cover than did smallePeen much more variable (e.g., Vitousek et al., 1988; Raich
gaps (<5m). Vegetation NDVI and photosynthetic frac- ©t al., 1997; Girardin et al., 2010). Indeed, field-based eleva-
tional cover decreased, while exposed non-photosynthetiéion studies report wide-ranging results that are challenging
vegetation and bare soil increased, with elevation. Scaling® synthesize into generalizable patterns and emergent prin-
of gap size to gap frequency)(was, however, nearly con- Ciples (Tanner et al., 1998; Hodkinson, 2005).

stant along the elevation gradient. When combined with other While reports on elevation-based changes in functional
canopy structural and functional trait information, this sug- traits vary widely in the tropics, patterns of and the processes
gests near-constant canopy turnover rates from the lowlandgnderlying forest canopy structure such as volume, canopy
to treeline, which occurs independent of decreasing biomastyering and gap dynamics remain even less understood. Yet
or productivity with increasing elevation. Our results provide C&NOpy structure expresses the outcome of, and mediates the
the first landscape-scale quantification of forest structure anduture of, functional processes such as light use, turnover and
canopy functional traits with changing elevation, thereby im- et primary productivity, or NPP (Asner etal., 1998; Brokaw,
proving our understanding of disturbance, demography and985b). Structure also creates the habitat for all other forest-

standing of canopy structural change with elevation under-

pins conservation and management planning.

A significant problem limiting our understanding of eleva-
tional patterns of forest functional and structural properties
rests in accessing remote field sites and canopies. In most
cases, sub-montane to montane forests have proven the most
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difficult to study, owing to rough terrain, poor road and river inputs (cloud cover) and temperature-lowering carbon uptake
access, and arduous overland distances. Another problet higher elevations (Y. Malhi, unpublished data). Decreas-
centers on ecological scale; perhaps every study thus far puling biomass paralleled by decreasing productivity also sug-
lished on elevation-related changes in tropical forest propergests nearly constant residence time, as reported by Girardin
ties has focused either on individual species or in plots noet al. (2014). If true, this should be reflected in near-constant
larger than a hectare. Yet habitats vary locally at any given elpatterns of canopy gap formation along elevation gradients,
evation, simply based on slope, aspect and disturbance. Thisut this has not yet been assessed.
hampers efforts to determine the average effects of elevation We quantified landscape-scale changes in forest canopy
on canopy structural properties and functional processes. structural and functional properties from lowland Amazonia

Remote sensing offers to overcome the limits of field work to the Andean treeline in Peru. Our assessment was carried
by providing measurements of forests at larger geographiout at an ecological scale thus far unachieved in the field
scales. However, persistent cloud cover common to tropical- 25 ha forest landscapes in 20 unique abiotic settings de-
mountains severely limits the utility of satellite-based obser-scribed by varying elevation, climate and soils. We used the
vations (Ticehurst et al., 2004). Airborne platforms offer a Carnegie Airborne Observatory (CAO) Airborne Taxonomic
solution because the measurements can be planned arouMbpping System (AToMS) to collect multi-dimensional
local cloud cover dynamics. More importantly, airborne tech- measurements of vegetation (Asner et al., 2012b), and to
niques offer far more biophysical and functional trait in- answer these questions: (i) How do canopy height and the
formation than do current satellite-based approaches. Foresertical partitioning of the vegetation change with elevation?
functional traits, including light interception, foliar cover and (ii) Do canopy gaps co-vary with changes in canopy struc-
canopy chemistry, are often reported using hyperspectral datiure along the elevation gradient? (iii) How do canopy func-
collected with imaging spectrometers (reviews by Kokaly ettional traits such as light interception, photosynthetic and
al., 2009; Ustin et al., 2004). Forest canopy structure is in-non-photosynthetic vegetation cover, and greenness change
creasingly being explored using airborne Light Detection andwith elevation? (iv) Do structural and functional traits co-
Ranging (lidar) systems (Lefsky et al., 2002; Drake et al.,vary with one another, and if so, how does elevation affect
2002). Combined, imaging spectroscopy and lidar representelationships between traits? (v) Do remotely sensed canopy
a powerful approach, providing uniquely high data dimen- properties corroborate plot-based suggestions of nearly con-
sionality required to probe the composition, structure andstant biomass turnover along an Andes-to-Amazon elevation
functioning of ecosystems (Asner et al., 2012b). However,gradient?
these newer technologies have not been applied to tropical
elevation gradients.

The Andes-to-Amazon corridor stretches 2000km from2 Methods
Colombia to Bolivia, and from elevations ef 100 m in the
Amazon lowlands to nearly 4000 m at the Andean treeline.2.1 Study landscapes
The forest canopy is comprised of thousands of plant species
arranged in communities associated with changing elevationJwenty study landscapes, each 25 ha in size, were selected
geology, soils and hydrological conditions (Gentry, 1988). Tofor sampling parts of northern, central and southern Peru
date, most studies of forest functional and structural patterngTable 1), centered mainly around 1 ha plots that have previ-
have focused on the Amazon lowlands, demonstrating thabusly been used for forest inventories (Peacock et al., 2007),
forest canopy height, aboveground biomass and foliar nutri-and/or intensive carbon budget analysis (Malhi et al., 2010).
ent concentrations vary by community, soil type and geologicln these landscapes, mean annual precipitation ranges from
substrate (Quesada et al., 2012; Baker et al., 2004; Fylla§705 to 5020 mm yrl. Mean annual temperature varies from
et al., 2009; Asner et al., 2010). A recent study also found8.0°C at the highest elevation sites in the Andes to 26.6
that canopy gap-size frequency distributions — a quantitativen the warmest lowland site. Soils in the lowland landscapes
expression of turnover patterns — are surprisingly constanvary among three broad classes: Ultisolsterma firmeclay
throughout the southwestern Amazonian lowlands (Asner esubstrates, Inceptisols on inactive high-fertility floodplains
al., 2013). of late Holocene age, and Entisols in two locales in north-

In comparison to the lowlands, we have little knowledge ern Peru. These Entisols are white sand substrates associated
of canopy structural and functional variation along eleva-with very low nutrient availability (Fine et al., 2004). In the
tion gradients up to the Andean treeline. Recent plot-based\ndean landscapes, soils are classified as Inceptisols or well-
studies suggest that aboveground biomass decreases witleveloped Entisols (Quesada et al., 2012). We recognize that,
increasing altitude, and NPP declines at elevations aboveven after compiling these twenty 25 ha landscapes, the study
1500 ma.s.l. (Girardin et al., 2010; Huaraca Huasco et al.remains pseudo-replicated. Although common in elevation-
2014; Moser et al., 2011). This occurs despite the fact thagradient studies, pseudo-replication yields unique interpre-
leaf area index (LAI) and photosynthetic capaci¥/y) tations that guide future studies to be replicated at multiple
remain fairly constant, thus pointing to decreased energyelevations.
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2.2 Airborne data collection binned in the volume cube, each vertical column of the cube

was divided by the total number of lidar points in that col-
The airborne data were collected in August/Septembeiumn, yielding the percentage of lidar points that occurred in
2011. CAO AToMS includes a Visible-to-shortwave Infrared each voxel. This approach has the advantage of decreasing
(VSWIR) imaging spectrometer and a dual laser, waveformour sensitivity to localized variations in canopy leaf density
lidar (Asner et al., 2012b). These sub-systems are boresighdr tree branch characteristics, which can result in a different
aligned onboard a Dornier 228-202 aircraft. We collectednumber of lidar returns from voxel to voxel. It is important
AToMS data over each study landscape from an altitude ofto note that our vertical profiles are based on lidar returns,
2000ma.g.l., at an average flight speed of 55-60temd  which serve as proxies for actual vertical canopy profiles
a mapping swath of 1.2 km. (Lefsky et al., 1999; Asner et al., 2008).

The VSWIR spectrometer collects data in 480 contigu- The VSWIR data were radiometrically corrected to radi-
ous spectral channels spanning the 252—2648 nm wavelengtince (W srim~2) using a flat-field correction, radiomet-
range with 5 nm (full-width at half-maximum) bandwidth. It ric calibration coefficients, and spectral calibration data col-
has a 34 field-of-view and an instantaneous field-of-view lected in the laboratory. We created a camera model to pre-
of 1 mrad. At 2000ma.g.l., the VSWIR data provided 2m cisely describe the three-dimensional location and field-of-
ground sampling distance, or pixel size, throughout eachview of each sensor and, combined with standardized tim-
study landscape. The lidar has a beam divergence set tmg information, for high-precision data co-registration. A
0.5mrad, and was operated at 200 kHz witkh $an half- smoothed best estimate of trajectory (SBET), lidar DTM,
angle from nadir, providing swath coverage similar to the and camera model were then used to produce an image ge-
VSWIR spectrometer. Because the CAO AToMS data wereometry model and observational data containing informa-
collected from adjacent flightlines with 50 % overlap, the li- tion on exact solar and viewing geometry for each image
dar point density achieved was approximately 2shotdm pixel. These inputs were used to atmospherically correct the

or 8 shots per VSWIR pixel. radiance imagery to apparent surface reflectance using the
ACORN-5 model (Imspec LLC, Glendale, CA USA). To im-
2.3 Data processing prove aerosol corrections in ACORN-5, we iteratively ran

the model with different visibilities until the reflectance at

Laser ranges from the lidar were combined with embedded20 nm (which is almost constant for vegetated pixels) was
high-resolution global positioning system-inertial measure-1%. The reflectance data were then corrected for cross-track
ment unit (GPS-IMU) data to determine the 3-D locations brightness gradients using a bidirectional reflectance distri-
of laser returns, producing a “cloud” of lidar data. The lidar bution function (BRDF) model (Colgan et al., 2012). The
data cloud consists of a very large number of georeference@magery was then geo-orthorectified to the lidar DCM. In ad-
point elevation estimates (cm), where elevation is relative to aition, the precise positioning of the lidar-to-VSWIR data al-
reference ellipsoid (WGS 1984). To estimate canopy heightowed for automated masking of pixels shaded by neighbor-
above ground, lidar data points were processed to identifying canopies and branches, as well as water bodies (Fig. Al)
which laser pulses penetrated the canopy volume and reachd@sner et al., 2007).
the ground surface. We used these points to interpolate a
raster digital terrain model (DTM) for the ground surface.
This was achieved using a 10xn10 m kernel passed over
each flight block; the lowest elevation estimate in each ker-
nel was assumed to be ground. Subsequent points were evdbescriptive statistics were generated from the lidar-derived
uated by fitting a horizontal plane to each of the ground seedCM and DTM for each study landscape. In addition, topo-
points. If the closest unclassified pointwas <mfd<1.5m  graphic slope and aspect were computed using ax%m
higher in elevation, it was classified as ground. This processnoving kernel on the DTM. The vertical canopy profile
was repeated until all points within the block were evaluated.data were averaged, plotted and compared among land-
The digital surface model (DSM) was based on interpolationsscapes. From the vertical canopy profile maps, we analyzed
of all first-return points. Measurement of the vertical differ- elevation-dependent variation in understory (below upper
ence between the DTM and DSM yielded a model of canopycanopy) vegetation cover in 1-3m, 3-5m, and 5-10 m slices
height above ground (digital canopy model, DCM). above ground level. We also computed a canopy shape pa-

The vertical distribution of lidar points was processed by rameter for each landscape — the ratio of the height above
binning the data into volumetric pixels (voxels) at 5a5 m ground where maximum canopy volume occuf (o the
spatial and 1 m vertical resolution (Asner et al., 2008). The99th percentile of total canopy height’§. The P : H ratio
DTM was used to standardize the vertical datum of eachreduces a large amount of lidar vertical profile information
voxel. Therefore, the heights of each vertical “slice” of a into a simple metric depicting the overall architecture of the
vegetation canopy were defined relative to the ground at theanopy. A highP : H ratio indicates that the majority of fo-
horizontal center of each voxel. After all lidar points were liage is positioned high in the canopy, independent of overall

2.4 Analysis
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canopy height; a lowP : H ratio indicates a groundward ten-

dency of foliar distribution. : M

plying a definition similar to Brokaw’s (1982) definition to
the DCM results whereby all gaps down to 2 m above ground _16m
level were mapped and their areas quantified. We also quan
tified the gap-size frequency distribution using the Zeta dis-
tribution, which is a discrete power-law probability density
(Kellner and Asner, 2009). For the Zeta distribution with pa-

7 205m (CUZ-

rameteri, the probability that gap size takes the integer value S g B LY
kis X L e :
k—k
k) = —. 1
f 5 1)

where the denominator is the Riemann zeta function, and is|
undefined foi. = 1. This distribution is sometimes called the
“discrete Pareto distribution”, and is appropriate for model-
ing the size-frequency of canopy gaps (Clauset et al., 2007;
Fisher et al., 2008; White et al., 2008). Fig. 1. Shaded relief maps showing the terrain underlying
The VSWIR spectrometer images were used to generforests along an Andes-to-Amazon elevation gradient of 116 m to
ate a series of remotely sensed metrics of canopy func3379ma.s.|. Site names are shown in parentheses, matching those
tional traits. The results were Compared at the |andscapé3ted in Table 1. These results are 1.1 m spatial resolution.
level following the application of a water and shade mask
(Fig. Al), derived from the co-aligned lidar data. The nor- i
malized difference vegetation index (NDVI) was calculated 1831.5-3379.3ma.s.l. (Table 2). Hereafter for convenience,
as (NIR=VIS)/(NIR +VIS), where NIR and VIS were re- & refer to these three groups as lowland, sub-montane
flectances at 800 and 680 nm, respectively. The fraction oiand m(_)ntane_ Iandsca_pes. Among the Iovyland Ian(_jscapes,
intercepted photosynthetically active radiation (fIPAR) was tN€ variance in elevation was very low, with a maximum-
mapped by subtracting the canopy reflectance in the 400£ecorded standard deviation (SD) of just 6.7 m on the ALP-

700 nm PAR range, band by band from 100 % reflectance 30 landscape (Fig. 1). Coefficients of variation (CV) in el-

and then taking the mean of the difference among PAR Specgvation averaged 1.1% among lowland landscapes. Slopes

tral bands (Wessman et al., 1998). on a 5mx 5m kernel basis ranged from a meabSD) of

We mapped the fractional lateral cover of photosyntheticz'rg r(fcz;)s tgc?'\; aé%ﬁéﬁtzzrgwuoqsrglouiaﬁz fg‘:{ﬁngzh:ﬁ ‘c)jci)r-ec-
vegetation (PV), non-photosynthetic vegetation (NPV), andd"apP p y A
bare substrate surfaces in each 2m VSWIR pixel using“olr:](;]:Si_bl_?fotr:tu;ng)éone we found that two landscanes
the AutoMCU algorithm (Asner and Heidebrecht, 2002). PIL-01 at 496.2m and P:JL 02 at 884.1m straddleg a
The AutoMCU is a linear spectral mixture model that in- ©— " -7+ : X A j B )
corporates spectral endmember libraries for PV, NPV anOtr:}nSTonPIth-%plog(r)ilzzilr?erglIrg;iz:orr;?)r?iirer:ﬁ;?tigrlhgera(?tlr?::
bare substrate. Briefly, the PV spectral library was derived( 9. 1). . ) -
from airborne imaging spectrometer measurements of tropi—lor‘]"’lliand I'descapes, with a ndarrowhelevat;]on .SD N d5.6 m,
cal canopy trees; NPV and bare substrate were derived frormj & oW szopes (6973:5'60)6' ar12 north—sout —orlentz has—
field spectrometer measurements across a wide range of tro;[’i;-eftfj %8 'S:': rlli's:) I(T\? tie . )I' 1/” r(i:otri]tzaf‘/;[/,itﬁ ‘]L'gv _a;r;/
ical forest non-photosynthetic materials and soils. Critically, 209 muc goeae elevational variatio a -
the PV and NPV fractional cover outputs isolate the lateralcOmpared to 1% at PJL-01. Topographic slope increased to

percentage cover of exposed live and dead/senescent tissu ,'_80 + 9.6.°.at PJL-02, and aspect shifted to 143580'8', )
this is not equivalent to LAl or other volume-integrating This transition marked a fundamental change in terrain in

properties of canopy foliage content (Asner et al., 2005). terms of relief, slope and aspect that persisted into the
montane landscapes. Throughout the montane forests un-

der study, mean topographic slope ranged from 28.6241.8
3 Results Mean aspect varied from 122.40 189.8, with the excep-
tion of ESP-01 with a mean aspect of 246.4

W i
¥ °
/ é{
\

A p
%5 ¢
8% A
\
3

e s s S S M S > >, =V
1832m (TRU-08) 2719m (TRU-04) 2868m (ESP-01) 2990m (TRU-03) 3379m (TRU-01)

3.1 Terrain

Lidar DTMs indicated 11 landscapes with mean elevations
<223.3ma.s.l., 4 from 496.2-1712.9ma.s.l.,, and 5 from
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Table 1. Description of 25 ha landscapes mapped and analyzed in the Andes-to-Amazon corridor. Soil orders follow the US Department of
Agriculture (USDA) soil taxonomy system. Sites labeled with an astetislre those considered to be higher in soil fertility, as reported in
the literature.

Site Name Center latitude  Center longitude MAP (mm) MAT (C) Soil order
Sucusari; SUC-01 —3.2519 —72.9078 2754 26.2 Ultisol
Allpahuayo; ALP-0¥ —3.9491 —73.4346 2760 26.3 Inceptisol
Jenaro Herrera; JEN-11 —4.8781 —73.6295 2700 26.6 Ultisol
Sucusari; SUC-05 —3.2558 —72.8942 2754 26.2 Ultisol
Jenaro Herrera; JEN-12 —4.8990 —73.6276 2700 26.6 Entisol
Allpahuayo; ALP-40 —-3.9410 —73.4400 2760 26.3 Entisol
Allpahuayo; ALP-30 —3.9543 —73.4267 2760 26.3 Ultisol
Cuzco Amazonico; CUZ-03 —12.5344 —69.0539 2600 24.7 Inceptisol
Tambopata; TAM-06 —12.8385 —69.2960 2600 24.0 Inceptisol
Tambopata; TAM-09 —12.8309 —69.2843 2600 24.0 Inceptisol
Tambopata; TAM-05 —12.8303 —69.2705 2600 24.0 Ultisol
Paujil; PJL-01 —10.3250 —75.2622 5020 23.1  Ultisol
Paujil; PJL-02 —10.3300 —75.2613 5020 23.1  Ultisol
San Pedro; SPD-02 —13.0491 —71.5365 4628 18.5 Inceptisol
San Pedro; SPD-01 —13.0475 —71.5423 4341 18.5 Inceptisol
Mirador; TRU-08 —13.0702 —71.5559 4341 18.5 Entisol
Trocha Union; TRU-04 —13.1055 —71.5893 2678 13.0 Inceptisol
Esperanza; ESP-01 —13.1751 —71.5948 1705 12.5 Inceptisol
Trocha Union; TRU-03 —13.1097 —71.5995 2678 13.0 Inceptisol
Trocha Union; TRU-01 —13.1136 —71.6069 2448 8.0 Inceptisol

3.2 Canopy structure

Along the elevation gradient, forest canopy height decreasec LA ] ; : s
from a mean £SD) of 24.5+7.3m in the lowest lying : BT ULyt 3 ,.,‘f@%’ g
landscape (SUC-01) to 8295.6 m in the highest landscape - . ¢ B
(TRU-01) (Fig. 2, Table 2). Note that we masked out the river § ‘ . ok
in TAM-06 in all of our vegetation analyses (Fig. Al). Ele- §
vation accounted for 72 % of the regional variation in mean
canopy height £<0.001; RMSE=2.75m). This occurred
despite the fact that two lowland landscapes on dystrophic
white sands (JEN-12, ALP-40) harbored vegetation with lo-
cally suppressed canopy height (15.1-16.5m).

As we crossed the terrain transition from PJL-01 and PJL-
02, the canopy opened up with increased prevalence of land: g
slides at PJL-02 as well as in landscapes SPD-01 and SPD-0;
further upslope (Fig. 2). Coefficients of variation in canopy §
height increased from an average of 33.7% for all low-
land landscapes, to 43.4 % for these three sites harboring in-~
creased landslide activity. At the highest elevations, the land- ) ) ) o )
scapes contained a sparse array of tall (> 25 m) trees embe(g—'g' 2._Vegetat|on canopy_helght aft_er removing variation in terrain
ded in a matrix of shorter-statured (3-6 m) vegetation. ThisSce F19- 1) at 1.1m spatial resolution throughout forests along the

L . . ; . elevation gradient. Site names are shown in parentheses, matching
resulted in high variance of canopy height while halving of those listed in Table 1.
the mean canopy height (Table 2).

We measured all detectable canopy gaps reaching 2m
above ground level in each 25 ha landscape (Fig. 3a). The
number of gaps hd increased linearly with elevation Independent of elevation, gaps less than’Gmsize were
(p<0.05). For example, smaller gaps of <5size were  about 10 times more common than gaps of 5—#pwhich
50 % more frequent in the montane than in the lowland land-in turn, were about 10 times more common than gaps of 50—
scapes. This was true for most other gap-size classes as wefl00 n?. The gap-size frequency exponentvaried within

L

1832m (TRU-08)  2719m (TRU-04)  2868m (ESP-01) 2990m (TRU-03) 3379m (TRU-01)
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Table 2. Topographic variables for 25 ha Andes-to-Amazon landscapes measured with the CAQO lidar. Mean values for ground elevation,
slope, aspect, and canopy height are provided with standard deviations in parentheses. The canopy shape ratio is the height of peak canoy
volume (P) divided by the 99th percentile total canopy heigh)( The canopy gap size parametgy is the negative slope of the power-law
relationship between gap size and frequency.

Canopy Canopy Gap Size

Elevation Slope Aspect Height Shape Param

Site (m) (deg) (deg) (m) K:H) )
SUC-01 116.6 (6.2) 9.7(5.2) 187.9(106.8) 24.5(7.3) 0.558 1.84
ALP-01 131.0 (5.7) 8.1(6.9) 176.4(107.8) 22.5(6.8) 0.629 1.96
JEN-11 131.2 (2.4) 9.4 (7.3) 192.9(102.7) 23.7(6.3) 0.600 1.93
SUC-05 131.8 (4.9) 2.1(1.3) 173.8(101.9) 24.9(6.9) 0.595 1.81
JEN-12 134.9 (0.6) 4.6(2.9) 175.3(109.8) 16.5(6.5) 0.417 2.03
ALP-40 141.5 (1.3) 5.0 (3.7) 153.8(95.0) 15.1(6.5) 0.290 2.21
ALP-30 142.4 (6.7) 2.4(2.2) 179.1(102.6) 21.9(7.0) 0.564 1.84
CuUZz-03 204.9 (1.2) 3.0(2.2) 177.7(105.0) 24.0(9.9) 0.609 1.88
TAM-06 214.8 (4.3) 4.0(5.7) 169.4(109.1) 18.2(9.5) 0.500 1.78
TAM-09 219.2(1.8) 4.4(4.1) 192.9(100.8) 21.1(7.7) 0.548 1.80
TAM-05 223.3(2.4) 6.9(8.4) 186.2(104.9) 21.0(6.2) 0.526 1.91
PJL-01 496.2 (5.6) 6.7 (5.6) 182.3(111.3) 21.2(6.1) 0.568 1.87
PJL-02 884.1 (64.8) 31.8(9.6) 121.4(110.8) 20.8(7.7) 0.512 1.85
SPD-02  1493.9 (58.6) 39.0(10.1) 143.5(80.8) 18.4(8.4) 0.442 1.77
SPD-01  1712.9 (58.8) 40.1 (9.8) 141.9(92.3) 16.9(8.0) 0.462 1.88
TRU-08 1831.5(83.0) 41.8(10.7) 137.0(111.2) 12.1(6.0) 0.200 1.74
TRU-04 2719.1(56.5) 28.6(12.0) 189.8(119.9) 14.1(6.7) 0.091 1.73
ESP-01 2868.3(73.3) 29.5(10.2) 246.4(122.9) 9.0 (6.0) 0.115 1.79
TRU-03 2989.5(67.1) 37.6(11.8) 129.3(100.1) 12.9(6.4) 0.125 1.79
TRU-01 3379.3(67.0) 34.3(11.1) 144.3(120.8) 8.9 (5.6) 0.077 1.86

the lowlands from about 1.75 (larger disturbances) to 2.25dronounced understory layer in the 1-5 m height range. Low-
(smaller disturbances) (Fig. 3b). We found a very weak lin- statured vegetation cover further increased in the montane
landscapes, with nearly all vegetation dominating classes

ear decrease ih with elevation ®2 = 0.09, p <0.05).

Using the vertical canopy profile data from the lidar, we <10m in height (Fig. 4d). We note, however, that even the
discovered systematic changes in canopy architecture wittmontane forests contained some trees approaching and ex-
increasing elevation as well as by lowland soil type (Fig. 4). ceeding 30 m in heightP : H ratios for the montane land-

In lowland landscapes, canopies often reached heights adcapes were 0.120.05, indicating a strong groundward
40-44 m, with the bulk of the canopy volume situated 20-shift in the vertical partitioning of the vegetation in the high-
25m above ground level (Fig. 4a). We note that the TAM- est Andean Amazon forests.
09 landscape also contained a vegetation layer about 2—-3 m We further investigated the vertical layering of the vege-

above ground, associated with swamp and riparian vegetatiotation by mapping three discrete height classes or layers (1—
found along the Tambopata River. In contrast, the lowland3m, 3-5m, and 5-10m) in each 25ha landscape (Fig. 5).
landscapes on the white sands (JEN-12, ALP-40) containedlote that these maps do not simply present canopy height;
canopies reaching lower maximum heights of 32—37 m, andnstead, they are maps of canopy cover within specific ver-
with leaves more evenly distributed throughout the verticaltical strata, either beneath the overstory canopy or as low-

profile (Fig. 4b).

with elevation R?=0.68; P <0.001; RMSE=0.11) (Ta-

stature vegetation in gaps (Asner et al., 2012b). In the low-
The canopyP : H shape ratio was inversely correlated land landscapes, these maps revealed tight spatial covariance

between canopy gaps (Fig. 2) and vegetation in these short

ble 2). P : H was 0.56+ 0.04 for lowland canopies on non- height classes. For example, the two white sand landscapes
contained large patches of 1-3 m- and 3-5 m-tall vegetation
indicating a groundward shift in the vertical distribution of (yellow colors, Fig. 5). Among the sub-montane landscapes,
foliage. Canopies in the four sub-montane sites containegarticularly the three with obvious signs of landslides, veg-
trees that often exceeded 40m in height, but the verticaktation in the slide areas was 1-3m in height (red colors,
partitioning of the foliage shifted groundward in compari- Fig. 5). Additional increases in elevation up to the montane
sites resulted in large areas of each landscape dominated by

sand substrates. For sands; H declined to 0.35-0.08,

son to the lowland, non-sand landscapes (Fig. #c).H
for these sites was 0.5990.05 (Table 2). We also found a

Biogeosciences, 11, 84856, 2014

lower-statured vegetation in the 1-10 m height classes. Field
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Fig. 3. (a) Changes in mean canopy gap density with increasing
elevation for each 25 ha forest landscape. Gaps are computedto2m

above ground level (Brokaw, 1985a) in seven gap-size classes fror

<5 to >200 nf per gap(b) Changes in the gap-size frequency
scaling coefficient for each landscape along the elevation gradient.
Symbols are colored by USDA soil order; and dots within circles
indicate sites included in elevation-based regression of main text.

observations indicate that gap-colonizi@husqueabam-

boos and ferns dominate in this low-statured montane veg- &

etation. Regression analyses of these three vertical canop
layers revealed consistent linear increases in the percentag
of understory and/or low-statured vegetation cover with ele- |
vation (Fig. 6).

We also discovered consistent relationships between the

number of gaps per hectare and the percentage cover of low|
statured vegetation (Fig. 7). Specifically, we found mono- _:
tonic increases in understory cover with increasing gaps §
ha1, but at different rates depending upon gap size classes!
of 0-5n? to > 200 n?. Steeper regression slopes were com- |

puted between understory vegetation cover and elevation ing

116m (SUC-01)

142m (ALP-40)

the larger gap classes. These patterns were consistent i
the 1-3m, 3-5m, and 5-10 m understory vegetation height
classgs. Increases in the _number of gapslhlathe ,0_5 m Fig. 5. Images showing understory plant cover (presence vs. ab-
gap-size classes resulted in the slowest increase in understogénce) in 1-3m (red), 3-5m (green), and 5-10m (blue) height
plant cover. The opposite was true for the larges200 n?)
gap class.

| Red: 1-3m Green: 3-5m Blue: 5-10m |

classes. Images are arranged by elevation to match Figs. 1 and 2.
Site names match those listed in Table 1.
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O
s o S, ,
© canopies with high near-infrared (NIR) reflectance values
:’-; shown in red, and lower values in blue. The two landscapes
z containing the highly dystrophic white sand soils (JEN-12,
S ALP-40) showed larger, semi-contiguous patches of sup-
1) pressed NIR reflectance. Among three of the sub-montane
. : ; : ; . landscapes, the presence of landslides was also obvious
0 500 1000 1500 2000 2500 3000 3500 as blue linearly shaped patches (Fig. 8). Otherwise, intact
Elevation (m a.s.l.) canopies in these sub-montane areas showed generally high

NIR reflectances. The pattern changed substantially again in
Fig. 6. Changes in mean understory canopy cover along the elevathe montane landscapes, which showed decreases in NIR re-
tion gradient in(a) 1-3 m,(b) 3-5m, andc) 5-10 m height classes flectance.
from Fig. 5. Error bars indicate standard deviation of canopy cover Plotting the VSWIR-derived canopy functional properties
in each 25 ha forest landscape. Symbols are colored by USDA soihgainst elevation revealed two contrasting patterns (Fig. 9).
order. First, among lowland landscapes, the site-level mean NDVI
spanned a range of 0.87 to nearly 0.90 (Fig. 9a). Canopies
on Inceptisols (floodplains) in the lowlands had a slightly
3.3 Canopy function suppressed average NDVI as compared to canopiésron
firme Ultisols. Second, the widely varying NDVI in the low-
With the VSWIR spectrometer, we mapped canopy spectralands gave way to a systematic decrease in NDVI with in-
characteristics throughout each 25 ha landscape. Sites ESEBreasing elevation among sub-montane and montane sites
01 and TRU-01 were not imaged due to poor atmospheriqadj-R% = 0.80; r = —4.97; p <0.005). This lowland versus
conditions during overflight (Fig. 8). Inspection of the color- upland (sub-montane plus montane) NDVI pattern was re-
infrared images, each of which is histogram-matched forpeated in the measured fractional cover of photosynthetic
comparison, indicated that lowland sites contain a mix ofvegetation (PV) among the landscapes (Fig. 9b). In fact, the
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range of PV in the lowlands exceeded the monotonic de-
crease among sub-montane to montane sites, spanning neadgps hal as well as vegetation cover in the 1-5m height
3000 m of elevation gain. Both the lowland and upland PV classes.
patterns were mirrored by changes in non-photosynthetic Among canopy structural properties, height was positively
vegetation (NPV) and bare soil fractions (Fig. 9c—d). NPV correlated with shape”(: H) and negatively associated with
increased monotonically, while bare soil decreased with elegaps hal and low-statured vegetation in all size and height
vation. classes, respectively (Table 3). The gap-size frequency pa-
These changes in NDVI, PV, NPV and bare soil fractions rameter. was also negatively correlated with gaps hand

occurred despite a lack of elevation trend in the fraction ofvegetation in the 1-3 m height class. Finally, many of the
photosynthetically active radiation intercepted by the vege-gap-size classes were inter-correlated, while canopy height
tation (fIPAR). In fact, fIPAR remained nearly constant and was not related to the gap size-frequency
highly saturated at 0.98 (SD=0.01) among sites, and there
was no relationship with elevation (aétf = 0.17; p =0.10).

4 Discussion
3.4 Structure—function relationships

Very few regions of the world offer 3200 m of elevation
We computed Pearson Product Moment correlations to asehange while maintaining humid tropical forest conditions.
sess covariances between the canopy structural and fundhe gradient considered in this study provided this rare set-
tional traits (Table 3). Any relationships described here wereting to assess the role of elevational change in determin-
significant at thep <0.05 level. The NDVI was inversely ing vegetation structure, functional traits, and their interac-
correlated with NPV and bare substra®®,(and positively  tions. Although elevation was the primary independent fac-
correlated with canopy height & 0.83) and shapeK: H; tor of interest here, we also found a relationship between el-
r = 0.86). NDVI was consistently negatively correlated with evation and sloper(= 0.78; p <0.05). Moreover, we found
the number of gaps ha in all gap-size classes except for that the terrain hidden beneath the forest canopy changed in
the very largest gaps- & —0.58 to —0.82), and therefore non-linear ways: (i) landscapes below 500 ma.s.l. harbored
was also negatively correlated with percentage cover of vegmostly flat terrain; (ii) a transition occurred between 500 m
etation 1-10 m above ground level. Although canopy fIPAR and 880 m elevation from lowland to montane terrain condi-
was high and nearly saturated throughout the elevation graditions; and (iii) landscapes above 880 m to treeline bore steep
ent, it was negatively correlated with the number of canopyterrain (Fig. 1). Higher elevations are usually associated with
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Table 3. Inter-relationships among landscape-scale canopy functional and structural traits along the elevation gradient. Values are Pearson
Product Moment correlation coefficientg (vith bold font indicatingp values< 0.05.

% cover in

Number of gaps in a size class{)per ha height class (m)

NDVI PV NPV S fIPAR Height P:H Gap-size. <5 5-10 10-20 20-50 50-100 100-200=200 1-3 3-5 5-10
NDVI - 042 -058 -0.63 0.66 0.83 0.86 0.18 -0.77 -0.79 -0.74 -082 —-0.58 -0.73 -0.21 -0.68 -0.82 -0.70
PV - -097 0.75 0.21 0.45 0.53 -0.42 -0.06 -0.10 -0.06 -0.09 0.04 —-0.10 0.17 -0.13 -0.38 -0.62
NPV - —-087 010 -058 -0.66 0.23 0.28 0.31 0.28 0.31 0.17 0.32-0.05 031 053 0.67
N - 0.04 0.61 0.63 0.11 -0.55 -0.49 -0.55 -0.48 —-0.52 -061 -029 -052 -059 -057
fIPAR - 0.35 0.38 0.16 -0.64 -0.50 -0.55 -0.54 —-0.50 —-0.47 -047 -055 -0.55 -0.48
Height - 094 0.04 -082 -0.82 -0.71 -075 -0.68 -063 -035 -0.71 -0.87 -0.94
P:H - 0.13 -0.76 -085 -0.71 -0.79 —0.65 -0.65 -0.17 -0.66 -0.86 —0.90
Gap-sizen - -041 -052 -060 -055 —-0.53 -053 -0.26 -0.48 -0.25 0.16
Gap <5m? - 0.92 0.89 0.87 0.90 0.87 0.68 0.89 0.81 0.63
Gap 5-101R - 0.90 0.96 0.80 0.80 037 0.86 0.87 0.67
Gap 10-20 1R - 0.92 0.86 0.86 0.55 0.94 0.86 0.56
Gap 20-50 1A - 0.75 0.86 0.37 0.90 0.90 0.62
Gap 50-100 - 0.87 0.76 0.82 0.69 0.48
Gap 100-200 h - 0.62 0.85 0.75 0.46
Gap > 200 nf - 0.64 0.38 0.18
1-3m cover - 0.90 0.58
3-5m cover - 0.85

5-10m cover -

steeper slopes in tectonically active areas, consistent witltanopy height and a groundward shift in canopy vertical pro-
coarser resolution data for the region (e.g., Regard et alfiles. So while elevation is the regionally dominant control
2009). on canopy structural characteristics, soil fertility also plays
These threshold changes in topography were, to some exa role in creating structural diversity among a subset of low-
tent, expressed in non-systematic changes in canopy fundand forest types (Fig. 10).
tional traits. For example, we found very wide-ranging val-  Although we discovered a number of elevation-dependent
ues of NDVI, PV, NPV and bare substrate in our 25 ha studytrends in canopy characteristics, we also found coordi-
landscapes across the lowlands. Wide-ranging lowland varinated variation among many of the properties. For example,
ability then gave way to monotonic, and often less exten-canopy height and shape were highly correlated, and both
sive, changes in these functional metrics above 400 m eleef these properties were negatively related to gap density
vation (Fig. 9). Since NDVI, PV and NPV are known cor- (Table 3). Moreover, gap densities increased with elevation
relates with canopy greenness, leaf cover, and exposed noifFig. 3), while canopy height decreased with elevation (Ta-
photosynthetic vegetation, respectively (Roberts et al., 1997ble 2). In Peruvian forests, canopy height (CH) is highly
Asner et al., 2005; Gamon et al., 1995), our findings highlightcorrelated with aboveground biomass at the stand level
the strong degree to which canopy structural and functiona(0.4356 CH! 7551 R2 —0.89; p <0.001), whereas stand-
variation is linked to regional patterns of geologic, hydro- level wood density is notK? = 0.08; p = 0.16) (Asner et
logic, and soil fertility variation in the lowlands. This find- al., 2012c). Therefore, canopy height is a good surrogate for
ing may also reflect reports of widely varying community aboveground biomass along our elevation gradient. In Peru,
composition, productivity, and carbon storage throughout thel ha field plot studies indicated that aboveground biomass de-
western Amazonian lowlands (Quesada et al., 2012; Asner etreases from about 88—138 Mg CHiain the lowlands, de-
al., 2012a; Higgins et al., 2012; Aragéo et al., 2009; Girardinpending upon soil type, to about 47-66 Mg C haear tree-
et al., 2014; Carvalho et al., 2013; Tuomisto et al., 1995). line, or up to 66 % overall (Girardin et al., 2014; Huaraca
In contrast to the wide-ranging functional trait variation Huasco et al., 2014). After we convert lidar-based estimates
observed in the lowlands, variability in canopy structural of canopy height to aboveground biomass estimates using the
properties was mostly tied to changes in elevation alonePeru equations provided by Asner and Mascaro (2014), we
For example, the number of gapstaFig. 3) and the per-  obtain an elevation-dependent trend in aboveground biomass
centage cover of understory vegetation (Fig. 6) were con-stocks that is within 10 % of the plot-based estimates. Thus
sistent in the lowlands and then linearly increased to tree-our estimated decreases in aboveground biomass at the 25 ha
line. Canopy height and the canopy: H ratio also declined scale corroborate 1ha plot estimates of biomass decreases
linearly with elevation (Table 2). Moreover, we discovered with increasing elevation.
systematic changes in the vertical distribution of plant tis- Field studies also suggest that NPP decreases with increas-
sues in lowland to sub-montane, and to montane forest ening elevation in the Andes-to-Amazon corridor (Girardin et
vironments (Fig. 4). Exceptions to these rules were found inal., 2010; Moser et al., 2011), and this may be reflected in
the two highly dystrophic, white sand landscapes in northerrthe observed NDVI decreases at higher elevations (Fig. 9a).
Peru (JEN-12, ALP-40), which harbored locally suppressedTraditionally, the NDVI has been linked to light absorption,
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v distribution of growth and mortality at much broader ecolog-
ical scales than can be achieved with field plots.

Our results provide insight into the relationship between
gap formation patterns and understory plant cover. Under-
story cover increases with elevation (Fig. 10). This trend is
driven by increases in gap density, but at differential rates de-
pending upon gap size and vegetation height (Fig. 7). It takes
about 25-30 times the number of 0-5 gaps to produce un-
derstory responses created in a single 20-20gap. These
results suggest a strong limiting role of low light availabil-
ity on understory plant cover in forests spanning the low-

Decreasing land Amazon to the Andean treeline. Although this issue
SEZ;Z”r‘;L‘g'(g;‘L) is already well appreciated in the tropical forest literature
; (Denslow, 1987; Lawton, 1990), quantification of light re-
sponse thresholds have remained elusive due to the imprac-
ticalities of field measurements in highly heterogeneous un-

Andean
Treeline

Increasing
Gaps ha't,
% understory cover

High- derstory light environments (Chazdon, 1988). Here we show
Fertility Amazon Lowlands Fertility that, for western Amazonian forests, gaps larger tharf 5m
> are associated with the largest understory plant cover values.

Decreasing NDVI and PV; Increasing NPV, CH, P:H X .
Independent of gap size or density, the percentage cover of

Fig. 10. Summary of results presented in the study: as elevationunderstory plants never exceeds 8 % per hectare for 1-3m-
increases from the Amazon lowlands to Andean treeline, the for-or 3—5 m-tall plants, while it often reaches but does not ex-
est canopy undergoes increases in canopy gap density and undeteed 14 % per hectare for plants of 5-10 m in height. These
story plant cover, while canopy height and shape raio {/) de-  estimates provide the first constraints on models of distur-

crease. Functional trait metrics of NDVI and fractional PV cover pance demography and ecosystem processes in Amazonian
decrease, while fractional NPV cover increases, from low-fertility forests of widely varying structure and composition
sites in the lowlands to Andean treeline. A similar trend occurs from A oo v Aa-0n corridor remains virtually unex-

low- to high-fertility lowland sites. Additionally, canopy height and L - .
the shapg ratio inzrease from low- to high-fgrtility sri)t):es w?thin the plc_)red sc!gntlflcally. Wlt.h thousg nds of val!eys, diverse te.r-
lowlands. rain conditions, and variable soils, there exists a vast frontier
still to be unravelled. Tropical elevation studies have tradi-
tionally relied upon field plots that are distributed in sparse
among other canopy factors (Hatfield, 1984; Goward andpatterns on highly variable terrain. Although plot-based stud-
Huemmrich, 1992; Sellers et al., 1995; Myneni et al., 1997).ies are key to understanding ecological processes such as
However, we found that fractional intercepted PAR, or fl- productivity and biogeochemical fluxes, field measurements
PAR, was saturated and nearly constant among the twentgf canopy structural and functional traits are extremely hard
25 ha landscapes throughout our gradient, so it is unlikelyto obtain, resulting in limited methods to extend plot-based
that the NDVI is simply tracking photosynthetically active measurements to larger ecological scales. Using new air-
light absorption. Instead, we found that, as elevation in-borne remote measurement techniques, we reported a first
creases, the NDVI decreases while gap density increases (Tanalysis of landscape-scale canopy functional and structural
ble 3). We thus hypothesize that the NDVI is suppressed atraits along an Andes-to-Amazon elevation gradient. Inte-
higher elevations due to slower gap closure rates associategrated hyperspectral and lidar measurements allowed us to
with suppressed NPP. draw conclusions on the way elevation, terrain and soils af-
Although aboveground biomass and NDVI decrease withfect the three-dimensional forest habitat and its dynamics.
increasing elevation, we computed a near-constant gapOur results are a step toward unravelling structural and func-
size scaling parametér throughout the elevation gradient tional composition in one of the most biologically diverse
(Fig. 3).1 is a quantitative index often used to compare andregions of our planet.
contrast biomass turnover rates in tropical forests (Gloor et
al., 2009; Asner et al., 2013; Chambers et al., 2013). Our re-
sults thus suggest that turnover rates are relatively constarE

when ascending from the lowlands into the montane. Not cknowledgementsVe thank T. Kennedy-Bowdoin and other
9 ) team members for assistance with data processing. This study was

only would this corroborate_prev_lous plot-based SIUd'eS.Ofsupported by the John D. and Catherine T. MacArthur Foundation
nearly constant turnover (Girardin et al., 2010), they pointang the endowment of the Carnegie Institution for Science. The
out the potential value of airborne remote sensing for gap-carnegie Airborne Observatory is made possible by the Avatar
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