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Abstract

Tropical secondary forests (TSF) are a global carbon sink of 1.6 Pg C/year. However,

TSF carbon uptake is estimated using chronosequence studies that assume differ-

ently aged forests can be used to predict change in aboveground biomass density

(AGBD) over time. We tested this assumption using two airborne lidar datasets sep-

arated by 11.5 years over a Neotropical landscape. Using data from 1998, we pre-

dicted canopy height and AGBD within 1.1 and 10.3% of observations in 2009,

with higher accuracy for forest height than AGBD and for older TSFs in comparison

to younger ones. This result indicates that the space-for-time assumption is robust

at the landscape-scale. However, since lidar measurements of secondary tropical

forest are rare, we used the 1998 lidar dataset to test how well plot-based studies

quantify the mean TSF height and biomass in a landscape. We found that the sam-

ple area required to produce estimates of height or AGBD close to the landscape

mean is larger than the typical area sampled in secondary forest chronosequence

studies. For example, estimating AGBD within 10% of the landscape mean requires

more than thirty 0.1 ha plots per age class, and more total area for larger plots. We

conclude that under-sampling in ground-based studies may introduce error into esti-

mations of the TSF carbon sink, and that this error can be reduced by more exten-

sive use of lidar measurements.
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1 | INTRODUCTION

Tropical secondary forests (TSF) are increasing in area and account

for as much as 59% of all tropical forests (FAO 2015), and recent

estimates suggest they are a carbon sink of around 1.6 Pg C/year

(Pan et al., 2011). Both numbers are likely to increase in the coming

decades (Chazdon, 2014). Secondary succession in tropical forests

takes decades to occur, and thus understanding the trajectory of

recovery is rarely studied in real time. Rather, predictions of changes

in forest height and aboveground biomass density (AGBD) are based

on chronosequence studies that substitute space for time, that is,

use contemporaneous forests of different ages to quantify change

over time (Aide, Zimmerman, Pascarella, Rivera, & Marcano Vega,

2000; Becknell & Powers 2014; Johnson & Miyanishi, 2008; Letcher

& Chazdon, 2009). Thus, our understanding of the TSF carbon sink,

as well as predicted forest structural changes, depends on the valid-

ity of the assumption that space-for-time substitutions can accu-

rately and precisely predict AGBD change.

Until recently, testing this assumption has been infeasible

because repeated measurements of regenerating forests over large

areas have not been available. Some TSF plots have been surveyed

over multiple years (Rozendaal & Chazdon, 2015; Rozendaal et al.,
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2017), but the effort involved means that the sample sizes for such

studies are small. Furthermore, if the goal of chronosequence studies

is to estimate the landscape distribution of forest recovery, repeated

measures of plots may not be adequate if the chosen plot is not rep-

resentative of the true (unquantified) landscape distribution. In the

absence of decades long studies at the landscape-scale, we do not

know whether it is reasonable to assume, for example, that a 10-

year-old forest will grow, in the coming decade, to resemble an adja-

cent 20-year-old forest. A second concern is that the reality of

working in secondary-forest landscapes can preclude random sam-

pling and sufficient replication to characterize the mean state of dif-

ferent forest ages. Regenerating TSF landscapes are comprised of

small patches of differing stand ages that make large plots difficult

to locate and replicate (Chazdon, 2003).

Despite these limitations, data from existing TSF suggest rapid

accumulation of AGBD early in secondary succession, reaching 90%

of old-growth forest AGBD in 66 years on average in the Neotropics

(Poorter et al., 2016). However, within the Neotropics, secondary

forest AGBD in 20-year-old forests varies by more than an order of

magnitude, from 25 to 200 Mg/ha with outliers as high as 500 Mg/

ha (Poorter et al., 2016). Annual precipitation explains some of this

variation, as wetter forests accumulate AGBD faster, but substantial

variation remains even among sites with little variation in precipita-

tion (Aide et al., 2000; Becknell & Powers, 2014; Letcher & Chaz-

don, 2009). This variation in AGBD may be due to differences in

tree communities, soils, or land-use history (Chazdon, 2003; Ken-

nard, 2002; Lasky et al., 2014). It is also possible that they result

from stochastic processes such as weather or disturbance (Arroyo-

Rodr�ıguez et al., 2015; Norden et al., 2015). Finally, it may be that

the typical sampling effort to quantify AGBD is insufficient to cap-

ture the true distribution in heterogeneous TSF landscapes. For

example, in mature tropical forest, Marvin et al. (2014) suggest that

at least 10 ha of total sample area is needed to estimate AGBD

within 90% of the landscape mean. More broadly, efforts to test

chronosequences find that their predictions are not always borne

out (Feldpausch, da Conceicao Prates-Clark, Fernandes, & Riha,

2007; Johnson & Miyanishi, 2008; Maza-Villalobos, Balvanera, &

Mart�ınez-Ramos, 2011; Mora et al., 2014). However, it is not clear

whether discrepancies between chronosequence predictions and

observations over time are because the predictions are flawed, tra-

jectories of TSF succession are inherently unpredictable, and a larger

sample is needed to obtain a better estimate of forest trajectories,

or some combination of these factors.

These results raise questions of global relevance. Should we

expect rapid AGBD accumulation across most TSFs in the coming

decades? Or will there be large variance among regions? Is the rate

of AGBD accumulation in a particular TSF landscape more likely to

follow the Neotropical mean path or one elucidated by a particular

plot-based chronosequence from that landscape? Finding the ecolog-

ical drivers of the variation in forest recovery will help to answer

these questions. But finding those drivers will be challenging if part

or most of the variation is the result of a violation of the assump-

tions embedded in chronosequence-based predictions (Johnson &

Miyanishi, 2008) or if sample sizes among studies of TSF succession

are insufficient (Getzin, Fischer, Knapp, & Huth, 2017; Marvin et al.,

2014; Poorter et al., 2016).

In this context, we asked whether predictions from chronose-

quences are robust when evaluated using repeated landscape-scale

measurements from airborne lidar in a Neotropical secondary forest

around La Selva Biological Station in the Atlantic lowlands of Costa

Rica. We used airborne lidar collected in 1998 over forests of differ-

ent ages (0–10, 11–20, 21–30 years) to predict the change in forest

height and AGBD. We tested these predictions 11.5 years later

using data from a second airborne lidar survey, enabling a direct,

landscape-scale test of space-for-time assumption that underlies all

chronosequence studies. Since repeated lidar surveys are still rare in

the tropics, we also used these data to ask whether sampling typical

of TSF chronosequence studies is likely to produce estimates of

mean height and AGBD that are close to the landscape mean. We

do this by repeatedly taking plot-sized samples of lidar data and

comparing the simulated plot means to estimates of the landscape

mean from airborne lidar.

2 | MATERIALS AND METHODS

The study was conducted in tropical wet forest at La Selva Biological

Station in the Atlantic lowlands of Costa Rica (Figure 1). The site is

41–142 m above sea level and receives 4 m of precipitation

Old growth

1 - 10

11 - 20

21 - 30 1 km

La Selva

F IGURE 1 Map of La Selva Biological Station in Northeastern
Costa Rica (inset). Circles represent Land Vegetation and Ice Sensor
(LVIS) footprints in forests of different age classes in 1998. Orange,
blue, and black circles are in secondary forest. Green circles are in
old-growth forest. Areas with no circles either have no LVIS
footprints or were excluded because they were in experimental
areas, former plantations, or selectively logged forest

934 | BECKNELL ET AL.



annually. The study area includes both old-growth (778 ha) and sec-

ondary forests (340 ha), the latter mostly on low-lying alluvial ter-

races, and the former on both alluvial terraces and upland Oxisols.

Mean annual temperature is 26°C and rainfall exceeds 200 mm in

every month. A detailed site description is in McDade, Bawa,

Hespenheide, and Hartshorn (1993).

2.1 | Mapping forest age

We determined the age of secondary forest using a time series of

aerial photos acquired in 1966, 1971, 1976, 1983, 1988, and 2005

and expert knowledge of local land-use history. We georeferenced

aerial photos and manually digitized forest and non-forest areas. For-

ests were defined as areas with ≥50% tree cover with a minimum

mapping unit of 0.25 ha. This classification produced a time series of

secondary forest areas with known dates of origination. We classi-

fied each area using four age classes: 1–10 years, 11–20 years, 21–

30 years, and old-growth forest, where age classes represent status

in 1998. We used the land-cover map in Kellner, Clark, and Hofton

(2009) to identify and exclude riparian areas, selectively logged

areas, developed areas, experimental plots, and forest plantations.

2.2 | Airborne lidar data

We used data from two lidar sensors collected 11.5 years apart to

quantify canopy height changes and AGBD. In March 1998, NASA’s

Land Vegetation and Ice Sensor (LVIS) large-footprint waveform lidar

instrument collected data from an altitude of 8 km, which produced

nominal footprint diameters of 25 m at ground level. The LVIS sen-

sor digitizes the vertical distribution of intercepted surfaces illumi-

nated within every laser footprint. Each waveform was sampled

using 0.3 m vertical bins and geographically projected relative to the

WGS1984 ellipsoid using the International Terrestrial Reference

Frame. We re-projected the LVIS data into UTM zone 16 N. In

September 2009, a small footprint commercial lidar (discrete return

lidar—DRL) was used to collect measurements over the same area.

We describe our method for comparing these two datasets below.

2.3 | Simulating waveform lidar data from DRL data

Throughout our analysis, we describe analyses based on recorded

LVIS waveforms and simulated waveforms derived from DRL. We

use the term “waveform” to refer to recorded LVIS waveforms. We

adopt the terminology of Blair and Hofton (1999) and refer to simu-

lated waveforms derived from DRL as “pseudo-waveforms.” The

2009 DRL data were collected by an Optech 3100EA lidar sensor in

September, 2009, from an altitude of 1.5 km, resulting in a mean

point density of 3.5 per m2 (Neumann, Saatchi, & Clark, 2012; TEAM

Network 2009). DRL sensors typically produce a small laser footprint

of up to a few tens of cm in diameter. These sensors use proprietary

algorithms to determine and record a number of discrete ranges

from the returned laser energy to produce a point cloud. Although

some commercial lidar sensors record the entire distribution of

returned laser energy (the waveform), the full waveform is normally

not retained. This sensor recorded up to four discrete returns for

every emitted laser pulse. Maps of canopy height, forest structure,

and AGBD derived from lidar data at this site are available in Drake,

Dubayah, Clark, and Knox (2002), Neumann et al. (2012), Dubayah

et al. (2010), and Thomas, Kellner, Clark, and Peart (2013).

We chose to compare these particular datasets because, to our

knowledge, this is the longest time interval between two lidar mea-

surements of secondary forest anywhere in the tropics. However,

small-footprint DRL and large-footprint waveform measurements are

not directly comparable without additional processing. Fortunately,

DRL measurements closely match waveforms recorded by LVIS

when the LVIS pulse width and along-beam pulse length are applied

to the DRL point cloud (Blair & Hofton, 1999). We used this

approach to produce pseudo-waveforms from the 2009 lidar data

that can be directly compared with LVIS waveforms (Figure 2).

The equation for a pseudo-waveform, y, is:

y zð Þ ¼
Xm

i¼1

Xn

j¼1

e�d2j =2r
2
f e� zi�hjð Þ2=2r2

p (1)

The equation contains kernels for two Gaussian distributions,

which represent the distribution of intensity along or across the

beam path, with half-widths of rf = 0.6893 and rp = 6.25 m,

respectively (Blair & Hofton, 1999). Nominal footprint diameter is

4rp = 25 m. The summations are over m vertical elevation bins at

which the pseudo-waveform is sampled, and n reflective surfaces

(DRL points) within the waveform footprint. zi is the elevation of the

ith vertical bin, and hj is the elevation of the jth DRL point within

the footprint of the pseudo-waveform. The variable d2j is the

squared horizontal distance in meters between each DRL point and

the center of the pseudo-waveform.

2.4 | Correcting for vertical and horizontal offsets
between lidar datasets

For the LVIS waveforms from 1998 and pseudo-waveforms from the

2009 DRL data to be comparable, we had to identify and correct

vertical or horizontal offsets between the two datasets. We quanti-

fied the Easting and Northing offset between the 1998 and 2009

lidar data sources using “bullseye plots” (Blair & Hofton, 1999). The

method works by choosing a random sample of 1,000 LVIS wave-

forms in old-growth forest, and then produces pseudo-waveforms

from the 2009 DRL data using Equation (1) at the same Easting and

Northing locations. We then computed the correlation coefficient

between each pseudo- and recorded waveform, and stored the mean

across the 1,000 random samples. Next, we shifted the location of

the pseudo-waveforms in the Easting or Northing axes by a small

increment, computed correlation coefficients, and stored the mean.

By repeating this process for all combinations of Easting and Nor-

thing offsets from �10 to 10 m in increments of 1 m, one can pro-

duce a plot of the correlation coefficient as a function of the Easting

and Northing offsets. The values of the Easting and Northing offsets

that maximize the correlation coefficient define the systematic
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difference between two data sources. If the data are perfectly co-

registered, the maximum correlation coefficient is when the Easting

and Northing offsets are 0. These analyses demonstrated that there

is an Easting offset of 4 m and a Northing offset of 1 m. We applied

Easting and Northing offsets to the 1998 LVIS Easting and Northing

locations. This allowed us to produce pseudo-waveforms at the cor-

rected locations for 45,144 LVIS waveforms using Equation (1).

To determine whether there is a vertical offset between data

sources, we identified LVIS waveforms in areas that were flat, open

pastures in 1998 and 2009. We did this because it eliminates East-

ing and Northing offsets as a source of variation, and because com-

puting the vertical offset within a forested landscape, as opposed to

a flat area like a pasture, requires the falsifiable assumption that

mean canopy height was constant over time. For example, two
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F IGURE 2 Waveforms, discrete-return point clouds, and pseudo-waveforms from secondary and old-growth forests in the Atlantic lowlands
of Costa Rica. Each row represents a single footprint from the 1998 Land Vegetation and Ice Sensor (LVIS) data. The left column (a) shows
waveforms from the original LVIS data collected in 1998. The middle column (b) shows discrete return lidar (DRL) point clouds from 2009
within the extent of the LVIS waveform. The third column (c) shows pseudo-waveforms generated from the DRL point cloud that allow for
comparison between the 1998 and 2009 data. Because there were no forests aged 31–40 years in 1998, our analysis considers the transitions
between 1–10 and 11–20 years, and between 11–20 and 21–30 years
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recent studies of canopy height changes at La Selva detected a

0.29 m decrease in mean canopy height (Dubayah et al., 2010; Kell-

ner, Clark, & Hubbell, 2009). Bullseye plots would lead to the conclu-

sion that this change is a spurious offset, when in fact it is probably

a real change. Therefore, we selected 494 LVIS waveforms within

pastures. We then computed the variance of the DRL elevations

within the extent of each LVIS footprint. If the variance was <0.5 m,

we used the particular LVIS waveform to evaluate the vertical offset.

Otherwise, we inferred that there were objects within the footprint

of the LVIS waveform in 2009 other than flat pasture and we

rejected the waveform. For the 85 waveforms retained by this analy-

sis, we produced a pseudo-waveform at the Easting and Northing

locations of the LVIS waveform. As for the horizontal offsets, we

then shifted the vertical reference frame of each waveform in small

increments. For each vertical shift, we computed the mean correla-

tion coefficient between LVIS and pseudo-waveforms. We then plot-

ted the correlation coefficient as a function of the vertical offset.

The resulting distribution of vertical offsets among the 85 wave-

forms overlapped zero (mean = 0.48 m, range = �0.26 to 1.09 m).

Because the vertical offset is small and overlaps 0, we did not apply

a vertical offset correction. However, our conclusions are qualita-

tively unchanged by the existence of this vertical offset, whether it

is corrected or not.

2.5 | Calculating canopy height and estimating
AGBD

To compute waveform height aboveground, we extracted the ground

elevation from a digital terrain model (DTM) at the coordinate loca-

tions of each footprint center (Kellner, Clark, & Hofton, 2009). We

then subtracted the ground elevation from the elevation of each

waveform bin. After performing these analyses on all 45,144 wave-

forms, we normalized the area under the curve of each waveform by

dividing each bin by the waveform sum. We added noise to pseudo-

waveforms by sampling the noise distribution from the top 20 m of

corresponding LVIS waveforms. Examination of sensor noise in LVIS

waveforms indicates that it is well characterized by a Gaussian distri-

bution. We determined the standard deviation of these distributions

and then added Gaussian noise with a mean of 0 and the corre-

sponding standard deviation to each pseudo-waveform. We used

each pair of waveforms at the same location separated in time by

11.5 years to quantify canopy height changes and to test predictions

for canopy height changes derived from static observations across

the chronosequence using the 1998 LVIS data. Canopy height was

calculated as the height of the 99th percentile of the normalized

1998 LVIS waveforms and the maximum DRL height within the foot-

print for the 2009 pseudo-waveforms.

There are 45,144 LVIS footprints with coincident 2009 airborne

lidar (Figure 1). To ensure that our estimates of canopy height and

AGBD are spatially representative and statistically independent, we

generated 1,000 non-overlapping samples from the set of 45,144

footprints. To produce these samples, we selected a random foot-

print and then eliminated all footprints within 25 m of the selected

footprint center. We repeated this process until there were no over-

lapping footprints remaining. We repeated this process 1,000 times,

resulting in 1,000 random samples of non-overlapping footprints.

These samples contained 8,752–8,901 footprints. The mean number

of footprints in each age class was 759 (1–10 years), 1,459 (11–

20 years), 247 (21–30 years), and 6,366 in old-growth forest.

We computed AGBD (Mg/ha) using a relationship that was

derived using the 1998 LVIS data within old-growth and secondary

forest at the same site (Drake et al., 2002):

log AGBDð Þ ¼ 3:58þ 0:07 �HOME (2)

HOME is the height of median waveform energy (i.e., the 50th

percentile of waveform height). This equation has a coefficient of

determination of 0.53, and a root mean-squared error of 63.17 Mg/

ha.

2.6 | Testing chronosequence predictions

To test the validity of the space-for-time assumption, we generated

summary histograms of canopy height and AGBD from each of the

1,000 non-overlapping footprint samples. We compared the means

and distributions of canopy height and AGBD within forests in a

given age class in 1998 to forests in the same age class in 2009.

These comparisons between predicted and observed canopy height

and AGBD enable a direct test of the space-for-time assumption.

Because we used data from 1998 to develop predictions, we refer

to height and AGBD in 1998 within a given age class as predicted

height and AGBD for that age class. We tested these predictions by

comparing them to what we call “observed” height and AGBD in for-

ests of the same age class 11.5 years later—forests that were

11.5 years younger in 1998. For example, using measurements from

1998, we quantified height and AGBD for forests aged 11–20 years.

If the space-for-time substitution is correct, forests aged 11–

20 years in 2009 (which were aged 1–10 years in 1998) should have

the same height and AGBD as the forest aged 11–20 years in 1998.

2.7 | Simulated plots

Most estimates of secondary succession are not based on landscape-

scale assessments from remote sensing, but rather a small number of

plots. To determine whether a given sample of plots can provide a

precise, unbiased estimate of the landscape mean canopy height and

AGBD, we simulated plot samples using the set of 1,000 non-over-

lapping LVIS footprints. We did this by randomly sampling clusters

of footprints, where cluster sizes of 1, 2, 5, and 10 footprints corre-

spond to plot areas of 0.05, 0.1, 0.25, and 0.5 ha. These sizes are

representative of plots frequently used to quantify secondary suc-

cession (Poorter et al., 2016). We placed a buffer around each plot

to ensure that separate plots were independent, as they would be in

a field study. The buffer sizes were 40, 60, 80, and 100 m, respec-

tively. For each plot size, we sampled the number of plots required

to cover up to 10 ha. These numbers are 200, 100, 40, and 20 plots,
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respectively. For each plot size, we computed the mean canopy

height and AGBD for all areas sampled between the area of a single

plot and 10 ha. We compared these estimates to the landscape

mean from airborne lidar, and we computed the probability that the

canopy height or AGBD estimate was within 10% or 20% of the

landscape mean.

2.8 | Analysis of the meteorological record

The space-for-time substitution is based on the assumption that

space and time are exchangeable. The analysis described above

addresses the spatial component of this assumption because we are

using geographically distinct locations that represent forests in dif-

ferent age classes. However, chronosequence predictions based on

the space-for-time assumption can also fail if conditions before and

after the initial measurements are not the same. In our analysis, this

could occur if conditions during the 11.5 years prior to the first

observation in 1998 were different from the 11.5 years after the

first observation and prior to the re-measurement in 2009. We eval-

uated this possibility by summarizing a daily meteorological record

collected at La Selva Biological Station. We aggregated daily precipi-

tation (mm) and solar radiation (MJ) to monthly sums, and daily mini-

mum temperature to monthly means. We compared the monthly

distributions of these quantities during the 138 months before and

after the first observation in March, 1998 using t tests. All analyses

were conducted using R (R Development Core Team, 2017).

3 | RESULTS

3.1 | Space-for-time substitutions

Predictions from the space-for-time assumption closely matched

observations 11.5 years later (Table 1, Figure 3). We predicted that

1- to 10-year-old forest in 1998 would increase in height from

15.1 m in 1998 to 24.1 m in 2009. The observed mean canopy

height in 11- to 20-year-old forest in 2009 was 23.1 m. This is a

predicted change of 9.0 m and an observed change of 8.0 m

(Figure S1). Similarly, using measurements in 1998, we predicted that

forest in the 21–30 years age class in 2009 would have a mean

canopy height of 28.0 m (Figure 3). The observed value in 2009 was

28.3 m—a predicted change of 3.9 m and an observed change of

4.2 m (Figure S1).

These results are from comparisons between the two lidar data-

sets without correcting for a potential vertical offset. Because the dis-

tribution vertical offset estimates overlapped zero, we did not apply

the estimated vertical offset mean (0.48 m). If we had applied this off-

set, LVIS heights would be reduced by 0.48 m. This reduces the pre-

dicted heights in the 11–20 and 21–30 age classes from 24.1 and 28.0

to 23.6 and 27.6 m, respectively. In the 11–20 age class, the differ-

ence between predictions and observations decreases from 1 m to

0.52 m, and in the 21–30 age class, the difference between predic-

tions and observations increases from 0.3 m to 0.78 m. We thus con-

clude that the existence of a 0.48 m vertical offset has a negligible

impact on conclusions about the space-for-time substitution.

Patterns in predicted and observed AGBD were similar but had

greater uncertainty. AGBD was calculated using HOME, which is

correlated with canopy height (r = .82, p < .001; Drake et al., 2002).

For forests 11- to 20-years old in 1998, mean AGBD was

106.2 Mg/ha. In 2009, mean AGBD in the 11- to 20-year-old forest

was 96.3 Mg/ha, which means a prediction based on 1998 data

would result in a 10.3% over-prediction. In the 21–30 age class,

AGBD in 1998 was 135.5 Mg/ha, and in 2009 it was 132.9 Mg/ha,

so a prediction in 1998 would result in only a 2% over-prediction

(Figure S2).

To assess the temporal, rather than spatial, variation that might

drive the differences in predicted and observed height or AGBD, we

summarized the meteorological record for the decade before and

after the 1998 lidar collection. Analysis of the meteorological record

indicates that precipitation, solar radiation, and temperature were

stable during this time. The mean monthly precipitation during the

138 months before and after the first lidar measurement in March,

1998 were marginally significantly different (334 mm/month prior to

the first measurement; 381 mm/month after the first measurement,

p = .04). There was no significant difference in monthly radiation

(438 MJ/month before versus 432 MJ/month after, p = .5), and

there was no significant difference in the monthly mean of daily

minimum temperature (21.6°C before versus 21.8°C after, p = .1).

3.2 | Simulated plots

Simulated inventory plots in secondary forest were unlikely to pro-

duce estimates of canopy height or AGBD that were close to the

landscape mean values unless larger sample sizes were used than are

typical in TSF plot studies. The sample size needed to achieve a

given degree of accuracy varied with the size of the simulated plots,

the age of the forest, and whether AGBD or canopy height was

being estimated (Figure 4). In general, small plots required smaller

overall sample areas compared to larger plots for a given degree of

accuracy, and younger forests required larger sample sizes than

older forests. For example, 42 0.1 ha plots (4.2 ha total) in 1- to

TABLE 1 Predicted and observed changes in landscape-scale
forest height and aboveground biomass density (AGBD). Quantities
are means over 1,000 non-overlapping footprint samples of Land
Vegetation and Ice Sensor (LVIS) footprints in each age class. Range
represents the minimum and maximum mean height or AGBD in
single non-overlapping samples of LVIS footprints. There was no 1-
to 10-year-old forest in 2009

Age class Year

Height (m)
Aboveground biomass
density (Mg/ha)

M Range M Range

1–10 1998 15.1 14.7–15.4 62.3 60.8–63.7

11–20 1998 24.1 23.9–24.3 106.2 104.4–107.5

11–20 2009 23.1 22.8–23.3 96.3 94.5–98.1

21–30 1998 28.0 27.6–28.5 135.5 129.8–141.4

21–30 2009 28.3 28.2–28.5 132.9 131.4–134.6
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10-year-old forests are needed to estimate AGBD within 10% of the

landscape mean. Achieving the same degree of accuracy with

0.25 ha plots requires 27 plots (total 6.75 ha). In 11- to 20-year-old

forest, estimating AGBD within 10% of the landscape mean requires

39 0.1 ha plots (3.9 ha total). Furthermore, more plots (or area) were

required to estimate landscape mean AGBD than height to a given

degree of accuracy. For example, in 11- to 20-year-old forest, esti-

mating AGBD within 10% of the landscape mean requires 39 0.1 ha

plots, but achieving this same level of accuracy for canopy height

requires only 15 plots (1.5 ha).

Old-growth forest required 3.1–5 ha (depending on the plot size

used) of total sampling area to estimate AGBD within 10% of the land-

scape mean (Figure 4). For the same level of accuracy, forest 1- to 10-

years old or 11- to 20-years old required 3–9 ha of total sampling area

depending on the plot size used. For canopy height in old-growth for-

est, producing an estimate within 10% of the landscape mean required

much smaller sample sizes, just 0.55–1 ha of sampling area depending

on the plot size used. In forest 11- to 20-years old, 1–4.5 ha of total

sample area are needed to estimate canopy height within 10% of the

landscape mean. In contrast, forest 1- to 10-years old required sample

sizes comparable to those needed for AGBD to estimate canopy

height within 10% of the landscape mean: 3–10 ha depending on the

plot size used.

4 | DISCUSSION

Data from airborne lidar collected at two different times across a

secondary forest chronosequence in the Atlantic lowlands of Costa

Rica show that the space-for-time substitution accurately and pre-

cisely predicts canopy height and AGBD during TSF succession.

Using lidar data collected in 1998, we predicted that canopy height

and AGBD in forests 1- to 10-years old would increase from 15.1 m

and 62.3 Mg/ha to 24.1 and 106.2 Mg/ha, respectively. The obser-

vations were 23.1 m and 96.3 Mg/ha in 2009 (within 4.3% and

10.3% of our predictions). Our predictions for 11- to 20-year-old

forests were that canopy height and AGBD would increase from

24.1 m and 106.2 Mg/ha to 24.8 m and 135.5 Mg/ha, respectively.

The observations in 2009 were within 1.1 and 1.8% of the predic-

tions based on 1998 data.

Our findings also demonstrate that small samples typical of field

studies of secondary succession in regenerating forests are unlikely

to produce estimates close to the landscape mean. Simulated plot

samples of the four sizes we considered (0.05, 0.1, 0.25, and 0.5 ha)

always resulted in estimates that were asymptotically unbiased (Fig-

ure 4). But the variance was large enough that little confidence

could be placed in these estimates. For example, repeatedly sampling

a simulated chronosequence with 5 0.1 ha plots per age class (a not

unreasonable number for an on-the-ground chronosequence sample)

1,000 times demonstrates that any given estimate of the landscape

mean AGBD is likely to differ from the landscape value by >10%,

51%–55% of the time (depending on the age class). The likelihood

that the sample mean differs from the landscape value by >10%

increases with plot size when the total area sampled is fixed. A con-

sequence of this sampling error is that predictions based on the

space-for-time substitution derived from small numbers of plots

along TSF chronosequences are unlikely to be close to the true

value. Chronosequence estimates of change between age classes
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could compound this error by combining erroneous estimates from

multiple age classes. Furthermore, these results represent the best-

cast scenario because few field plots in secondary tropical forest are

located randomly because of logistical issues such as access to sites,

patch size, and land ownership. We emphasize that the extent to

which plots fail to generate robust predictions about the trajectory

of TSFs in this study is due to limits in statistical power, rather than

violations of the space-for-time assumption because the predictions

from landscape-scale lidar are accurate.

4.1 | Sources of uncertainty in secondary
succession

Non-random variation in secondary succession could undermine the

space-for-time substitution due to violations of the spatial compo-

nent, or because conditions before and after initial measurement are

not the same. The 1998 ENSO resulted in elevated frequencies of

canopy damage in old-growth forest at this site that are anomalous

during the subsequent 12 years (Silva, Kellner, Clark, & Clark, 2013).

Our analysis of the temperature, precipitation, and solar radiation

records during the 11.5 years before and after the first measurement

indicates that conditions were not significantly different, and that

the temporal component of the space-for-time substitution is unli-

kely to have been violated by changes in these variables. However,

the use of 10-year age classes means that there is a potential for

large variation within each class simply due to variability in the age

of forests within our age classes.

Some amount of non-random spatial variation in factors affecting

secondary succession is likely in any forest landscape due to spatial

structure in parent material, soil nutrient status, and land-use history

(Clark, Clark, & Read, 1998; Helmer, 2000). Secondary forests are

particularly prone to such variation because patches of differently

aged forests are non-randomly situated with respect to these vari-

ables. In the gradient examined here, previous work in old-growth
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forests has shown that soil nutrient status varies with topography

(Clark, Clark, Brown, Oberbauer, & Veldkamp, 2002; Porder, Clark, &

Vitousek, 2006) and that lowland and upland soils support forests

that respond differently to drought stress (Silva et al., 2013). How-

ever, despite these caveats, the space-for-time substitution at the

landscape-scale resulted in predictions that were close to the obser-

vations after 11.5 years.

Estimating the secondary forest carbon sink requires accurate

measurements of AGBD growth rates. The large amount of variation

observed in secondary-forest AGBD growth raises questions about

whether chronosequence studies are using sufficient sample sizes

(Chazdon et al., 2016; Poorter et al., 2016). A recent study assem-

bled data from 1,468 plots across 45 Neotropical secondary forest

sites and found that the average chronosequence study used 33

plots of 0.1 ha (Poorter et al., 2016). These studies underscore the

significant geographical variation in rates of secondary succession in

Neotropical forest, which was attributed in part to rainfall and soil

factors like cation-exchange capacity (Poorter et al., 2016). An alter-

native hypothesis is that rates of secondary succession are poorly

constrained by plots of the size and number reported in Poorter

et al. (2016), and that much of this variation is due to sampling error.

Our data indicate that producing an estimate of AGBD that is close

to the landscape mean requires sampling an area much larger than

the average Neotropical sample size (Poorter et al., 2016). Depend-

ing on the plot size used, 3–9 ha are needed for each age class to

produce estimates within 10% of the landscape mean (based on

95% of plot simulations). For example, a study with 0.1 ha plots and

4 age classes could estimate the landscape mean AGBD using about

40 plots per age class, or 160 plots in total. Studies with fewer plots

could provide acceptable results. For example, a study with 40–80

0.1 ha plots (10–20 plots per 10-year age class) could achieve esti-

mates within 10% of the landscape mean (based on 80% of plot sim-

ulations). Although these estimates of required total sampling area

are larger than those typically employed (Poorter et al., 2016), they

are less than the requirements described by Marvin et al. (2014) for

mature tropical forests, which indicate that more than 10 ha should

be sampled.

Although lidar data are rapidly increasing in availability,

repeated measurements from airborne lidar are still relatively

uncommon in TSF. It is possible that observations from optical

sensors might be able to fill this data gap. For example, Caughlin,

Rifai, Graves, Asner, and Bohlman (2016) used measurements from

airborne lidar in an agricultural landscape in Panama to develop

generalized linear models that predict tree cover and canopy

height using Landsat. These models could then be applied to

Landsat time series to quantify forest regrowth over a 12-year

interval (Caughlin et al., 2016). A similar study used optical satel-

lite data from MODIS to track changes in aboveground carbon

stocks initially quantified using spaceborne lidar (Baccini et al.,

2017). Current and forthcoming space missions, including the

NASA Global Ecosystem Dynamics Investigation (GEDI), NASA-

ISRO Synthetic Aperture Radar (NISAR), and ESA P-band radar

(BIOMASS), will help to overcome these challenges by producing

globally representative, high-resolution measurements of ecosystem

structure to quantify AGBD and carbon stocks, and how they are

changing over time.

Given the challenges of producing unbiased estimates with nec-

essarily restricted field effort, a more rigorous recommendation is

that AGBD should not be quantified using field-inventory data alone

during secondary succession. These estimates should be based on

active remote sensing data, such as terrestrial and airborne lidar or

radar, and future spaceborne lidar and radar instruments. Field mea-

surements are essential to calibrate and validate remote sensing, but

field measurements alone limit our ability to develop precise and

accurate estimates of landscape change in forest structure and

AGBD.
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