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S1 Theory of random sampling 

Random sampling can be covered analytically by the central limit theorem, which states that whenever independent random 10 

variables are added, their sum converges toward a normal distribution irrespective of the original distribution. Suppose that 

X1, X2 , … Xn is a sequence of independent identically distributed random variables with a mean Xn
̅̅ ̅, finite expected value 

E(Xi) = μ, and variance Var(Xi) = σ2 . For 𝑛 → ∞, the distribution function, 𝑍𝑛, converges to the standardized normal 

distribution. 

Zn =
√n(Xn

̅̅ ̅ − μ)

σ
 

The probability, 𝑃𝑛, that 𝑋𝑛
̅̅̅̅ ∈ [0.9 ∙ 𝜇, 1.1 ∙ 𝜇] can be calculated as the “sample reliability”, where 𝛷 is the probability of the 15 

normal distribution, can be calculated as follows: 

𝑃𝑛 = 𝑃 (|𝑧𝑛| < 0.1√𝑛
𝜇

𝜎
) = 𝛷 (0.1√𝑛

𝜇

𝜎
) − 𝛷 (−0.1√𝑛

𝜇

𝜎
) 

= 2 ∗ 𝛷 (0.1√𝑛
𝜇

𝜎
) − 1        (1) 

The “minimum sample size”, 𝑛𝑚𝑖𝑛 , defines the number of samples needed under the condition that the mean of the samples 

does not deviate more than 10 % from the real mean biomass with a probability of at least 90 %. We determined 𝑛𝑚𝑖𝑛 using 

Eq. (1) and the quantile of the standardized normal function, 𝑞: 

2 ⋅ 𝛷 (0.1√𝑛
𝜇

𝜎
) − 1 ≥ 0.9 

thus       𝛷 (0.1√𝑛
𝜇

𝜎
) ≥

1.9

2
 20 

Therefore     0.1√𝑛
𝜇

𝜎
≥ 𝑞(

1.9

2
) 

Finally,       𝑛 ≥
(𝑞(0.95)⋅𝜎)2

(0.1 𝜇)2       

The minimum sample size here is assumed to be the minimum number of samples for which this equation is still valid. 



2 

 

𝑛𝑚𝑖𝑛: = ⌈
(𝑞(0.95) ⋅ 𝜎)2

(0.1 𝜇)2
⌉       

𝑛𝑚𝑖𝑛  depends only on the mean biomass, μ, and its standard derivation, σ. In this study, this term is simplified using the 

coefficient of variation (CV=
𝜎

μ
) as follows: 25 

     𝑛𝑚𝑖𝑛 = ⌈
𝑞(0.95)2

0.01
∙  𝐶𝑉2⌉        (3). 

 

 

Figure S1 Relation between the minimum sample size and the coefficient of variation (CV) of the biomass distribution. The results for 

random sampling of Barro Colorado Island (BCI, 50 ha), Panama (~50000 km2 (Asner et al., 2013)), America, Africa and Asia (~7-15 Mio 30 
km2 (Baccini et al., 2012)) are shown. The analyzed biomass maps are displayed with colored crosses (with the name and plot size shown 

in brackets). The analytical relationship between CV and the minimum sample size has been derived from equation 3 (red line). Please 

note that both axes are logarithmized. 
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Table S1 Analyzed forest biomass maps for the tropics and their minimum sample size. Shown are the forest biomass maps for (a) South 35 
America, Africa and Southeast Asia (Baccini et al., 2012) and for (b) South America, Africa and Asia & Australia (Saatchi et al., 2011) 

and their random sampling performance. The minimum sample size refers to the minimum number of plots to accurately estimate the mean 

biomass of the forest (the mean of the samples does not deviate more than 10 % from the real mean biomass  with a probability of at least 

90 %). The last column shows the necessary sampling area 𝒂𝒎𝒊𝒏 = 𝑨𝒑𝒍𝒐𝒕 ∙ 𝒏𝒎𝒊𝒏. 

Map (Resolution) Map size 

[Mio. km
2
] 

Plot size 

𝐴𝑝𝑙𝑜𝑡[ha] 

CV Minimum sample 

size 𝒏𝒎𝒊𝒏 [plots] 

Minimum total 

area of samples 

𝑎𝑚𝑖𝑛 [ha] 

a)      

South America (500 m) 15  25 61.34 102 2550 

Africa (500 m) 12 25 82.54 185 4625 

Southeast Asia (500 m) 7 25 69.43 131 3275 

b)      

South America (1000 m) 61 100 65.83 118 118000 

Africa (1000 m) 46 100 93.44 237 237000 

Asia & Australia (1000 m) 73 100 82.63 185 185000 

 40 

S2 Point pattern summary functions for the clustered sampling approach 

For the reconstructions of the clustered locations of the inventory plots, we use several point pattern summary functions that 

quantify the spatial structure of the pattern within distances of up to 100 km: (I) the probabilities p(k, r) that the typical point 

of the pattern has k neighbors within distance interval r – bin/2, r + bin/2, where bin = 500 m is the resolution of the map and 

r = 0.5, 2.5, 7.5, 17.5, 25, and 50 km. (II) the distribution function D(r) of the distances to the nearest neighbor; (III), the 45 

average number of points at distance r from the points of the pattern given by λ(2πr)g(r) where λ is the density of the pattern 

and g(r) the pair correlation function; (IV) the average number of points at a distance r from the points of the pattern given 

by λK(r), where K(r) is Ripley's K; (V) Hs(r) the spherical contact distribution; (VI) the distribution functions Dk(r) of the 

k’th nearest neighbor. For further details see Wiegand, He and Hubbell, (2013). 
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S3 Downscaling of the South America map 50 

To downscale the 500 m resolution map of South America to a 100 m resolution, we used statistical relationships derived 

from the Panama map at 100 m and the 500 m resolution. Therefore, 25 plots from the original map (100 m resolution) were 

aggregated to a mean value. The standard deviation of those 25 plots at a 100 m resolution sd100 can then be plotted against 

the mean value of the plots, which can be interpreted as the aggregated value at a 500 m scale AGB500 (see Fig. S2). 

After creating classes over the AGB of 1 t/ha, each AGB value of 25 ha plot of the South American map was assigned to 25 55 

plots of 1 ha drawing random values from a normal distribution N(AGB500, (sd100)
2
). If the South American plot had an AGB 

value higher than the maximum value of Panama, the created plots were drawn from a normal distribution with the standard 

deviation of the maximum class. Negative biomass plots were set to zero. 

 

Figure S2 Subplot heterogeneity in the Panama biomass map (500 m resolution). Shown is the aboveground biomass (AGB) at a 500 m 60 
resolution and the standard deviation (SD) of its associated 25 subplots at a 100 m resolution. Each dot represents one plot from the 

Panama map (~300,000 plots). 

S4 Spatial clustering of the biomass 

To quantify spatial correlation structures in the biomass map we used the mark variogram γmm(r) (Illian et al. 2008; Wiegand 

and Moloney 2014). Each grid cell of the map has x-y coordinates and the associated biomass value is the mark. We then 65 

consider all pairs of cells that are distance r apart and determined the mean value of the test function t4(m1, m2) = (m1 – 

m2)
2
/2 where m1 is the biomass mark of the first cell and m2 that of the second cell. The mark variogram has small values if 
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the biomasses of cells that are distance r apart are in general similar to each other and large values if the biomasses are 

dissimilar. To test for significant spatial structure we compared the observed mark variogram to that of a null model where 

we randomly permutated the biomass values among the all forested cells.  70 

 

 

Figure S3 Spatial structure of the biomass maps. Shown is the observed mark variogram (green line, for details see Illian et al. (2008)) 

for maps of Barro Colorado Island (50 m resolution, 50 ha), Panama (100 m resolution, ~50000 km2) and South America (500 m 

resolution, 15 Mio km2). Values of the dashed black line show the expectation under the null model of random distribution of biomass 75 
(gray color displays the 99% simulation envelopes). Values below the envelopes indicate clustering (more similar biomass values at short 

distances than expected by the null model), values above indicate overdispersion (more dissimilar biomass values than expected by the 

null model, e.g., comparable to a chessboard). For further details on the method, see Wiegand and Moloney (2014). Please note that for 

Panama and America, we use subsets of 10,000 plots. (a) No significant spatial structure was observed for the 50m resolution for Barro 

Colorado Island (BCI). (b-c) In contrast to BCI, the observed biomasses for Panama and America are below simulation envelopes, 80 
indicating biomass values are within distances of 10 km and 50 km more similar to each other than expected by a random distribution of 

biomasses over all forested cells.  
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