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Abstract

& Key message This study assessed the effect of ecological
variables on tree allometry and provides more accurate above-
ground biomass (AGB) models through the involvement of
large samples representing major islands, biogeographical
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zones and various succession and degradation levels of natural
lowland forests in the Indo-Malay region. The only additional
variable that significantly and largely contributed to
explaining AGB variation is grouping based on wood-
density classes.
&Context There is a need for an AGB equation at tree level for
the lowland tropical forests of the Indo-Malay region. In this
respect, the influence of geographical, climatic and ecological
gradients needs to be assessed.
& Aims The overall aim of this research is to provide a
regional-scale analysis of allometric models for tree AGB of
lowland tropical forests in the Indo-Malay region.
& Methods A dataset of 1300 harvested trees (5 cm ≤ trunk
diameter ≤ 172 cm) was collected from a wide range of suc-
cession and degradation levels of natural lowland forests
through direct measurement and an intensive literature search
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of principally grey publications. We performed ANCOVA to
assess possible irregular datasets from the 43 study sites. After
ANCOVA, a 1201-tree dataset was selected for the develop-
ment of allometric equations. We tested whether the variables
related to climate, geographical region and species grouping
affected tree allometry in the lowland forest of the Indo-Malay
region.
& Results Climatic and major taxon-based variables were not
significant in explaining AGB variations. Biogeographical
zone was a significant variable explaining AGB variation,
but it made only a minor contribution on the accuracy of
AGB models. The biogeographical effect on AGB variation
is more indirect than its effect on species and stand character-
istics. In contrast, the integration of wood-density classes im-
proved the models significantly.
& Conclusion Our AGB models outperformed existing local
models and will be useful for improving the accuracy on the
estimation of greenhouse gas emissions from deforestation
and forest degradation in tropical forests. However, more sam-
ples of large trees are required to improve our understanding
of biomass distribution across various forest types and along
geographical and elevation gradients.

Keywords Tree AGB . Allometric equation . Regional
model . Destructive sampling . Biogeographical zones

1 Introduction

Tropical lowland forests are one of the most important forest
types in the Indo-Malay Archipelago, owing to its extent,
species diversity and biomass accumulation (Whitten 1987;
Jepson et al., 2001; Marshall and Beehler 2007). The forests
in this region play a crucial role in economic development and
in biodiversity conservation, environmental protection and
climate-change mitigation (FAO 2015; MoEF 2015).
Accurate estimation of forest biomass is important for under-
standing carbon balance and the dynamics of tropical ecosys-
tems (Cramer et al., 2004; Clark and Kellner 2012).
Landscape studies on biomass balance assessment commonly
use ground measurement and remote sensing techniques,
which require allometric equations to convert tree metrics de-
rived from ground measurements to tree aboveground bio-
mass (AGB) (Slik et al., 2008; Henry et al., 2015).

Unbiased and precise allometric equations would provide
more accurate estimates of forest AGB stock and CO2 emis-
sions associated with deforestation and forest-degradation ac-
tivities (Chave et al., 2014). The term of bias used is to define
systematic departure of predicted values from observed values
(Avery and Burkhart 1983). Unbiased models have regression
slopes between predicted and observed values not significant-
ly different from one and intercepts not significantly different
from zero. The scatter of the points around the line of observed

and predicted values is a measurement of precision. Precision
is commonly measured using standard deviation or root mean
square error (RMSE).

The most accurate AGB equations commonly include tra-
ditional variables as predictor variables in the form of
AGB = Exp (Ln α + Ln β*D2GH + ɛ), where AGB is a
function of diameter at breast height (D, in cm), tree height
(H, in m), specific wood density (G, in gramme.cm−3), α and
β are model parameters and ɛ is the error term (Chave et al.,
2005; Vieilledent et al., 2012). However, the choice of AGB
models often depends not only on the accuracy of the model
but also on the availability of the variables recorded during
field inventories. In the absence ofG orH, several authors use
other model forms, for example, AGB = Exp (Ln α + Ln
β*D2H + ɛ); AGB = Exp (Ln α + Ln β*D2G + ɛ) or
AGB = Exp (Ln α + Ln β*D + ɛ) Basuki et al. (2009);
Sileshi 2014). The more comprehensive the field measure-
ments, the greater the logistical requirements. Thus, several
models have been developed using fewer predictor variable,
which leads to a trade-off between cost and accuracy (Brown
et al., 1989). To overcome the logistical problem or reduce the
cost for measuring every tree height, development of a local
H-D model is often suggested for AGB estimation in tropical
forests (Feldpausch et al., 2012). Ledo et al. (2016) found that
local H-Dmodel developed using the three-parameter Weibull
model form was the most unbiased models compared to var-
ious H-D model forms.

Attempts to improve the AGB models have included
adding more and a wider range of samples or explored
additional predictor variables. Goodman et al. (2014) conclud-
ed that crown size is an additional important predictor vari-
able, and that it is more influential than the tree-height variable
in estimating tree AGB in Peru. However, performance as-
sessment of model with additional variables needs to be car-
ried out comprehensively, because the coefficient of determi-
nation will always increase when more predictor variable is
added to the model (Neter et al., 1996).

G is another important factor, but it is not easy to define the
appropriate values using global wood-density databases due
to the high variation ofG between and within species. Further,
identifying tree species accurately from highly diverse tropical
forests during forest inventory is difficult. In the absence of a
scientific tree name, a simple species grouping based on sim-
ilar wood classes improves AGB estimates in tropical peat
swamp forests (Manuri et al., 2014). Further, taxon-based
grouping improves the performance of the AGB model
(Basuki et al., 2009; Paul et al., 2016).

Several studies have suggested developing regional allo-
metric equations for nation-wide scales (Vieilledent et al.,
2012; Ishihara et al., 2015). However, the influence of geo-
graphical, climatic and ecological gradients to the model need
to be assessed to ensure precision of the AGB estimates and
avoid biases of the estimates when the generic model is
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applied locally. A regional AGB equation for the Indo-Malay
region has not been developed. Developing such a model
requires a large dataset of destructive sampling collected from
a wide range of geographical and environmental conditions.
Anitha et al. (2015) found as many as 168 studies (mostly
unpublished) on the development of local AGB equations in
21 forest ecosystems in Indonesia. Unfortunately, these local
AGB equations were developed from either a low number of
sample trees or a limited range of tree diameters. In addition,
more than 68% of the equations were developed for species-
specific equations, and thus were impractical for use in highly
diverse tropical forest ecosystem. Compilation of existing
datasets from published and unpublished studies is thus re-
quired for the development of the regional model to ensure
the validity of the model across a vast area of the lowland
tropical forests of the region.

Tree diversity can reach more than 200 species per hectare
in lowland tropical forests of the Indo-Malay region, making it
one of the most diverse forest types in the world (Kartawinata
1990). The development of species-specific biomass equa-
tions is not a feasible option for such highly diverse tropical
forests. However, specific equations based on geographical,
climatic and ecological gradients can be used to improve the
AGB models (Alvarez et al., 2012). Differences in vegetation
characteristics and species diversity among the geographical
regions of Indo-Malay are evident (Van Welzen et al., 2011).
The Indo-Malay regions have been divided by the imaginary
Wallace and Lydekker lines. Although these lines were drawn
based on the faunal distinction and the historical geological
formation (Mayr 1944), this division can be used for differen-
tiating phytogeographical zones because the lines
discontinued or lessened the dispersal of many plant species
(Van Welzen et al., 2011).

The overall aim of this research is to provide a regional-
scale analysis on tree biomass allometric models for lowland
forests across the Indo-Malay Archipelago. The study com-
piled harvested tree AGB databases of lowland tropical forests
and developed regional allometric equations for lowland for-
ests on mineral soils. The study also assessed the influence of
species grouping and site-related variables (including climatic
and geographical variables) on tree AGB variations.

2 Material and methods

2.1 Study sites

We compiled sampled sites with lowland forests within the
Indo-Malay Archipelago, including major island groups (i.e.
Malay Peninsula, Sumatra, Borneo, Java, Nusa Tenggara,
Maluku and Papua; see Fig. 1). The latitude and longitude of
the study sites ranged from 10.31° south to 4.039° north and
98.79° east to 140.50° east. The mean annual precipitation of

the study sites ranged from 1375 to 3992 mm with altitudes
between 16 and 1000 m above sea level. We limited our study
to only natural lowland forests on mineral soils. Therefore, we
excluded mountain forests, peat swamp forests, mangroves
and plantation forests from this study. Our interest lies not
only in primary forests but also in logged-over and secondary
forests. We divided our study sites into three regions: west,
middle and east following the biogeographical theory based
on floristic similarities (Fig. 1). The dominance of
Dipterocarpaceae in the western region diminished towards
the middle and eastern parts of the region, replaced by
Ericaceae, Monimiaceae and Sapindaceae (Van Welzen
et al., 2011). In the southeastern part of the middle region,
with the influence of dry climate, savannah and deciduous
vegetation dominate the landscape (Monk et al., 1997).

2.2 Tree AGB data

We collected data through direct measurement and supple-
mented these data with a literature review of principally grey
publications (see Appendix S1 for detail of the method
applied and Appendix S4 for a list of compiled studies). A
total of 1463 of destructive-sampling data from direct mea-
surement and literature were compiled from 22 independent
studies in 43 different sites (Table 1, Appendix S5). Eighty-six
per cent of our datasets were originally derived from lowland
dipterocarp forest in the western region, and only 4 and 9% of
the total samples were derived from lowland forests in the
middle and eastern regions of the Indo-Malay region, respec-
tively. Approximately 30% of the datasets were derived from
Chave et al. (2014) with n = 425 (Appendix S5). We excluded
trees with D less than 5 cm due to their small contribution to
the landscape-level carbon budget and high variation of resid-
uals, which resulted in a total of 1300 samples compiled from
direct measurements and literature review (Table 1).

Compiled datasets from the literature were principally col-
lected from independent studies. They were collected using
different methods for field and lab measurements. Some of the
studies did not provide details of how the data were collected
and could not be verified further for data validation.
Therefore, we performed ANCOVA for the 43 sites to evalu-
ate possible outlier trends of each dataset. Dataset that is rep-
resented by a separate regression line may be collected using
different method and thus should be excluded in the analysis.
We found that two datasets (EasKal10 and CenKal2) were
represented by separated regressions lines (Fig. 2). These
datasets were collected from lowland dipterocarp forests in
Borneo, which is one of the major forest types in Borneo
and well represented in our samples. We suspected this is
because of systematic errors in definition and assumptions
used during the field-data collection and laboratory analysis
(Manuri et al., 2016).
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Given that not all studies measured G, we used the global
wood-density database from Chave et al. (2009) based on the
closest taxonomy to fill in the missing data. We validated the
species names following the nomenclature from the available
tree flora checklists (Slik 2009 onwards; The Plant List 2013).
For evaluating the influence of site variables, we extracted
mean annual precipitation (P) from global climate data
(Hijmans et al., 2005) and global environmental stress data
(E) provided by Chave et al. (2014) for each field plot.

2.3 Assessment of influencing factors on AGB estimation

D,G andH are the most frequently used predictor variables in
estimating tree AGB due to their capability in explaining
AGB variation in tropical forests (Brown 1997; Chave et al.,
2014). In addition to those traditional variables, we performed
a regression analysis to assess other additional factors related
to climatic conditions, biogeographical regions (R) and spe-
cies grouping based on wood density and taxonomy. We used
mean annual precipitation (P) and environmental stress (E) as
variables related to climatic conditions.We tested the potential
of species grouping, using tree family (F) and wood-density
class (GC) (i.e. low, medium and high-density classes). GC
was derived from theG values by applying threshold values of
0.5 and 0.6 cm3 g−1. Due to the high diversity of tree species,

family grouping (FG) was also defined based on major family
groups, dipterocarp and non-dipterocarp. To assess the vari-
able effect to the model, we compared LogWorth values of the
variables, which were calculated as -log10 (p value) for better
sca l ing purpose (Sa l l 2002) . We evalua ted the
multicollinearity of each variable using the variance inflation
factor (VIF). Variables with VIF more than five were expected
to have multicollinearity (Sileshi 2014). The model forms, in
which the variables have large VIF, were excluded in the
model development.

2.4 Development of AGB equations

Several considerations are crucial in selecting the best AGB
model, i.e. (1) statistical correctness (including the best good-
ness of fit of model parameters, applying appropriate correc-
tion factor for log linear models, normal residuals distribution,
excluding models with high collinearity among predictor var-
iables), (2) high accuracy and predictive capability and (3)
practical for field implementation (Overman et al., 1994).

Through the Breusch–Pagan test and abridged White’s test
(Gujarati 2014), we found that our data exhibited
heteroscedasticity (p < 0.0001; see Appendix S2). Therefore,
we transformed AGB into a natural logarithm to overcome the
heteroscedasticity problem. To reduce systematic bias from

Fig. 1 Distribution of destructive-sampling plots used in this study. Darker grey colours indicated areas of higher elevation. The dashed lines represent
bio-geographical borders suggested by Van Welzen et al. (2011)
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back-transformation, we tested two correction factors, i.e. the
‘MM’ correction factor (Shen and Zhu 2008), as suggested by
Clifford et al. (2013), and ratio estimator (REst) (Snowdon
1991). Manuri et al. (2014) suggested that back-
transforming using REst provide more accurate models than
using correction factor suggested by Baskerville (1972).

To accommodate the availability of field-data parameters, we
developed equations from a wide range of model forms as

suggested by Chave et al. (2014) and Sileshi (2014). We
categorised the AGB models, based on the use of traditional
predictor variables, into four model types (i.e. those using D,
DH, DG and DGH). The selection of the best equations was
based on the highest adjusted coefficient of determination (adj
R2), the lowest RMSE and the lowest corrected Akaike informa-
tion criterion (AICc). To test the accuracy of the AGBmodel that
incorporated the local H-Dmodel, we developed a regional H-D

Table 1 Dimensions of tree samples compiled for this study by sites

No. ID Forest type Species Number of
samples

Min of
D

Max of
D

Min of
H

Max of
H

Average of
G

1 CenJav Community teak
forest

Tectona grandis 15 5.1 27.1 NA NA 0.517

2 CenKal1 Dipterocarp forest Mixed species 40 13.1 107.0 10.3 50.0 0.640
3 CenKal2b Dipterocarp forest Mixed species 45 7.0 70.0 NA NA 0.488
4 EasKal1 Dipterocarp forest Shorea sp., Dipterocarpus sp., Parashorea sp.,

Vatica sp.
27 7.3 129.3 13.0 54.1 0.506

5 EasKal2 Dipterocarp forest Shorea macrophylla 32 5.1 37.9 NA NA 0.320
6 EasKal3 Dipterocarp forest Shorea sp 19 6.6 32.0 NA NA 0.374
7 EasKal4a Dipterocarp forest Mixed species 20 16.0 96.2 16.0 37.7 0.629
8 EasKal5a Dipterocarp forest Mixed species 18 18.5 123.8 18.3 62.5 0.637
9 EasKal6 Dipterocarp forest Mixed species 24 26.7 82.8 22.4 50.9 0.486
10 EasKal7 Dipterocarp forest Mixed species 23 19.2 77.6 20.0 50.5 0.515
11 EasKal8 Dipterocarp forest Mixed species 40 6.0 68.9 11.1 43.5 0.605
12 EasKal9 Dipterocarp forest Mixed species 69 5.0 130.5 5.0 70.7 0.552
13 EasKal10b Dipterocarp forest Mixed species 54 8.6 154.4 11.8 60.7 0.759
14 EasKal11 Dipterocarp forest Mixed species 19 58.9 95.8 NA NA 0.818
15 EasKal12 Dipterocarp forest Mixed species 61 5.0 9.0 4.0 15.0 0.545
16 EasKal13 Dipterocarp forest Mixed species 30 5.1 9.5 5.0 10.0 0.488
17 EasKal14 Secondary forest Mixed pioneer species 80 5.1 20.3 NA NA 0.420
18 EasKal15 Lowland forest Mixed species 29 5.0 24.2 3.5 18.0 0.340
19 Mal Forest on

limestone
Mixed species 25 10.4 41.7 10.3 23.6 0.553

20 NorSul Agroforestry Cempaka and Wasian 30 6.9 50.0 6.5 29.3 0.367
21 Pap1 Lowland forest Intsia sp. 13 5.5 40.0 10.6 37.9 0.602
22 Pap2 Hilly forest Pometia sp 15 5.0 40.0 10.7 32.0 0.576
23 Pap3 Lowland forest Duabanga sp. 8 5.0 39.0 9.1 28.4 0.380
24 Pap4 Lowland forest Vatica sp 8 5.5 40.0 12.0 31.5 0.611
25 Pap5 Lowland forest Anthocephalus sp 8 5.0 40.0 6.0 23.5 0.430
26 Pap6 Lowland forest Myristica sp., Palaquium sp., Syzygium sp. 31 5.0 48.5 7.9 34.2 0.551
27 Pap7 Lowland forest Mixed species 30 7.0 134.0 NA NA NA
28 Pen1 Dipterocarp forest Mixed species 139 5.0 101.6 5.8 57.5 0.593
29 Pen2 Dipterocarp forest Mixed species 24 5.6 66.7 7.9 46.2 0.618
30 Sar1 Dipterocarp forest Mixed species 4 18.3 29.3 25.0 35.0 0.378
31 Sar2 Dipterocarp forest Mixed species 12 5.2 44.1 6.0 40.0 0.573
32 Sar3 Secondary forest Mixed species 36 5.1 28.7 6.8 23.0 0.306
33 Sum1 Secondary forest Mixed species 29 7.6 48.1 7.2 32.4 0.495
34 Sum2 Dipterocarp forest Mixed species 11 22.6 114.6 23.4 59.1 0.477
35 Sum3 Dipterocarp forest Dipterocarpus sp. 30 13.0 143.0 10.0 50.0 0.704
36 Tim1 Savannah Casuarina junghuhniana 18 5.1 33.7 NA NA 0.382
37 Tim2 Savannah Eucalyptus alba 15 8.7 49.2 NA NA 0.609
38 WesJav Lowland forest Mixed species 41 5.0 31.8 3.3 23.2 0.459
39 WesKal1 Dipterocarp forest Mixed species 40 6.2 91.7 6.4 42.0 0.490
40 WesKala Dipterocarp forest Mixed species 30 14.0 172.0 13.0 75.0 0.659
41 WesKal3 Dipterocarp forest Mixed species 37 5.0 47.0 6.0 31.0 0.575
42 WesKal4 Heat forest Mixed species 9 6.6 30.3 9.3 25.6 0.643
43 WesKal5 Heat forest Mixed species 12 5.1 14.4 6.4 10.0 0.513
Total 1300 5.0 172.0 3.3 75.0 0.528

D tree diameter at breast height or above buttress (in cm), H tree height (in metres), G wood density (in grammes cm−3 ), NA no data available
aDataset that is directly measured
bDataset that is excluded in the analysis
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model using the three-parameter Weibull model form (Bailey
1980; Feldpausch et al., 2012; Ledo et al., 2016).

We evaluated the precision and bias of the models when
applied to the individual dataset, species groups and forest
type. Unbiased models have regression slopes between pre-
dicted and observed values not significantly different to 1 and
intercepts not significantly different from 0. Precision is com-
monly measured using adj R2 or RMSE. Additionally, we
calculated the mean relative error (MRE) and the mean abso-
lute relative error (MARE) of each model (Picard et al., 2015).
Most of the statistical analyses in this study were performed
using JMP 12 software (SAS II, 2015). For calculating the
MM correction factors, we used the code provided by
Clifford et al. (2013) for R statistical package (R-
Development-Core 2013).

3 Results

3.1 Factors affecting AGB estimation

We assessed the influence of traditional (i.e. Ln D, Ln G, Ln
H) and additional variables (i.e. R, GC, P, FG and E) when
fitted to various linear Ln AGB models using regression anal-
ysis. We found that the traditional and most of the additional
variables were significant at p < 0.05 for estimating AGB
(Table 2). The traditional variables had larger LogWorth
values than the additional variables. This means that they
had greater influence in explaining the variation of AGB.

Fig. 2 ANCOVA for 43 study
sites. The solid lines represent the
regression lines of the outlier
datasets, which are separated
from the majority dashed lines.
The cross marks denote datasets
from EasKal10 and CenKal2,
respectively

Table 2 Effect test of site-related variables in different Ln AGB model
forms

Ln AGB model type Factors p value LogWorth VIF Number

D Ln D <0.0001* 598.1 1.2 851
GC <0.0001* 59.2 1.2;1.3
R <0.0001* 13.1 2.6;3.5
P 0.0096* 2.0 1.8
E 0.1786 0.7 1.8
F 0.4036 0.4 1.4

D-H Ln D <0.0001* 263.6 5.9 661
GC <0.0001* 48.7 1.2;1.3
Ln H <0.0001* 16.1 6.4
R <0.0001* 6.2 2.7;2.8
F 0.0896 1.0 1.3
E 0.1123 1.0 1.4
P 0.5480 0.3 1.3

D-G Ln D <0.0001* 600.9 1.3 851
Ln G <0.0001* 73.7 1.2
R <0.0001* 12.8 1.8
P 0.0547 1.3 2.6;3.5
E 0.1499 0.8 1.8
F 0.9878 0.0 1.4

D-G-H Ln D <0.0001* 274.8 5.8 661
Ln G <0.0001* 61.3 1.1
Ln H <0.0001* 14.5 6.4
R <0.0001* 5.9 2.7;2.8
F 0.0258* 1.5 1.3
E 0.1402 0.9 1.1
P 0.1138 0.9 1.3

VIF variance inflation factor

*Significant at level 0.01
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The variables related to Ln D, either stand-alone or in combi-
nation with G or H, were always the most prominent factors,
followed by Ln G and Ln H.

GC and R were the most influential additional variables.
Both had the highest LogWorth values after the traditional var-
iables (Table 2). In the DH model, the LogWorth of GC was
higher than Ln H, with values of 48.7 and 16.1, respectively. P
and E variables were not significant in explaining the AGB
variations in most model types. In the DGH models, most ad-
ditional variables were either not significant or the less influen-
tial than traditional variables (with very small LogWorth
values). Only models that included Ln H and Ln D separately
had problems with collinearity (VIF greater than 5).

3.2 AGB equations for lowland forests

We developed linear models with a combination of traditional
factors (i.e.D,H andG) and additional factors (i.e.GC and R).
The previous analysis provided justification for selection of
the best eight model types. All the multivariate model forms
involving the D and H variables separately revealed
multicollinearity with VIF > 5 (Table 2). The selected linear
AGB models were fitted to the compiled dataset from the
lowland tropical forests of Indo-Malay region (Appendix
S3) and were back-transformed using the MM and REst

correction factors. We found that models back-transformed
using REst performed better than the ones back-transformed
using MM correction factor. The MREs and MAREs of the
REst back-transformedmodels were lower than theMMback-
transformed models, except for all DHmodels (Appendix S6).
Therefore, we used the models that back-transformed using
REst correction factors for further analysis.

The simplest model (D1) was the least precise and unbiased
model, with the highest MRE and MARE (14.0 and 41.5%,
respectively) (Table 3). Residuals of D1 and DH1 against
wood-density values did not depict normal distribution, with
regression slopes further from zero (Appendix S7). This means
that trees of high wood density tended to have positive errors and
vice versa. The inclusion of GC in the D2 and DH2 models
reduced the slopes of residual distribution to close to zero. GC
integration in the D2 and DH2 models increased the adjusted R2

by 3.3 and 3.7%, respectively. The inclusion of G variable re-
duced bias (MRE) and precision (MARE), 35 and 26%, respec-
tively (Table 3). TheH variable was less influential in the models
performance, increasing R2 by only 0.3–0.4%. In addition, the
DG2 and DGH2 models did not perform better than the models
without the additional variable of R (DG1 and DGH1).

To assess the accuracy of the AGB model that involved the
H-D model, we developed a regional model using three-
parameters Weibull function (n = 1057). We found that tree

Table 3 Goodness of fit and errors of the developed models. Correction factors were incorporated in the equations

Model type Equations (REst) Number Adj R2 (%) RMSE (kg) MRE MARE Regression between observed and predicted AGB
[standard deviation]

Intercept Slope

D1 0.071(D)2.667 1201 0.888 1299 0.140 0.415 125 [40] 0.910 [0.009]

D2 Hi: 0.118(D)2.585 1201 0.920 1097 0.059 0.319 110 [33] 0.922 [0.008]
Med: 0.099(D)2.585

L: 0.066(D)2.585

DH1 0.038(D2H)0.984 1003 0.891 1352 0.162 0.351 57 [45] 0.956 [0.010]

DH2 Hi: 0.053(D2H)0.970 1003 0.865 1506 0.249 0.391 155 [50] 0.767 [0.009]
Med: 0.045(D2H)0.970

L: 0.034(D2H)0.970

DHw 0.038(D2HW)
0.984 1201 0.898 1240 0.336 0.509 -18 [38] 1.015 [0.010]

DG1 0.171D2.564G0.909 1142 0.943 951 0.042 0.307 102 [30] 0.930 [0.007]

DG2 W: 0.167D2.560G0.889 1142 0.936 1008 0.032 0.300 108 [32] 0.942 [0.007]
M: 0.151D2.560G0.889

E: 0.206D2.560G0.889

DGH1 0.088(D2GH)0.954 967 0.949 943 0.078 0.266 59 [32] 0.969 [0.007]

DGH2 W: 0.086(D2GH)0.955 967 0.948 947 0.089 0.268 57 [32] 0.970 [0.007]
M: 0.094(D2GH)0.955

E: 0.099(D2GH)0.955

DGHW 0.088(D2GHW)
0.954 1142 0.947 1418 0.177 0.342 −11 [29] 0.995 [0.007]

Adj R2 adjusted coefficient of determination, RMSE root mean square error,MREmean relative error,MAREmean absolute relative error.Hi,Med and L
high-, medium- and low-density woods, respectively. W,M and E western, middle and eastern regions, respectively. D, G, H and Hw are tree diameter,
tree-wood density, tree height and tree height derived from the Weibul H-D model
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diameter explained 85.6% of tree-height variation (Fig. 3). We
integrated the H-D model into the DHW and DGHW models.
Both models performed only slightly worse than the original
models that used measured H (Table 3; Fig. 4).

Finally, we evaluated the precision and bias of the models
on various islands, forest types and tree families. The models
have high bias and low precision for the Java and Sulawesi
datasets (Fig. 5). We found that most of the models did not
perform well on the secondary forest, heat forest and agrofor-
estry datasets, particularly the D and DH models. At the tree-
family level, Rutaceae, Asteraceae, Apocynaceae, Sabiaceae,
Rhizophoraceae , Euphorb iaceae , Cannabaceae ,
Crypteroniaceae, Pipperaceae, Anisophylleaceae and
Sapindaceae show high bias, where −0.5 > MRE > 0.5
(Fig. 5).

4 Discussion

4.1 Importance of traditional variables in explaining tree

AGB variations

The model with the diameter as the only predictor variable
performed worse than the models with the added variables
of tree height and wood density. This finding was in agree-
ment with other studies on highly diverse tropical forests
(Chave et al., 2014; Manuri et al., 2014) but contrasted with
several studies in low-diversity ecosystems such as secondary
forests (Hashimoto et al., 2004), Australian dry sclerophyll
forests (Paul et al., 2013) and swidden fallow forests
(McNicol et al., 2015). The inclusion of wood-density classes
improved the performance of our models for lowland tropical
forests. Substantial differences of mean wood density among
species, forest type and successions influenced the variation of
tree allometry in tropical forests (Hashimoto et al., 2004; Slik
2006). We concluded that diameter and wood density are es-
sential variables in estimating AGB in highly diverse tropical
ecosystems. We also found that the inclusion of H variables
only slightly improved the performance of the regional AGB

models, and performed no better than when G was included.
The potential reason could be that H and D in our datasets
have a strong correlation and thus introduce collinearity.

4.2 Effect of site-related and species-grouping variables

in tree allometry

Most of the additional variables had less influence on
the AGB models than the traditional variables. Although
mean annual precipitation and environmental stress were
significant variables in explaining AGB variations, their
inclusion only slightly improved the precision of the
models. The inclusions of climate-related variables were
not considered worthwhile given the effort of collecting
the variable data. Further, their influence diminished
with the introduction of the G and H variables to the
models. This was likely because climate influences
stand characteristics more than AGB variation directly
(Durán et al., 2015). For example, a low-precipitation
environment tended to have trees with high wood den-
sity (Onoda et al., 2010) and stimulated taller trees
(Banin et al., 2012). Thus, the inclusion of G and H

into the AGB model could explain the AGB variation
created by the climate-related variables.

Despite the evident differences in the vegetation character-
istics and species composition between the western and east-
ern regions of Indo-Malay (Van Welzen et al., 2011), our
biogeographical-wise equations only slightly improved the
accuracy of AGB estimation. The influence of the biogeo-
graphical region remained prominent in the AGBmodel with-
out the variables of wood density and tree height. Further, the
effect of the region on the H-D model was more influential
than it was on the AGB models (results not shown). In addi-
tion, edaphic and climatic factors associated with biogeo-
graphic variables had correlations with tree-wood density
(Slik et al., 2010). This suggests that the biogeographical ef-
fect on AGB variation is more indirect than its effect on spe-
cies and stand characteristics such as wood density and tree
height.

Fig. 3 For the regional H-D
model, we fitted nonlinear
regression using Weibull function
(a) and fitted the predicted H with
observed H (b). The cross marks
represent the outlier dataset (i.e.
EasKal10) defined in the AGB–D
relationship
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We found that the wood-density class was the only addi-
tional variable that contributed to a substantial improvement
in the accuracy of AGB estimation. This finding was in agree-
ment with an earlier study conducted in tropical peat swamp
forests (Manuri et al., 2014). Kenzo et al. (2009) also
emphasised the need for differentiating tree allometry of pri-
mary forests and secondary forests, which are substantially
different in the mean value of their wood density. Thus, spe-
cies groupings based on similar wood density could be fac-
tored into biomass equations for a wide range of characteris-
tics related to wood density, including heavy and light timber
species, climax and pioneer species or secondary and primary
forests (Slik 2006). However, our species grouping, which
was based on major family groups (i.e. dipterocarp and non-
dipterocarp) had little influence in explaining the variation of
tree AGB. This finding is in contrast to the study in tropical
peat swamp forests, where species grouping based on diptero-
carp and non-dipterocarp family group improves the accuracy
of AGB estimation (Manuri et al., 2014). Although our anal-
ysis demonstrated that the species grouping based on family
was a significant variable to AGB estimates (result not
shown), we decided not to develop taxon-based models due
to their inapplicability in highly diverse tropical forests and an
insufficient sample number to represent each family.

4.3 Implication for forest-biomass assessment approach

Our regional models were developed based on samples col-
lected from several tropical lowland forest types on mineral
soils on several major islands in the Indo-Malay region. Thus,
these models are more representative of major lowland forest
types than the existing local models that have been created
from the region. None of the existing local models perform
better than our regional models because the sample sizes used
for developing the local models were generally limited in
number, diameter range, species diversity and environmental
condition (Ishihara et al., 2015). Our samples better represent
the various succession and degradation levels of the natural
lowland forests than the samples used in the local models.
Given these limitations, the local models fail to estimate
AGB accurately beyond their range of validity. Thus, valida-
tion is crucial before the use of local models, particularly when
estimating forest AGB outside the area where the models were
developed.

It is common that during the process of forest inventory, the
field crew measure only trunk diameter due to difficulties in
species identification, occlusion of tree tops or simply because
of logistical constraints (Higgins and Ruokolainen 2004). The

use of an H-D model and the recording of local commercial
names instead of scientific species names were endorsed
through a government regulation for forest inventories con-
ducted by timber concessionaires or local communities in
Indonesia (MoF 2007). Therefore, the results of this study
should be able to overcome the limitations in measuring H.

As there is a high uncertainty in Hmeasurement of trees in
dense tropical forests, a simple approach using the H-Dmodel
was suggested to substitute H values in AGB models
(Feldpausch et al., 2012). Our testing on the integration of H
prediction into AGB models suggested that the models had
almost similar precision to the model using H from field mea-
surement. However, the models demonstrated a larger bias
than the model with field-measured H. Therefore, we suggest
further evaluation of the use of H prediction in the AGB
models using the whole-plot datasets.

In cases where tree height (both from field measurement
and local H-D model) cannot be determined, the D2 and
DG1models, which perform at a comparably level of accuracy
to our more complex DGH1 model, should be used. During
forest inventory, G was commonly estimated using the proxy
data (i.e. tree taxonomy). This could be a source of error due to
G variation inter and within species (Henry et al., 2010),
which was influenced by species life strategy, individual com-
petition and site characteristics (Muller-Landau 2004). He and
Deane (2016) concluded that tree size also plays role in
explaining the variation of wood density of tree trunks and
branches.

A globally compiledwood-density databasewas often used
for this purpose, which potentially introduced error, particu-
larly for trees of small diameter and uncommercial trees
(Manuri et al., 2014). Furthermore, the number of species
listed in the global database is far less the total global species
number, whereas tropical tree species contributed to a major
unmeasured species (Williamson and Wiemann 2010).
However, the error of G estimation at species level from the
taxon-based approach should not be of great concern when
estimating AGB at plot and landscape level because the G

variation at tree level is strongly related to theG at genus level
(Chave et al., 2006; Slik 2006).

The D2 model included species grouping based on wood-
density class, which improved the accuracy of the original D1
model. Such an approach will be very useful for field biomass
measurements made by timber concessions or small-scale
community forests. Determining high-density or low-density
wood without a scientific name should not be problematic.
Often forest managers employ villagers who can accurately
identify tree species based on local names. Databases linking
local names and wood-density values are commonly initiated
at local levels (Martawijaya et al., 2005; Putra et al., 2011).
Alternatively, the collection of data on wood density using
non-destructive techniques (e.g. small cores or pilodyn)
should be able to provide accurate wood-density values or

�Fig. 4 Scatterplots of the observed (y-axis) and the predicted (x-axis)
root AGB of selected best models. The lines are the fitted lines. Outlier
datasets, EasKal10 and CenKal2, are represented by the cross and x

marks, respectively
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classes and thus AGB accuracy (Williamson and Wiemann
2010; Kotowska et al., 2015).

Finally, for more accurate AGB estimations, we propose
using the DGH1or DG1 models because the influence of re-
gion is trivial for the accuracy of the AGB estimates. When G
is unavailable, we suggest using D2 or DH2, which have
additional variables for wood-density classes. Our models
should be valid for AGB assessment in a wide range of suc-
cession and degradation levels of natural lowland forests in
the region.

4.4 Limitations and future research directions

Although the coverage of forest types used in this study
accounted for more than 65% of total forests from their orig-
inal distribution (Whitten 1987; MacKinnon 1996; Marshall
and Beehler 2007), our samples were drawn principally from
dipterocarp forest and a limited number of samples from other
vegetation types such as non-dipterocarp lowland forests,
limestone forests, heath forests and deciduous forests.
Further research is thus required to fine-tune these equations,
and should focus on lowland non-dipterocarp forests, particu-
larly freshwater swamp forests, forests on ultrabasic soils, and
deciduous forests. Further, the datasets used for this study
were skewed in geographical distribution. Thirty-one of 43
sites were located in the western Indo-Malay region. Due to
the high variation in ecological and geographical conditions
among islands, more datasets derived from islands in the cen-
tral (Sulawesi and Maluku) and eastern regions (Papua) are
required to improve our understanding of biomass distribution
across various forest types and along geographical and eleva-
tion gradients. We also suggest further sampling of non-
dipterocarp species and from the middle and eastern regions,
which are underrepresented in our study. However, although
the dipterocarp trees are better represented in this study, the
model precision of this species group is still relatively low due
to the high diversity of the dipterocarp family.

Datasets from independent research are often subjected to
incomparable datasets due to unstandardised methods in de-
structive sampling. Although a national standard for tree allo-
metric development has been developed for Indonesia (BSN
2011), most of the studies in Indonesia did not comply with
this standard. Specific attention must focus on standardising
the G measurement method for converting stem and large
branch volumes into biomass during destructive sampling.
Williamson and Wiemann (2010) identified several common
mistakes in G measurement, including unrepresentativeness
of wood samples, low temperature drying and incorrect mea-
surement of wood-sample volume.

More than 5000 trees were felled for studies on local bio-
mass equations using destructive sampling in Indonesia
(Anitha et al., 2015). However, the datasets were difficult to
access due to the scarcity of published reports or literature.

Database repositories that compile data from existing studies
must be created because destructive sampling is time-
consuming and logistically demanding, particularly in relation
to managing felling permits and local logistical arrangements.

Further, the focus of such data repositories and data collec-
tion should be for large trees with trunk diameters of more
than 60 cm. New methods of terrestrial laser scanning (TLS)
used for generating three-dimensional (3D) features using
point clouds could be a potential approach for non-
destructive sampling of very large trees (Olagoke et al.,
2016). The number of TLS studies on forest structures and
individual trees has increased in the past decade, including
studies that perform tree-volume estimation using the 3D
cylinder-fitting method. Pfeifer et al. (2004) and Raumonen
et al. (2013) found that tree AGB estimates using TLS were
more than 90% accurate, and thus far, better than estimates
using allometric equations. Such methods will be very useful
for assessing the AGB of large trees, particularly in areas
where tree harvesting is restricted by legal or logistical
limitation.

5 Conclusion

This study provides more accurate regional AGB models
through the involvement of large samples representing major
islands, biogeographical zones and various succession and
degradation levels of natural lowland forests in the Indo-
Malay region. Our models outperformed existing local
models. The traditional variables explained more AGB varia-
tion than additional variables related to species grouping and
site characteristics. Wood-density class is the most influential
additional variables to tree AGB allometry. Despite its signif-
icance in explaining AGB variations, the inclusion of biogeo-
graphical region as an independent variable only slightly im-
proved the accuracy of AGB models.
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