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Supplementary Information 

SI Section 1: Training Database 

Table S1. Most of the data used in this study were not collected specifically for GEDI AGBD 

modeling. Each of the 142 projects represents a different number of sites, lidar instrument, plot 

size and shape. The site area is the total plot area per site. Several sites have multiple broad 

plant function type (PFT) classes as they span relatively large geographic scales or were 

collected in heterogeneous areas. Sites not included in the model fits presented in this paper are 

shaded grey. Datasets that are not included in the models either did not pass the data filtering 

criteria applied for this study, or were not available for the first set of models fit. The unused 

datasets are likely to be included in future versions of the GEDI L4A models, so this table can 

continue to be a useful reference for users of GEDI L4A data in the future. The four PFTs are 

Evergreen Broadleaf Trees (EBT), Evergreen Needleleaf Trees (ENT), Deciduous Broadleaf Trees 

(DBT) and Grassland Shrubland Woodland (GSW). 

Country Site Name N 
Plo
ts 

Site 
Area 
(ha) 

Mini
mum 
tree 
diam
eter 
(cm) 

Lidar Instrument PFT Allometric 
Model(s) 

Co-Author 
Initials 

Relevant 
Papers 

Australia AusPlots Forests 43 43 10 RIEGL LMS-Q560 
and Leica ALS50-II 

EBT, 
ENT 

Paul et al. 
(2016) 

A.G.Fisher Wood et al. 
(2015) 

Australia TERN Supersites 8 8 10 RIEGL LMS-Q560 
and Leica ALS60 

EBT, 
GSW 

Paul et al. 
(2016) 

  

Australia JRSRP (Queensland) 38 11.9  RIEGL LMS-Q560 
and RIEGL LMS-
Q680i 

EBT, 
GSW 

Paul et al. 
(2016) 

J. Armston  

Australia ILCP 4 1 10 RIEGL LMS-Q560 DBT Paul et 
al.(2016) 

R.Lucas, 
J.Armston 

 

Australia TERN Robson Creek 1 25 10 RIEGL LMS-Q560 EBT Paul et 
al.(2016) 

M. Bradford Bradford et 
al. (2014) 
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Australia SMAPEx 67 4.1 5 RIEGL LMS-Q560 GSW Paul et 
al.(2016) 

C. Rüdiger, 
M. Tanase, A. 
Monerris 

Panciera et 
al. (2014) 

Brazil Fazenda Andiroba 40 7.65 35 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Bonal 20 4.14 35 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Fazenda Cauaxi 440 103.1
1 

35 Optech ALTM 3100 EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Feliz Natal 20 4.99 5 Optech Orion 
09SEN243 

EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Floresta Nacional de 
Saraca-Taquera 

40 9.5 35 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Humaita 19 3.27 35 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Floresta Nacional 
do Jamari 

47 2.8 35 Optech Orion EBT, 
DBT, 
GSW 

Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Sao Felix do Xingu 9 1.41 10 Optech ALTM 3100 EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Sao Felix do Xingu 30 4.7 10 Optech ALTM 3100 EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Tome-Acu 14 1.26 5 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Talisma 10 2.09 35 Optech Orion EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Brazil Fazenda Tanguro 200 9.93 35 Optech ALTM 3100 EBT Chave et al. 
(2014) 

M. Longo, M. 
Keller 

Longo et al. 
(2016) 

Canada Laurentides 30 1.2 NA LVIS DBT, 
ENT 

NA M. Simard Simard & 
Denbina 
(2018) 

Canada Petawawa 249 15.56 9 RIEGL LMS-Q680i DBT, 
ENT 

Lambert et 
al. (2005) 

J. White White et al. 
(2019) 

China Cuilai 2 0.08 10 RIEGL LMS-Q280i DBT Forrester et 
al. (2017) 

H. Huang  

China Zhangye 3 0.19 3 RIEGL LMS-Q560 ENT Forrester et 
al. (2017) 

H. Huang  
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Colombia Choco 133 42.57 10 Optech ALTM 3033 EBT Chave et al. 
(2014) 

V. Meyer, S. 
Saatchi 

Duque et al. 
(2017), 
Meyer et al. 
(2019) 

Costa 
Rica 

La Selva 3 2 5 Leica ALS50 and 
Optech 3100EA 

EBT Chave et al. 
(2014) 

R. Chazdon Dubayah et 
al. (2010), de 
Almeida 
(2020) 

Costa 
Rica 

La Selva 18 9 10 Leica ALS50 and 
Optech 3100EA 

EBT Chave et al. 
(2014) 

D.B. Clark, 
D.A. Clark, J. 
Kellner 

Clark, et al. 
(2011) 

Costa 
Rica 

Santa Rosa 12 12 5 LVIS EBT Chave et al. 
(2014) 

A. Sanchez-
Azofeifa, S. 
Calvo-
Rodriguez. 

Calvo-
Rodriguez et 
al. (2021) 

Czech 
Republic 

Žofín 1 25.0 1 RIEGL VUX-1 DBT, 
ENT 

Forrester et 
al. (2017) 

J. Kellner, K. 
Kral, K.C. 
Cuschman, 
C. Zgraggen, 
B. Imbach, 
M. Krucek, T. 
Vrska, D. 
Janík 

Kellner et al. 
(2019) 
Krůček et al. 
(2020) 
Janík et al. 
(2016) 

DRC Bastin 32 32 10 Optech ALTM 3100 EBT Chave et al. 
(2014) 

J.-F. Bastin Bastin et al. 
(2014) 

DRC Kearsley 19 19 10 Optech ALTM 3100 EBT Chave et al. 
(2014) 

E. Kearsley, 
J. Bogaert, P. 
Boeckx 

Kearsley et 
al. (2013) 

United 
Kingdom 

New Forest 41 3.69 10 Leica ALS50-II DBT, 
ENT, 
EBT 

Forrester et 
al. (2017) 

R. Hill Sumnall et al 
(2016) 

Estonia Järvselja (RAMI 
stands) 

3 3 4 Leica ALS50-II DBT, 
ENT 

Forrester et 
al. (2017) 

J. Pisek Lang et al. 
(2017) 

French 
Guiana 

Paracou; Nouragues 25 151.5 10 RIEGL LMS-Q560 
and RIEGL LMS-
Q280i 

EBT Chave et al. 
(2014) 

J. Chave Labriere et 
al. (2018) 

Gabon Mabounie 21 21 10 RIEGL LMS-Q560 EBT Chave et al. 
(2014) 

N. Barbier Labriere et 
al. (2018) 

Gabon Lope 12 10.5 5 RIEGL VQ-480i EBT Chave et al. 
(2014) 

N. Labriere, 
S.L. Lewis 

Labriere et 
al. (2018) 

Gabon Lope 13 1.04 10 RIEGL VQ-480i EBT Chave et al. 
(2014) 

S.L. Lewis, K. 
Jeffery, L. 
White, K. 
Abernethy 

Labriere et 
al. (2018) 
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Gabon Mondah 15 15 1 RIEGL LMS-Q560 EBT Chave et al. 
(2014) 

J. Armston., 
L.E. 
Fatoyinbo 
Agueh, J. 
Poulsen, K. 
Jeffery, L. 
White 

Fatoyinbo et 
al., in review 

Gabon Rabi 1 25 1 RIEGL VQ-480i EBT Chave et al. 
(2014) 

H. 
Memiaghe, A. 
Alonso, D. 
Kenfack 

Fatoyinbo et 
al., in review 

Germany Bavaria Forest 104 6.89 2 RIEGL Q-680i ENT, 
DBT, 
GSW 

Forrester et 
al. (2017) 

A. Skidmore, 
M. Heurich 

Krzystek et 
al. (2020), 
Latifi et al. 
(2015) 

Germany Tharandt 8 0.12 3.5 Leica ALS50-II ENT Forrester et 
al. (2017) 

N. Kljun Los et al. 
(2012) 

Germany Traunstein 1 24.91 5 RIEGL LMS-Q680i DBT Forrester et 
al. (2017) 

A. Huth, N. 
Knapp, R. 
Fischer, K. 
Papathanassi
ou, H. 
Pretzsch, P. 
Biber 

Knapp et al. 
(2020) 

Indonesia East Kalimantan 90 3.7 BAF 
4.6 - 
9.2 
m2/h
a 

Optech ALTM 3100 EBT Chave et al. 
(2005) 

P. Ellis Ellis et al. 
(2016) 

Indonesia Mawas 16 1.6 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Rmurezal 15 0.6 2 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Rodamas 19 2.38 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Sindolumber 12 3 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Sumalindo 12 3 10 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Timberdana 11 1.38 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Indonesia Tuanam 6 0.54 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 
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Indonesia USFS 6 6 5 Leica ALS80 EBT Chave et al. 
(2014) 

A. Ferraz, S. 
Saatchi 

Ferraz et al. 
(2018) 

Italy Sella 1 4.84 1 Optech ALTM 3100 ENT Forrester et 
al. (2017) 

C. Torreson, 
P. Corona 

Corona et al. 
(2014) 

Italy Trentino 152 16.32 3 Optech ALTM 
3100EA 

ENT, 
DBT 

Forrester et 
al. (2017) 

M. Dalponte Dalponte and 
Coomes 
(2016) 

Japan Nagano 2 2.2 5 Leica ALS70-HP ENT NA S. Deng, M. 
Katoh 

Deng et al. 
(2016) 

Malaysia Selangor 54 2.6 1 Leica ALS50-II EBT Chave et al. 
(2014) 

D. Boyd, P. 
Aplin 

Brown et al. 
(2018) 

Malaysia Danum Valley 1 50 1 Leica ALS50-II EBT Chave et al. 
(2014) 

D. Coomes, 
D. Burslem, 
M. Cutler, M. 
O’Brien 
 

Philipson et 
al. (2020) 

Malaysia Sepilok 9 36 1 Leica ALS50-II EBT Chave et al. 
(2014) 

D. Coomes, 
D.Burslem 

Jucker et al. 
(2018) 

Mexico NFI 351 351 7.5 RIEGL VQ-480 EBT, 
DBT, 
ENT, 
GSW 

NA J. Fernandez  

Netherlan
ds 

Loobos 8 0.12 16 Leica ALS50-II ENT Muukkonen 
(2007) 

N. Kljun Los et al. 
(2012) 

New 
Zealand 

Forest Service 154 9.24 2.5 Optech Orion M200 EBT, 
ENT, 
DBT, 
GSW 

Moore 
(2010), Beets 
et al. (2012) 

J. Dash  

Panama Barro Colorado 
Island 

1 50 1 Optech Gemini EBT Chave et al. 
(2014) 

J. Kellner, R. 
Condit, S. 
Hubbell, J. 
Dalling 

Condit et al. 
(2020, 2019) 
Lobo & 
Dalling 
(2014) 

Peru Tambopata 6 6 10 Leica ALS50-II EBT Chave et al. 
(2014) 

R. Hill, O. 
Phillips, D. 
Boyd, T. 
Baker, C. 
Hopkinson, 
R. Vásquez 
Martínez, A. 
Monteagdo 
Mendoza 

Boyd et al. 
(2013) 

Poland Bialowieza 343 17.15 7 RIEGL LMS-Q680i ENT, 
DBT 

Forrester et 
al. (2017) 

K. Stereńczak Stereńczak et 
al. (2019, 
2017) 
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South 
Africa 

Agincourt; D’Nyala; 
Ireagh; Justicia; 
Venetia; 
Welverdiend 

20 20 3 Optech Gemini and 
Optech ALTM 3100 

GSW, 
DBT 

Colgan et al. 
(2013) 

L.Naidoo, R. 
Main, R. 
Mathieu, K. 
Wessels, 
B.Erasmus, 
R.J.Scholes 

Naidoo et al. 
(2015) 

Spain Monfrague 7 0.49 7.5 Leica ALS50 ENT, 
GSW 

Forrester et 
al. (2017) 

S. de Miguel., 
A. 
Fernandez-
Landa 

Fernández-
Landa (2015) 

Spain Soria 43 2.15 10 Leica ALS60-II GSW, 
ENT 

Forrester et 
al. (2017) 

S. de Miguel., 
A. 
Fernandez-
Landa 

Fernández-
Landa (2015) 

Spain Soria 1 1 10 Leica ALS60-II ENT Forrester et 
al. (2017) 

S. de Miguel., 
A. 
Fernandez-
Landa 

Fernández-
Landa (2015) 

Spain Valsain circle plots 25 3.14 10 Leica ALS50-II ENT Forrester et 
al. (2017) 

R. Valbuena, 
J.A. 
Manzanera, 
A. Garcia-
Abril 

Valbuena et 
al. (2012; 
2013)  

Spain Valsain  54 2.86 7.5 Leica ALS50 ENT, 
GSW 

Forrester et 
al. (2017) 

S. de Miguel., 
A. 
Fernandez-
Landa 

Fernández-
Landa (2015) 

Spain Valsain rectangular 
plots 

6 1.44 0 Leica ALS50-II ENT Forrester et 
al. (2017) 

R. Valbuena, 
J.A. 
Manzanera, 
A. Garcia-
Abril 

Valbuena et 
al. (2012; 
2013)  

Switzerlan
d 

Laegeren 1 4.81 20 RIEGL LMS-Q680i DBT Forrester et 
al. (2017) 

F. Morsdorf Schneider et 
al. (2017) 
Kükenbrink 
et al. (2017) 

Tanzania Amani 153 15.3 10 Leica ALS70 EBT Masota et al. 
(2016) 

E. Næsset, T. 
Gobakken., 
E. Zahabu 

Hansen et al. 
(2015) 

Tanzania Liwale 513 36.26 1 Leica ALS70 DBT, 
EBT, 
GSW 

Mugasha et 
al. (2013) 

E. Næsset, T. 
Gobakken., 
E. Zahabu 

Ene et al. 
(2017) 

USA Cascade East Zone, 
Washington 

40 1.62 0.5 Leica ALS50-II GSW, 
ENT 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 
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USA CFLRA, Idaho 41 1.66 0.5 Leica ALS50-II, 
Leica ALS60, Leica 
ALS70, and Optech 
Gemini 

ENT, 
GSW, 
DBT 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Clear Creek, Idaho 53 2.14 0.5 Leica ALS60 ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Clear Creek, Idaho; 
Selway, Idaho 

42 2.06 10 Leica ALS60 ENT Jenkins et al. 
(2003) 

L. Boschetti, 
N. Sanchez-
Lopez 

Sanchez-
Lopez et al. 
(2020a, 
2020b) 

USA Colorado 46 3.75 2.5 RIEGL LMS-Q680i GSW, 
ENT, 
DBT 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 

USA Colville, Washington 111 8.98 0.5 Leica ALS50, Leica 
ALS60, Leica ALS70 
HP 

ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Damon, Oregon 98 3.97 0.5 Leica ALS50-II ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA DCEF, Idaho 73 1.23 2.5 Leica ALS50-II ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Michigan 333 13.48 NA RIEGL LMS-Q680i DBT, 
GSW, 
ENT 

Jenkins et al. 
(2003) 

M. Falkowski Falkowski, 
unpublished 
data 

USA Fernan, Idaho 34 1.38 1.3 Leica ALS40, Leica 
ALS50-II 

ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Fitsum, Idaho 20 0.81 12.7 Leica ALS50-II ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Hudak, 
unpublished 
data 

USA Harvard Forest, 
Massachusetts 

1 35 1 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

D. Orwig, P. 
Boucher 

Orwig et al. 
(2015, n.d.) 

USA Maine 48 3.92 2.5 RIEGL LMS-Q680i DBT, 
ENT 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 

USA Minnesota 50 4.08 2.5 RIEGL LMS-Q680i DBT, 
ENT 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 

USA Moscow Mtn, Idaho 173 7 10.2 Leica ALS40, Leica 
ALS50-II, NA 

ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA NEON ABBY, 
Washington 

27 1.64 10 Optech ALTM 
Gemini 

ENT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
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and Jones 
(2020) 

USA NEON BART, New 
Hampshire 

40 2.4 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON BLAN, 
Virginia 

24 0.96 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON CLBJ, Texas 43 1.72 10 Optech ALTM 
Gemini 

DBT, 
GSW 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON CPER, 
Colorado 

50 2.0 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON DELA, 
Alabama 

21 1.64 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON DSNY, 
Florida 

19 0.76 10 Optech ALTM 
Gemini 

ENT, 
EBT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON GRSM, 
Tennessee 

40 2.4 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON GUAN, 
Puerto Rico 

38 2.28 10 Optech ALTM 
Gemini 

EBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON HARV, 
Massachusetts 

39 2.36 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON JERC, 
Georgia 

21 1.64 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
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(2015), Meier 
and Jones 
(2020) 

USA NEON JORN, New 
Mexico 

50 2.0 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON KONZ, 
Kansas 

13 0.52 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON LAJA, Puerto 
Rico 

4 0.16 10 Optech ALTM 
Gemini 

EBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON LENO, 
Alabama 

13 0.52 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON MLBS, 
Virginia 

4 0.16 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON MOAB, Utah 50 2 10 Optech ALTM 
Gemini 

GSW, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON NIWO, 
Colorado 

28 1.12 10 Optech ALTM 
Gemini 

ENT, 
GSW 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON NOGP, North 
Dakota 

29 1.16 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON ONAQ, Utah 50 2.0 10 Optech ALTM 
Gemini 

GSW, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 
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USA NEON ORNL, 
Tennessee 

37 2.28 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON OSBS, 
Florida 

42 2.48 10 Optech ALTM 
Gemini 

EBT, 
DBT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON PUUM, 
Hawaii 

21 0.84 10 Optech ALTM 
Gemini 

EBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON RMNP, 
Colorado 

29 1.52 10 Optech ALTM 
Gemini 

ENT, 
DBT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON SCBI, 
Virginia 

35 2.2 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON SERC, 
Maryland 

39 2.4 10 Optech ALTM 
Gemini 

DBT, 
GSW 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON SJER, 
California 

28 1.92 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON SOAP, 
California 

21 1.64 10 Optech ALTM 
Gemini 

ENT, 
DBT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON SRER, 
Arizona 

23 1.64 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON STEI, 
Wisconsin 

37 2.16 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 
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USA NEON TALL, 
Alabama 

40 2.4 10 Optech ALTM 
Gemini 

DBT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON TEAK, 
California 

20 1.6 10 Optech ALTM 
Gemini 

ENT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON TREE, 
Wisconsin 

40 2.4 10 Optech ALTM 
Gemini 

ENT, 
DBT, 
DNT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON UKFS, 
Kansas 

37 2.28 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON UNDE, 
Michigan 

20 1.6 10 Optech ALTM 
Gemini 

DBT, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON WOOD, 
North Dakota 

36 1.44 10 Optech ALTM 
Gemini 

GSW Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON WREF, 
Washington 

20 1.6 10 Optech ALTM 
Gemini 

ENT Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA NEON YELL, 
Wyoming 

17 0.68 10 Optech ALTM 
Gemini 

GSW, 
ENT 

Jenkins et al. 
(2003) 

 Krause and 
Goulden 
(2015), Meier 
and Jones 
(2020) 

USA New England 57 57 10 RIEGL VQ-480 DBT, 
ENT 

Jenkins et al. 
(2003) 

P. Montesano Huang et al. 
(2013) 
Montesano et 
al. (2013) 

USA Nez Perce, Idaho 112 9.06 1.3 Leica ALS40 ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Jensen et al. 
(2008) 

USA Oregon 50 4.08 2.5 RIEGL LMS-Q680i ENT, 
GSW 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 
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USA Pennsylvania; New 
Jersey 

49 4 2.5 RIEGL LMS-Q680i DBT, 
ENT, 
GSW 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 

USA PREF, Idaho 96 3.88 2.5 Leica ALS50-II ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA PREF, Idaho 60 67.58 2.5 Leica ALS50-II ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA South Carolina 50 4.08 2.5 RIEGL LMS-Q680i DBT, 
ENT, 
EBT 

Jenkins et al. 
(2003) 

H. Andersen, 
W. Cohen 

Legner et al., 
(2020) 

USA SERC, Maryland 1 16 1 RIEGL VQ-480 DBT Jenkins et al. 
(2003) 

G. Parker Duncanson et 
al., (2015) 

USA Teakettle 12 12 10 Optech Gemini ENT Jenkins et al. 
(2003) 

R. Dubayah Duncanson et 
al., (2015) 

USA Slate Creek, Idaho 90 3.64 0.5 Leica ALS50 ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Sonoma County, 
California 

154 4.88 BAF 
1.5 - 
6.8 
m2/h
a 

Leica ALS50 and 
ALS70 

ENT, 
EBT, 
DBT, 
GSW 

Jenkins et al. 
(2003) 

L. 
Duncanson 

Dubayah et 
al., (2017) 
Duncanson et 
al., (2017) 

USA Sonoma County, 
California 

13 0.64 4 Leica ALS50 and 
ALS70 

DBT, 
ENT 

Jenkins et al. 
(2003) 

L. 
Duncanson 

Duncanson et 
al., (2020) 

USA Sonoma County, 
California 

13 0.54 BAF 
1.5 - 
6.8 
m2/h
a 

Leica ALS50 and 
ALS70 

DBT, 
ENT 

Jenkins et al. 
(2003) 

L. 
Duncanson 

Duncanson et 
al., (2020) 

USA Sonoma County, 
California 

19 1.24 BAF 
1.5 - 
6.8 
m2/h
a 

Leica ALS50 and 
ALS70 

ENT, 
EBT 

Jenkins et al. 
(2003) 

L. 
Duncanson 

Duncanson et 
al., (2020) 

USA Stanley, Idaho 27 1.09 7 Leica ALS50-II ENT, 
GSW 

Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA St. Joe, Idaho 79 6.37 1.3 Leica ALS40 ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

USA Tepee Creek, Idaho 39 1.58 0.5 Leica ALS50-II ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 
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USA Upper Lolo, Idaho 26 1.05 0.5 Leica ALS50 ENT Jenkins et al. 
(2003) 

A. Hudak, M. 
Falkowski., 
P. Fekety 

Fekety et al. 
(2020) 

 

 

Fig. S1 shows the distributions of open and conditionally shared data in the GEDI Forest 

Structure and Biomass Database (FSBD) per continent. Note this represents the full database 

at the time of publication including all sites listed in Table S1. Not all of this data is included 
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in the models presented in this paper, as described in the methods section on data filtering. 

Some datasets were also not included due to incomplete metadata at the time of model fitting, 

and will be considered for future versions of GEDI04_A. The AGBD here is for GEDI 

footprint-sized plots (~25 m diameter circle). 

 

Database Filtering Prior to AGBD Model Fitting 

Models are only as good as the data that train them, and this is true for GEDI04_A algorithms. 

We used a uniquely heterogeneous database, collating and curating data from many disparate 

sources. While many of the input datasets were well geolocated (<5 m), in many cases a lack of 

correlation between lidar and field datasets suggested that one or both had either spatial or 

temporal mismatches. Of all the iterative processing analyses conducted through the 

development of these models, refinements and filtering of the input datasets routinely yielded the 

largest improvements. Indeed, our particular application of a filter between field and lidar 

estimated maximum height yielded the most substantial increase in model performance.  

 

The first filter was based on a comparison of the maximum measured or modeled (using a local 

height-diameter model) tree height in each GEDI footprint-sized field plot to the lidar-estimated 

maximum height. In this case we used RH98 instead of RH100 because RH100 has been 

demonstrated to be sensitive to noise. When AGBD was < 1 Mg/ha and RH98 was > 5 m, the 

footprint was excluded, assuming that there was either a geolocation mismatch or the field 

survey did not measure small trees (e.g. DBH <10 cm). Similarly, when AGBD was > 150 

Mg/ha and RH98 < 5 m, the footprint was excluded, in this case presuming a geolocation 

mismatch. Third, if there is more than 10 m difference between field measured or modeled 
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maximum tree height and lidar-estimated tree height, these footprints were excluded. See Fig S2 

for an assessment of sensitivity in this height difference filter on the percentage of data removed 

from the training dataset. These filters accounted for a) poor geolocation of the field data, b) 

temporal changes between the field and lidar collection, c) measurement or transcription error in 

the field data, or d) in the case of modeled heights, an inappropriate diameter to height allometric 

model. Finally, to minimize allometric model error, we filtered plots including trees outside the 

calibration range of the applied allometric model. The models of Jenkins (2003), for example, 

were developed using field measurements of evergreen needleleaf trees in North America with a 

maximum DBH of 2.5 m. We therefore excluded simulated footprints that contained at least one 

tree with a DBH greater than this value.  
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Fig. S2 The percentage of data removed prior to AGBD model fitting based on the height filter 

between plot-level maximum height (RH98) and field estimated maximum height. A 10 m 

difference was selected as the filter for GEDI04_A. 

 

 

 

SI Section 2: Results from alternative model stratification and candidate predictor sets 

Table S2. Top model statistics for model fits considering all candidate predictors. This differs 

from Table 2, where models were forced to include RH98, and could not include metrics lower 

than RH50.  

Strata R2 %Rmse MRE 
(Mg/ha)

Transform Predictors 

DBT Africa 0.6 56.12 5.99 sqrt-sqrt RH10, RH30xRH40, RH30xRH80 

DBT Europe 0.39 48.86 3.84 original-log RH10xRH50, RH20xRH98, 
RH50xRH98

DBT North 
America 

0.6 35.05 7.6 sqrt-sqrt RH20xRH30, RH20xRH80 

EBT Africa 0.75 68.02 11.31 sqrt-sqrt RH80 

EBT Asia 0.53 60.31 75.75 sqrt-sqrt RH20 

EBT Oceania 0.61 28.66 8.17 sqrt-sqrt RH70, RH98 

EBT South 
America 

0.62 41.66 5.56 sqrt-sqrt RH80, RH10xRH60 

ENT Oceania 0.57 58.06 11.21 sqrt-sqrt RH40xRH98 

ENT Europe 0.67 35.72 11.77 original-sqrt RH10xRH_80, RH20xRH40, 
RH50xRH60
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ENT North 
America 

0.62 65.37 9.77 sqrt-sqrt RH90, RH10xRH80 

GSW 
Oceania 

0.8 36.84 2.93 original-sqrt RH20, RH60xRH98 

 

 

 

Fig. S3. Comparison of results when calculating %RMSE and R2 on model fits with and 

without geographic cross validation (Geog_CV) at the broadly stratified PFT, and geographic 

region for the constrained models. 
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Fig. S4. Comparison of results from four different model fitting scenarios fit at a broad strata, 

either by PFT,  geographic region, or globally. Models are assessed by geographic cross 

validation.  

 

SI Section 3: Alternative model fitting approaches 

Comparison of OLS to other Model Forms 

To determine whether predictive capability was lost by adopting parametric models, several 

other popularly employed empirical AGBD modeling techniques were explored, including 

machine learning approaches. This exploration was justified for each of these approaches below, 

highlighting the theoretical or practical advantages of each approach. Note that typically machine 
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learning approaches require more representative training samples and thus may not be as well 

suited or transferable to the opportunistic samples available in the GEDI Forest Structure and 

Biomass Database (Demaerschalk and Kozak, 1974). 

 

PLS 

Partial Least Squares (PLS) regression is a technique for empirical modeling that allows for the 

inclusion of multiple highly correlated predictor variables in the statistical framework of 

parametric regression (Abdi, 2010). Similar to Canonical Correlation Analysis (e.g. Valbuena et 

al. 2012), PLS recombines a suite of input variables into new, uncorrelated predictors through 

application of a series of weights between the original and new predictors. In this example, the 

full suite of RH metrics and interaction terms could be used for predicting AGBD regardless of 

high variable correlations. The weightings on the original variables also enable an appreciation 

of which original predictors are more important for AGBD prediction, unlike more black-box 

algorithms such as Support Vector Machines. The PLS algorithm used in this comparison was 

the one implemented in the plsr package in R (Mevik and Wehrens, 2007). 

 

Random Forests models 

Random Forests algorithms have become popularly used in a wide range of remote sensing 

applications, often for producing spatially-explicit maps when the relationship between the 

mapped variable and predictor variables is unknown, nonlinear, or the predictor variables are not 

numeric. Random Forests are an extension of the Classification And Regression Tree (CART) 

algorithm (Breiman, 2001). The R package randomForest was used for model fitting. A forest is 

a user-determined number of decision trees (ntree), where each decision tree is grown by 
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randomly sampling approximately two thirds of the training data with replacement. At each node 

of each tree, mtry variables are randomly selected from the set of predictors (in this case RH 

metrics and interaction terms). The best split using these n (mtry/3) variables is at the split point 

for the predictor that results in the greatest reduction in residual sums of squares between the 

sample of observations and the node mean. This process is used to perform recursive binary 

splits of the data. The value of mtry is held constant and each decision tree is grown to the largest 

extent possible (with no pruning). This process is repeated to build an ensemble of regression 

trees, where each tree (for the continuous variables used here) is a regression model that exhibits 

low mean residual error, but a large variance. The predictions are then averaged to calculate a 

final estimate of the response variable. For our Random Forest fits we used a mtry of 18 (total 

number of predictors divided by 3) and ntree of 500, respectively. 

 

Support Vector Regression 

Support Vector Regression is an extension of the classification-focused Support Vector 

Machines (SVM) that, similarly to Random Forests, have become popular for developing 

nonlinear predictive relationships between a suite of input predictors and a response variable. 

SVM finds the least complex function where a deviation from the response variable (i.e., AGBD) 

is less than the variance in the training dataset by developing a series of support vectors from 

some subset of the training data, and testing their efficacy for classification or in this case 

regression on the remaining training data (Drucker et al., 1996). SVM was implemented in R 

using the package svm (Meyer, 2020). Note that for implementation of the machine learning 

techniques (SVM and RF), common but default algorithm kernel and parameter settings were 

selected for comparison to our PLS and OLS results. It is important to note again that SVM, RF 
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and PLS were not suitable for use with the hybrid and generalized hierarchical model-based 

(GHMB) estimators employed by the GEDI L4B gridded biomass product, but the objective here 

was to compare their general performance to the OLS models developed in this paper. Previous 

large area remote sensing studies have indicated that in reference to independent validation data, 

machine learning techniques such as SVM and RF, even when carefully parameterised, have not 

outperformed carefully specified OLS estimators such as those developed in this study (e.g. 

Armston et al., 2009), nor has PLS (Næsset et al., 2005). 

 

Comparison of OLS, PLS, and Machine Learning Algorithms 

The performance of the OLS results to the other three algorithms tested was similar across 

geographic strata. A comparison of these four modeling approaches is presented in Figs. S5 and 

S6 with square root transformed models fit within EBT PFT in Oceania. In this example, as in 

most of the other geographic strata, model performance was comparable between OLS, PLS, 

SVM and RF. In some geographic strata a particular algorithm type occasionally reduced the 

RMSE by a few percent, but OLS models performed comparably across the full range of strata 

explored. These results suggest that there was no clear advantage to using more complex 

algorithms, and that while machine learning approaches may indeed be more suitable for local 

applications when calibration datasets limit the utility of OLS (e.g., correlated predictors or 

nonlinear solutions), simple linear parametric models were similarly suitable for development of 

widely applicable models at a global scale. Additionally, as noted above, OLS was more 

transferable and less sensitive to the representativeness of training samples than machine 

learning approaches. Further, where more complex models are difficult to meaningfully interpret, 

simple parametric models facilitate an understanding of relationships between height and 
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structure, thus opening a pathway toward continual improvement and refinement of models as 

the community learns more about forest structure at a global scale.  

 

 
Fig S5 PFT by geographic region model fits in Evergreen Broadleaf Trees, Oceania using (a) 

OLS, b) RF, c) SVM and d) PLS).  
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Fig. S6. PFT by geographic region residual plots for model fits in Evergreen Broadleaf Trees, 

Oceania using (a) OLS, b) RF, c) SVM and d) PLS).  
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Fig. S7. Transformations affect the linearity between height metrics and field estimated AGBD. 

Here we show four different transformations, a) height (RH98 +100) vs biomass, b) height vs log 

transformed biomass, c) height vs square root transformed biomass, d) square root transformed 
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height against square root transformed biomass, and e) log transformed height against log 

transform.  
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