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Introduction
Increases in atmospheric concentrations of CO2 and 

other greenhouse gases (GHGs) are projected to cause 
global average surface temperatures to rise 1.4 - 5.8 
ºC over the next 100 years, which is rapid compared 
with climatic changes Earth has previously undergone 
(IPCC, 2001). Land-atmosphere carbon (C) fluxes are 
the most uncertain ones in the global atmospheric C 
budget, adding uncertainty to estimates of future levels 
and impacts of atmospheric GHGs (Prentice and others 
2001; Houghton, 2003). Forest soils and woody biomass 
hold most of the carbon present in Earth’s terrestrial 
biomes. Land-use change, mainly forest burning, har-
vest, or clearing for agriculture, may compose 15 to 40 
percent of annual human-caused emissions of C to the 

atmosphere. Terrestrial ecosystems may absorb nearly 
as much C annually, with forest growth and expansion 
most important. Consequently, the levels, mechanisms 
and spatial distribution of forest land-atmosphere C 
fluxes are an important focus for reducing uncertainties 
in the global C budget (Fan and others 1998; Holland 
and others 1999; Pacala and others 2001; Schimel and 
others 2001). Spatially extensive data on forest C pools 
and net fluxes can parameterize and validate atmospheric 
and ecosystem models and quantify C fluxes from land-
use change, which dominates land-atmosphere fluxes 
over longer periods. Such data are also necessary to 
monitor the differential impacts on forest ecosystems 
of global changes like increases in atmospheric CO2, 
temperatures, nitrogen deposition, solar radiation, or 
cloud heights (Braswell and others 1997; Potter, 1999; 
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Pacala and others 2001; Schimel and others 2001; 
Houghton, 2003).

Forest C budgets in the Amazon river basin, the focus 
region of this study, are globally significant. Annual C 
fluxes from forest burning, clearing and regrowth in the 
Brazilian Amazon alone may vary from a net atmospheric 
C sink to a net source of about 0.2 Pg C yr –1, and log-
ging in the region may add 5-10 percent to this estimate 
(Nepstad and others 1999; Houghton and others 2000). A 
further complication is that undisturbed forests appear to 
vary annually from a net C source to a sink (Saleska and 
others 2003). A net source of 0.2 Pg C yr-1 is equivalent 
to 6 to 12 percent of net C release via land-use change 
of 2.2 ± 0.8 Pg C yr-1 (Fan and others 1998; Pacala and 
others 2001). It also amounts to about 3 percent of the 
6.3 ± 0.4 Pg C yr-1 of annual C emissions from fossil 
fuel burning and cement production during the 1990s. 
Yet estimates of forest C pools and fluxes in the region 
vary widely, and extensively-based estimates of forest 
biomass are probably more accurate than scaling from 
intensive ones (Houghton and others 2001; Saleska and 
others 2003). Although ground-based inventory of forest 
C pools is expensive, forest reflectance saturates space-
based passive remote sensors at relatively low levels 
of aboveground biomass (Steininger, 2000; Foody and 
others 2003). Light detection and ranging (lidar) from 
satellites may, however, permit precisely located, global 
inventories of forest C pools in the near future. Accurate 
forest biomass estimates are possible with continuous 
return laser systems by combining waveform-measured 
height estimates with waveform-derived canopy-height 
profiles (Drake and others 2002; Lefsky and others 
2002).

The Geoscience Laser Altimeter System (GLAS) is a 
lidar instrument that was launched aboard the Ice, Cloud, 
and Land Elevation satellite (ICESat) on January 12, 
2003. The GLAS laser transmits short pulses (4 nano 
seconds) of infrared light (1064 nanometers wavelength) 
and visible green light (532 nanometers). Waveform 
returns are digitized at 15-cm intervals. As originally 
designed, laser pulses at 40 times per second illuminate 
70-m diameter footprints that are spaced at 170-meter 
intervals along Earth’s surface. Problems with the second 
laser have resulted in elliptical laser footprints of about 
50 x 120 m (ICESat Land Working Group, 2004).

The goals of this study are to assess whether GLAS 
data have potential for monitoring forest structure across 
Amazonia and whether proportional forest cover may 
help scale GLAS-measured forest C storage from isolated 
waveforms to maps. Excellent evidence exists for cross-
biome relationships that scale laser waveforms to forest 
biomass (Lefsky and others 2004). However, globally- 
derived and validated biomass-waveform relationships 

are not yet available. Consequently, in this paper we ad-
dress only forest canopy height. Secondly, we estimate 
mapping models that relate existing geospatial datasets, 
like maps of proportional tree cover, to waveform height, 
as a rough proxy for forest C storage over an area. Thirdly, 
we explore the relationship between lidar-derived canopy 
height in Rondonia, Brazil and second growth forest 
as identified with Landsat data from multiple years. 
Excellent evidence exists for cross-biome relationships 
that scale laser waveforms to forest biomass (Lefsky and 
others 2004). However, globally-derived and validated 
biomass-waveform relationships are not yet available.

Consequently, in this paper we quantify only forest 
canopy height and mean vegetation height of partially 
forested land.

Methods

Lidar Waveforms and Processing
A geographic information system (GIS) coverage of 

Amazon basin boundaries (Mayorga and others 2002) 
subset GLAS waveforms collected over the region to 
those located within the river basin. For the basin-wide 
analysis, we sampled a subset of all waveforms avail-
able. Waveform processing began with characterizing 
background noise, which is the power that instrument 
noise and ambient light contribute to laser returns. 
Because background noise precedes and follows surface 
returns, its power values are the most common ones in 
any waveform. Consequently, fitting a Gaussian model 
to a histogram of power values for each waveform ef-
fectively determines a waveform-specific distribution of 
background noise, which yields the background noise 
mean and standard deviation. Multiplying the standard 
deviation of the background noise by a constant, in this 
case 5, and adding the mean noise level, estimates maxi-
mum noise level. Subtracting this maximum noise level 
from each waveform, and setting any resulting negative 
values to zero, yields a waveform of surface returns.

Both the intended and effective footprint sizes of 
GLAS waveforms are large enough to cause positive 
bias in estimates of forest canopy height on sloping land. 
Regressions to correct for this bias related waveform 
widths over presumably bare land to locationally cor-
respondent slope indices for each study region:
	 widths = a(slope index) + b	 (1)

In Equation 1, widths is the fifth percentile of the 
range of waveform widths that occurs for each slope 
index value, which was assumed to indicate relatively 
bare land. All other waveform widths for a given slope 
index were assumed to have vegetation or other land 
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cover above ground elevation and eliminated from the 
regression. Slope index is the maximum difference 
among all elevations in a 90-m window surrounding 
each waveform, which is a 3x3-pixel window for 30-m 
elevation data. The variables a and b are the regression 
slope and intercept, respectively. Elevation data derived 
from the Shuttle Radar Topography Mission (SRTM). 
Because the minimum available resolution of SRTM 
data outside the U.S. is 90 m, one-third of the maximum 
difference among pixels in the 270-m window surround-
ing each waveform center estimated an equivalent 90-m 
slope index. The resulting regression models for each 
study region calibrated waveform widths to remove any 
slope-related contribution. Corrected waveform width, 
widthi, was calculated from the processed waveform 
width (width) as follows:
	 widthi = width – widths	 (2)

Mapping Models for Forest Canopy 
Height

We used multiple regression to estimate mapping 
models that relate GLAS waveform-widths, which are 
average heights from forested and non-forested lands 
for each footprint, to spatially continuous data. The 
mapped data included 1) percent tree cover at 500-m 
resolution derived from Moderate Resolution Imaging 
Spectroradiometer (MODIS) imagery (Hansen and others 
2003), 2) elevation from SRTM digital elevation models, 
and 3) for the Brazilian Amazon only, generalized soil 
type (EMPRABA, 1981). We assumed that such map-
ping models might be applied to lands with at least 20 
percent tree cover.

Forest Age and GLAS-Derived Canopy 
Height

Land-cover maps for three adjacent time series of 
Landsat scenes over southwestern Amazonia (Rondonia, 
Brazil) (Roberts and others 1998; Roberts and others 
2003) provided source data to evaluate canopy heights 
of secondary forest of various ages. Each single date of 
land-cover classification distinguished between second 
growth forest and closed upland forest that presumably 
was uncut and mostly old growth. The data had a 30-m 
pixel size. Spatial overlays for each time series yielded 
land cover maps of closed upland forest and median 
age of second growth forest for the most recent date of 
Landsat imagery. Where time between Landsat scenes 
in a time series was more than one year, the interval 
midpoints were used in estimating age of second growth 
forest. The earliest dates for the three scene footprints 
were 1975, 1978 and 1986. The most recent dates were 

1998 or 1999, which is about four years earlier than the 
dates of the GLAS waveforms. After using each time 
series to map old-growth forest and secondary forest age, 
we mosiacked the three scenes. Recoding all secondary 
forest to one class and all non-forest to a third class, and 
mapping the standard deviations of class values over 
90-m windows surrounding each pixel, permitted us 
to identify secondary forest pixels that were only sur-
rounded by other secondary forest pixels. For each such 
pixel, we then calculated an average forest age from 
the median forest ages over 90-m windows. We then 
determined which of these secondary forest pixels were 
locationally correspondent with the center coordinates of 
GLAS waveforms and used linear regression to examine 
the relationship between lidar-derived canopy height and 
secondary forest age.

Results

Amazon River Basin Closed Forest 
Canopy Heights

Over the entire Amazon river basin, on those lands 
with at least 75 percent tree cover, lidar-measured canopy 
heights average 30.48 ± 0.35 m (N = 2127) (table 1), and 
90 percent of measurements range from 14.08 to 42.23 
m. Lands with at least 60 percent tree cover over this 
same extent have average canopy heights of 29.69 ± 0.10 
m (N=2734), with 90 percent of measurements ranging 
from 11.68 to 42.12 m. The distribution of canopy heights 
(figure 1) for closed forest canopies in the basin is slightly 
skewed toward taller heights; 50 percent of stands have 
a mean canopy height between about 25 and 35 m.

Mapping Models for Average Canopy 
Height

Amazon River-wide, percent tree cover and SRTM-
derived elevation relate to strongly to lidar height 
measurements for all lands with at least 20 percent tree 
cover, explaining 36 percent of variation in a highly 
significant relationship. The same variables explain 
somewhat more variation, 43 percent, in lidar heights 
over the Brazilian Amazon (table 2). Adding soil type to 
elevation and tree cover as explanatory values for height 
over the Brazilian Amazon improved the predictive 
model slightly, to an R-square of 47 percent. A one-way 
analysis of variance (ANOVA) suggests that where tree 
cover is at least 60 percent, forest on podzols (spodosols) 
(Beinroth, 1975) is significantly shorter than closed forest 
on other soil types (table 3). Where tree cover is at least 
75 percent, canopy height on podzols is only significantly 
shorter than certain soil types, including alluvial soils, 
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Table 1. Summary statistics for lidar-derived canopy height, SRTM-derived elevation and tree cover for lands 
in the Amazon River basin with at least 60 percent or 75 percent tree cover and height at least 2 m.

	 Waveform height	 Elevation	 Tree cover
	 meters	 meters	 percent

Tree cover at least 75%, N = 2127
Mean	3 0.448	191 .6	 82.8
Standard deviation	 8.160	1 70.5	 4.2
Range	 2.083 – 46.350	 4 – 3085	 75 – 100
			 
Tree cover at least 60%, N = 2734
Mean	 29.687	19 8.1	 80.9
Standard deviation	 8.750	19 0.4	 6.2
Range	 2.050 – 46.350	1  - 3085	 60 – 100

Figure 1. Frequency distribution of forest canopy heights over the 
Amazon River basin where tree cover is at least 75 percent and 
height is at least 2 m. Horizontal axis gives midpoint of heights 
for each bin.

Table 2. Relationships predicting height from tree cover, SRTM-derived elevation, or soil 
type for lands with at least 20% tree cover.

Multiple Regression Mapping Model	 N	 R-square	 p-value

Amazon River Basin-wide

1. HEIGHT = 1.60* + 0.350*** TREECOV + 	 3828	 0.36	 < 0.0001 
0.00238 ELEV* – 0.0000738***  
TREECOV x ELEV

Brazilian Amazon
2. HEIGHT = 1.87* + 0.354*** TREECOV + 	 2892	 0.43	 < 0.0001 
0.00420 ELEV* – 0.000154***  
TREECOV x ELEV
3. HEIGHT = -6.22*** + 0.336*** TREECOV + 	 2886	 0.47	 <0.0001 
14E-5*** TREECOV x  
ELEV + mSOILi2

1 Asterisks indicate probabilities of erroneously rejecting the null hypothesis that coefficient estimates 
are zero, based on a two-sided t-distribution, ***p<0.0005, **p<0.005, *p<0.05.

2 Coefficients for each soil type are given in table 3. All but four soil types had coefficient estimates 
that were significant at p<0.0001.



806	 USDA Forest Service Proceedings RMRS-P-42CD.  2006.

cambisols (inceptisols), latosols (oxisols), podzolic soils 
(ultisols) and lithosols (entisols). Where tree cover is at 
least 75 percent, the tallest forest canopies occur on al-
luvial soils and cambisols (table 4).

Age of Second Growth Forest and 
Lidar-Derived Canopy Heights

After excluding areas of mixed land cover in 90-m 
windows, secondary forest age in 1998-99 was signifi-
cantly related to lidar-derived height in 2003 (p < 0.005) 
(figure 2). The relationship between median age of sec-
ond growth forest in 1998-99 and lidar-derived canopy 
height in 2003 is Log10(age) = 0.349 + 0.0161(height) 
(R-square = 0.40, N = 22, p < 0.005). Assuming that all 

second growth forest was 4 yr older in 2003, the follow-
ing equation results: Log10(age) = 0.778

+ 0.0905(height) (R-square = 0.39, N = 22, p < 
0.005).

Discussion
Canopy height measurements from GLAS agree with 

previous ground-based studies in the Amazon region. In 
Paragominas, Pará, Brazil, upland seasonal evergreen 
old-growth forest on latosols (oxisols) and podzolic soils 
(ultisols), the most common soil types in the region, are 
2535 m tall (Uhl and others 1988). They correspond well 
with the average closed canopy height of about 30 m from 

Table 3. Significant coefficient estimates for soil types in equation 3 of table 2.

Class No.	 Generalized soil type	 U.S. Soil Taxonomy1	 Coefficient ± one standard error2

1	 Alluvial soils	 -	 11.5 ± 2.2***
3	 Cambisols	 Inceptisols	 14.4 ± 1.7***
5	 Hydromorphic, lateriric soils	 -	 6.4 ± 1.4***
6	 Gley soils	 Inceptisols	 6 ± 1.5***
9	 Latosols	 Oxisols	 10.3 ± 1.2***
11	 Podzolic soils	 Ultisols	 10.3 ± 1.3***
12	 Deep sand soils	 Entisols	 9.4 ± 1.5***
13	 Lithosols	 Entisols	 9.4 ± 1.4***
17	 Planosols	 Mollisols	 8 ± 2.7**
19	 Podzols	 Spodosols	 8.3 ± 1.6***

1 Beinroth (1975) compares the Brazilian soil classification with that of the U.S. The summary does not explicitly relate 
hydromorphic and alluvial soils to any single U.S. soil order.

2 Astersiks indicate probabilities of erroneously rejecting the null hypothesis that coefficient estimates are zero, based on a 
two-sided t-distribution, ***p<0.0005, **p<0.005, *p<0.05.

Table 4. Mean canopy heights (m) and lidar-derived elevations (m) for various soil types in the Brazilian Amazon.

Class 	 Generalized 	 Mean 	 	 Mean 	 Significantly 	 Standard 	 Range 
No.	 Soil Type	 Elevation (m)	 N	 Height (m)	 different from	 Deviation (m)	 (m)

Tree cover at least 75%
1	 Alluvial soils	1 7.461	13	35  .394	19	  4.215	 29.5 - 43.4
3	 Cambisols	3 75.530	9	35  .744	19	9  .878	1 2.2 - 45.5
5	 Hydromorphic, lateriric soils	 41.924	 55	 28.556	 None	 6.667	 8.4 - 38.9
6	 Gley soils	 33.168	 60	 28.824	 None	 8.352	 0.8 - 43.9
9	 Latosols	 122.443	 767	 30.809	 19	 8.155	 1.3 - 45.6
11	 Podzolic soils	 184.425	 383	 29.732	 19	 8.653	 0.2 - 46.4
12	 Deep sand soils	 246.671	3 4	 28.985	 None	 7.356	1 4.7 - 43.1
13	 Lithosols	 240.907	 66	 30.779	 None	 8.637	 1.7 - 45.2
19	 Podzols	 28.756	 31	 24.359	 1,3,9,11	 6.076	 11.5 - 38

Tree cover at least 60%
1	 Alluvial soils	 17.772	 15	 34.983	 6, 19	 4.088	 29.5 - 43.4
3	 Cambisols	591 .898	 20	 28.603	19	1  2.248	 4.2 - 45.5
5	 Hydromorphic, lateriric soils	 41.897	 66	 27.849	 11,6,9,19	 7.701	 4.5 - 41.8
6	 Gley soils	 33.764	 84	 26.608	 6,19	 8.912	 0.8 - 43.9
9	 Latosols	 126.529	 1000	 30.192	 19	 8.887	 0.8 - 45.9
11	 Podzolic soils	 193.912	 467	 28.968	 19	 8.992	 0.2 - 46.4
12	 Deep sand soils	 256.012	 43	 27.027	19	  8.366	 7 - 43.1
13	 Lithosols	 250.976	 79	 30.342	 19	 8.458	 1.7 - 45.2
19	 Podzols	 27.416	 40	 20.625	 All	 8.912	 5 - 38
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GLAS measurements and a distribution of canopy heights 
in which 50 percent of measurements range from 25-35 m. 
The average canopy height of forest on podzols (spodo-
sols) of 24 m, with 90 percent of measurements between 
12 and 33 m, also corresponds well with forest height 
observed on those soils of 20-30 m for Caatinga forest 
and 5-10 m for Bana forest (Kauffman and others 1988).

Regression-based mapping models relating GLAS-
derived mean canopy heights to data from maps of tree 
cover and elevation explain 36 to 47 percent of observed 
variation in waveform widths over the Amazon basin 
and the Brazilian Amazon. Insofar as GLAS-derived 
mean heights over lands with 20 percent or more tree 
cover serve as a proxy for forest-related C storage over 
a given 500m pixel, the geospatial layers that we used 
can contribute to scaling estimates of forest C storage 
globally. Based on results in the Brazilian Amazon, 
global geospatial data on soil types might further improve 
such mapping models. Identifying soil type with the less 
generalize 70- or 249class versions of the Brazilian soils 
map might also enable soil type to explain more of the 
variability in waveform width. Clay content of terra firme 
forest latosols, which is related to several soils fertility 
parameters, explained one-third of the variability in bio-
mass of those forests (Laurance and others 1999).

Finally, the significance of the relationship between 
second growth forest age in 1998-99 and GLAS-derived 
canopy heights in 2003 demonstrates that GLAS data 
are sensitive to age-related differences in forest canopy 
height. This result provides further evidence that GLAS 
waveforms can contribute to global inventories of forest 
C pools.

Conclusions
Apparently valid height estimates of closed forest 

canopies are derivable from GLAS waveforms for both 

the Amazon River basin and by generalized soil type for 
the Brazilian Amazon. In addition, maps of proportional 
tree cover, elevation, and soils are likely to contribute 
to scaling GLAS-based estimates of forest C pools to 
spatially continuous data.
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