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Allometric equations to estimate above-ground biomass of small-
diameter mixed tree species in secondary tropical forests

Ramiro Puc-Kauil (1), 
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José René Valdéz-Lazalde (1), 
Valentín José Reyes-Hernández (1), 
Juan Manuel Dupuy-Rada (2), 
Laura Schneider (3), 
Paulino Pérez-Rodríguez (1), 
Xavier García-Cuevas (4)

Accounting for small-size tree biomass is critical to improve total stand bio-
mass estimates of secondary tropical forests, and is essential to quantify their
vital role in mitigating climate change. However, owing to the scarcity of equa-
tions available for small-size trees, their contribution to total biomass is un-
known. The objective of this study was to generate allometric equations to es-
timate total biomass of 22 tree species ≤ 10 cm in diameter at breast height
(DBH), in the Yucatan peninsula, Mexico, by using two methods. First, the ad-
ditive approach involved the development of biomass equations by tree com-
ponent (stem, branch and foliage) with simultaneous fit. In the tree-level ap-
proach, total tree biomass equations were fit for multi-species and wood den-
sity  groups.  Further,  we  compared  the  performance  of  total  tree  biomass
equations that we generated with multi-species equations of previous studies.
Data of total and by tree component biomass were fitted from eight non-linear
models as a function of DBH, total height (H) and wood density (ρ). Results
showed that two models, identified as model I and II,  best fitted our data.
Model I has the form AGB = β0  (ρ·DBH2·H)β1  + ε and model II: AGB = exp(-β0)
(DBH2·H)β1  + ε, where AGB is biomass (kg). Both models explained between
53% and 95% of the total  observed variance in biomass,  by  tree-structural
component and total  tree  biomass.  The variance of  total  tree  biomass ex-
plained by fit models related to wood density group was 96%-97%. Compared
foreign equations showed between 30% and 45% mean error in total biomass
estimation compared to 0.05%-0.36% error showed by equations developed in
this study. At the local level, the biomass contribution of small trees based on
foreign models was between 24.38 and 29.51 Mg ha -1, and model I was 35.97
Mg ha-1. Thus, from 6.5 up to 11.59 Mg ha-1 could be excluded when using for-
eign equations, which account for about 21.8% of the total stand biomass. Lo-
cal equations provided more accurate biomass estimates with the inclusion of
ρ and H as predictors variables and proved to be better than foreign equa-
tions. Therefore, our equations are suitable to improve the accuracy estimates
of carbon forest stocks in the secondary forests of the Yucatan peninsula.

Keywords: Species Diversity, Biomass-carbon Stocks, Additive Equations, Simul-
taneous Fit, Wood Density Groups

Introduction
The importance of tropical secondary for-

ests  for  biodiversity  conservation,  provi-
sion  of  ecosystem  services  and  climate
change  mitigation  is  globally  recognized
(Van Breugel et al. 2011,  Dupuy et al. 2012,
Poorter et al. 2016). These forests have ex-
panded partly due to abandonment of agri-
cultural land, increasing of extensive graz-
ing,  and  deforestation  and  degradation
of  old-growth  forests  (Peña-Claros  2003,
Flynn et al. 2010,  Poorter et al. 2016). Sec-
ondary  forests  hold  a  relative  high abun-
dance of small-diameter trees (Dupuy et al.
2012,  Memiaghe et al. 2016). In this study,
small trees are defined as trees smaller or
equal than 10 cm diameter at breast height
(DBH, 1.30 m above the ground). Small-di-
ameter trees are an important component
of  woody  plants  diversity,  show  positive
growth rates, and are key to study changes
in demographic features of tropical species
(Vincent et al. 2015, Memiaghe et al. 2016).
The  high  density  and  diversity  of  small

trees give forests high levels of relative re-
silience against anthropogenic and natural
disturbances (Anderson-Teixeira et al. 2015,
Memiaghe et al. 2016).

Small-diameter  trees  are  an  important
component  of  total  tree density  and bio-
mass in tropical forests in the Yucatan pen-
insula, Mexico. This component represents
between 2.4% to 60% of the total tree den-
sity  in  forests  of  the  state  of  Campeche,
Mexico (Zamora et al. 2008, Gutiérrez-Báez
et al. 2013). In other young secondary neo-
tropical  forests,  small  trees  might  repre-
sent  from  65% to  93.6%  of  the  total  tree
density (Brandeis et al. 2006, Memiaghe et
al. 2016). Small trees might also contribute
from 3.4% to 41.3% of the total biomass, de-
pending  on  the  forest  successional  stage
(Lima et al. 2012, Memiaghe et al. 2016). For
example,  in  secondary  tropical  forests  of
Mexico,  Brazil,  Nicaragua  and  Central
Africa, abandoned since 0,  17,  25,  37  and
more  than  48  years,  the  contribution  of
small  trees  to  total  biomass  was  ~  43.35
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Mg ha-1 (41.3%), 51.27 (27.5%) Mg ha-1, and 15
to 29.75 (5.7 to 14.45%) Mg ha-1, respectively
(Mascaro et al. 2005,  Lima et al. 2012,  Me-
miaghe et al. 2016).

Tree biomass is commonly estimated with
allometric models that use easily measured
tree variables  as  predictors,  namely  DBH,
total height and wood density (Chave et al.
2005, Duncanson et al. 2015). Most allomet-
ric biomass equations are developed with
trees  > 10 cm in  DBH and at  large scales
(Brown 1997,  Chave et al. 2005). Notwith-
standing the structural  and ecological  im-
portance that trees ≤ 10 cm in DBH repre-
sent in secondary tropical forests, they are
not  typically  incorporated  into  biomass
models (Chaturvedi et al. 2012,  Memiaghe
et al. 2016). Hence, the actual biomass lo-
cally stored in secondary tropical forests is
likely underestimated.

Biomass equations generated at the local
scale  might become a  reliable tool  to re-
duce  uncertainty  of  carbon  stock  esti-
mates.  For  instance,  biomass errors rang-
ing from 10% to 40%, and in extreme cases
up to 70% have been reported for neotropi-
cal regions (Van Breugel et al. 2011, Lima et
al. 2012,  Goussanou et al. 2016). The inclu-
sion of tree height and wood density into
the  fitting  process  could  also  help  to  re-
duce uncertainty and improve the accuracy
of biomass estimations. For example,  Bak-
er et  al.  (2004) and  Lima et  al.  (2012) re-
ported  an  inter-regional  variation  in  tree
wood density close to 16% in four regions
of the Amazonia. As a result, there was a
high variability  among regions in biomass
stocks estimated with the same generic al-
lometric equations, likely due to a variation
of DBH to total height ratio, which is also
influenced by species wood density (Baker
et al. 2004). In the Republic of Congo for-
ests, Bastin et al. (2015) found large bias in
biomass estimations which were based on

models  that  used wood density  obtained
at a global scale. In this case, the overesti-
mation in biomass ranged from 20% to 40%
in species with wood densities from 0.52 to
0.68 g cm-3. Thus, wood density, which can
vary  among  tree  species  of  the same re-
gion and even more among those of differ-
ent geographical regions, is a tree charac-
teristic  with  considerable  influence in  de-
termining total  biomass  variability  (Chave
et al. 2006).

In Mexican tropical forests, the study and
analysis of the biomass of small-size trees
and their contribution to the ecosystem is
limited, though many non-linear and expo-
nential type biomass equations have been
developed.  Indeed,  most  equations  have
been generated for temperate forests, es-
pecially for valuable timber species of the
Pinaceae and Fagaceae families (Rojas-Gar-
cia et al. 2015). Furthermore, equations for
tropical  forests  and particularly  for  small-
size trees are fairly uncommon.  Hughes et
al. (1999) developed a general equation for
tropical trees ≤ 10 cm in DBH in central-east
Mexico, which was further re-parametrized
by Chave et al. (2003) to estimate biomass
of small-size trees in Panama’s forests. In
the southern Yucatan peninsula,  Cairns et
al.  (2003) developed  nine  species-specific
equations for trees ≤ 10 cm in DBH and a
general equation for large-diameter trees.
However, the applicability of these species-
specific equations is limited for secondary
forests because they were developed using
old-growth stands data sets. Many of the
biomass estimations for small-size trees in
tropical  secondary  forests  in  Mexico  are
based on the general equations by Hughes
et al. (1999) and Chave et al. (2003). How-
ever, so far there has been no evaluation
of these equations when comparing with
local  equations  generated  for  small-size
trees in the Yucatan peninsula; such assess-

ment would  be useful  to detect  the vari-
ability of biomass across forest stands with
high-density  of  small-size  trees  obtained
from forest inventories. Also, local biomass
equations could become valuable tools to
evaluate  the  contribution  of  secondary
forests to the global carbon cycle through
improved estimations of carbon stocks.

In  this  study,  we  developed  allometric
equations to estimate the biomass of small
diameter trees (DBH ≤ 10 cm) for 22 tree
species  that  are  structurally  important  in
secondary tropical forests of the southern
Yucatan  peninsula,  Mexico.  The  main  ob-
jectives  were  to:  (i)  generate  biomass
equations  by  tree  structural  components
(i.e.,  stem,  branches  and  foliage);  (ii)  de-
velop multi-species equations and by wood
density groups (i.e., high, intermediate and
low  density)  to  estimate  total  tree  bio-
mass; (iii) compare the estimation error of
the multi-species and wood density group
equations  against  generalized  biomass
equations developed for other tropical re-
gions; and (iv) examine the ability to accu-
rately estimate biomass at the stand level
of the Hughes et al. (1999) and Chave et al.
(2003) equations compared with the best
equation generated in this study using data
from  young  secondary  forest.  The  hy-
potheses were:  (I)  equations that  include
total height and wood density as indepen-
dent  variables,  besides  DBH,  fit  the  data
better than simple equations (i.e., based on
one or two predictors), since they include
the  wood  properties  that  determine  the
species growth form; and (II) the equations
developed in this study are more accurate
for  total  tree  biomass  estimation at  local
level than those generated in other tropical
regions,  because  the  former  incorporate
the effects of growth and allometric char-
acteristics of the species in the model.

Materials and methods

Study site
This  study  was  performed  in  secondary

tropical  forests  ranging  from  nine  to  35
years-old and in an old-growth stands. The
stand age corresponds to the time (years)
elapsed after  the last  application of  slash
and burn agriculture system (maize, beans
and squash as main products). Stands were
located in the southeast region of the Yu-
catan peninsula, Mexico, between the Sian
Ka’an Biosphere Reserve in Quintana Roo
(19° 05′ and 20° 06′ N, 87° 30’ and 87° 58’ W)
and Calakmul Reserve in Campeche (19° 15′
and 17° 45′ N, 90° 10′ and 89° 15’ W – Fig. 1).
The  Calakmul  Biosphere  Reserve  is  the
largest  continuous  conservation  area  of
tropical rainforest in Mexico (7,231.85 km2).
The Sian Ka’an and Calakmul Biosphere Re-
serves are part of the Mesoamerican Bio-
logical Corridor, which serves to conserve
the habitat of different species of flora and
fauna,  and also to promote a  sustainable
social  and  economic  development  of  the
region (Miller et al. 2001).

The  dominant  vegetation  type  is  mid-
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Fig. 1 - Location of biomass harvest points in the southern Yucatan peninsula.
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Allometric equations for AGB in secondary tropical forests

stature,  semi  evergreen  tropical  forest
(Pennington & Sarukhán 2005). The region
is characterized by large areas of second-
ary vegetation growing in different succes-
sional  stages,  due  to  shifting  cultivation
and other types of land use. The climate is
tropical sub-humid with mean annual rain-
fall ranging from 948 to 1500 mm, most of
which  falls  in  summer,  while  the  driest
months  (March and April)  have less  than
600 mm of rainfall (Lawrence 2005). Mean
annual temperature is about 26 °C (García
2003). Topography is mostly flat with slight
undulations. Soil types correspond to gley-
sols,  vertic  cambisols  and  vertic  luvisols,
which are thin and shallow with a slow wa-
ter drainage, and surface flooding occurs in
the rainy season or during storms or hurri-
canes (Ellis & Porter-Bolland 2008).

Biomass data collection
We performed a pre-assessment on each

stand  to  collect  information  to  estimate
the  Structural  Importance  Index  (IVI)  of
each tree species (Curtis & McIntosh 1951).
The IVI  was calculated as the sum of the
relative  abundance,  frequency  and  domi-
nance of each species within a given stand
or forest. The tree species were ranked ac-
cording to the index IVI. A total of 22 spe-
cies ranging from 1 to 10 cm DBH (denoted
as small-size trees) were selected.

We  selected  and  harvested  between  12
and 18 trees by species (311 trees in total –
Tab. S1 in Supplementary material) for bio-
mass calculations. The fresh weight of each
structural component of the selected trees
(i.e.,  stem, branches,  and foliage) was re-
corded  with  an  electronic  scale  TORREY
CRS-HD® of 500 kg capacity and ± 100 g ac-
curacy. Three random samples of 100 ± 10 g
were obtained from branches and foliage
to determine the dry weight/fresh weight
ratio of  both structural  components.  Fur-
ther, three sections (disks) 5 to 7 cm thick
per tree were obtained from the base, mid-
dle and upper tree stem and weighed with
an electronic scale OHAUS Pioneer® of 5 kg
(accuracy ± 0.1 g). In the case of trees ≤ 2.5
cm  in  DBH,  the  total  structural  compo-
nents were sent to the laboratory. All sam-
ples  were  oven-dried  at  70  °C  until  they
reached constant dry mass. The dry weight
/fresh weight ratio was used to obtain the
tree dry weight of stem, branches, and fo-
liage. The total above-ground tree biomass
of sampled trees was calculated by adding
up the total dry weight of each of the three
structural components (Nam et al. 2016).

Wood density
Wood samples (cubes) were taken from

each tree at 1.30 m from the base of the
stem to determine wood basic  density (g
cm-3). Each sample included the pith, heart-
wood, sapwood and cambium because the
distribution  of  these  elements  influences
the wood density along the stem (Chave et
al. 2006). We used the water displacement
method  to  obtain  the  green  volume  of
each cube (Chave et al. 2006). Subsequent-

ly, the cubes were oven-dried at 105 °C to
constant  dry  mass.  Basic  density  of  each
wood sample was estimated using the dry
mass/green volume ratio. The species were
classified  in  three  wood  density  groups
(Tab. S1 in Supplementary material): low (≤
0.40 g cm-3), intermediate (0.41-0.60 g cm-3)
and  high  (≥  0.61  g  cm-3).  Basic  density  is
considered an economic indicator  for  the
industry, and a good wood descriptor for
the study of trees and their ecological be-
havior (Chave et al. 2006).

Model fitting and statistical analysis
Scatter  plots  of  total  biomass  against

DBH by species were used to explore data
trends,  and  decide  whether  a  linear  or  a
non-linear  model  would  be more suitable
to fit the data. Based on scatter plots, we
tested  eight  allometric  regression  model
types  that  were  previously  reported  in
other  studies  to  estimate  total  tree  bio-
mass (Tab. S2 in Supplementary material).

We  performed  independent  fitting  for
each model  to  estimate  their  parameters
by structural component and for total tree
biomass.  Model  fitting was performed by
applying  the  Newton’s  iterative  method
with  Ordinary  Least  Squares  (OLS)  using
the PROC MODEL in SAS (SAS Institute Inc.
2011). Weighted functions were applied to
the regression models to improve the ho-
mogeneity of variances and goodness-of-fit
statistics  (Alvarez-González  et  al.  2007).
The models’ goodness of fit was assessed
with the following statistics: (i) root mean
square  error  of  the  estimate  (RMSE);  (ii)
proportion  of  variance  explained  by  the
model corrected by the number of parame-
ters  estimated (adjusted  R2);  and (iii)  the
Akaike’s Information Criterion (AIC – John-
son & Omland 2004). The AIC measures the
goodness of fit of a regression model for a
set of species (Chave et al. 2005). The best
model minimizes the values of RMSE and
AIC, and maximizes the adjusted R2.

After  we selected  the models  following
the  independent  fitting,  they  were  fitted
by tree structural  components (i.e.,  stem,
branch, and foliage) using a simultaneous
equation  system.  The  systems  were  inte-
grated with  the biomass equations (func-
tions) for stem (eqn. 1), branches (eqn. 2)
and  foliage  (eqn.  3)  to  account  for  total
tree biomass by adding to the three struc-
tural  components  a  property  known  as
“model additivity” (Sanquetta et al. 2015).
Total tree biomass (eqn. 4) is a function of
the independent variables in the equations
for  structural  components,  including con-
straints on the model parameters and is ex-
pressed as:

(1)

(2)

(3)

(4)

where AGB is above-ground biomass (kg),
β is the vector of regression parameters to
be  estimated,  DBH  is  diameter  at  breast
height (cm), H is total tree height (m), ρ is
wood density  (g  cm-3)  by  species.  We as-
sumed  that  the  error  terms  are  indepen-
dent  and  identically  distributed  as  ε~
N(0,σ2

e).
The  simultaneous  fit,  without  analytical

relations  among  equations,  was  solved
with the NSUR technique (nonlinear seem-
ingly unrelated regressions) and iteratively
applying the ITSUR option of PROC MODEL
in SAS using Newton Algorithm (Sanquetta
et al. 2015 – Tab. S3). It is very common to
detect heteroscedasticity once the models
are fitted and the residuals obtained, and
to correct this problem, we fit models us-
ing  weighted  regression  (weighting  func-
tions)  to  improve  homogeneity  of  vari-
ances  and  guarantee  model  additivity,  as
recommended  by  Alvarez-González  et  al.
(2007) and Sanquetta et al. (2015).

Multi-species  (i.e.,  mixture  of  species)
equations were fitted using models previ-
ously  selected  after  independent  fitting
(Tab.  S4  in  Supplementary  material).  Bio-
mass equations by species and wood den-
sity  groups  (i.e.,  high  and  intermediate)
were  developed  with  a  nonlinear  model
(eqn.  5),  whereas  equations  for  species
with low wood density a linearized model
was used (eqn. 6), assuming that errors are
positive  and  multiplicative;  because  bio-
mass data showed a more linear trend than
the remaining species, we also used a cor-
rection factor (eqn.  7)  for correcting bias
introduced by the logarithmic transforma-
tion:

(5)

(6)

(7)

where  AGB  is  the  above-ground  biomass
(kg),  β0 and β1 are regression coefficients
of the parameters to be estimated, ρ is the
wood density  (g  cm-3)  by  species,  DBH is
the diameter at breast height (cm), H = to-
tal tree height (m), ln is the natural loga-
rithm function, CF is the correction factor,
σ is the residual standard error, and β′0 is
the  regression  coefficient  estimated  in
model  fitted.  We assumed  that  the  error
terms are independent and identically dis-
tributed as ε~N(0,σ2

e).
We  used  the  independent  model  ap-

proach  with  weighted  regression  to  fit
multi-species  and  wood  density  group
models  to  improve  homogeneity  of  vari-
ance and goodness of fit.  Model’s predic-
tive ability  was  assessed with  the “k-fold
cross-validation” method (Sileshi 2014, Var-
gas-Larreta et al. 2017). The original dataset
was split into k = 10 disjoint subsets of simi-
lar  sample  size,  where  elements  of  each
subset  were  chosen at  random.  We used
each  subset  as  a  validation  dataset,  and
the remaining k-1 subset was integrated to
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AGBstem= f stem (ρ , DBH , H ,β )+ε stem

AGBbranch= f branch(ρ ,DBH ,H ,β )+ε branch

AGB foliage= f foliage (ρ , DBH , H ,β )+ε foliage

AGBtotal−tree= f total−tree ( ρ , DBH ,H ,β )
+ε total−tree

AGB=β 0( ρ⋅DBH⋅H )β 1+ε

ln(AGB)=β 0+β 1 ln( ρ⋅DBH⋅H )+ε

CF=exp(σ
2

2 )⋅β 0
'
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the training set.  The “10-fold cross-valida-
tion”  provides  a  good  balance  between
both bias and variance, and is an indicator
of models’ performance with independent
datasets since it uses all  the observations
available for model  fitting (Vargas-Larreta
et al.  2017).  To evaluate the accuracy and
compare the performance of the equations
to estimate the biomass by structural com-
ponent and total  tree biomass,  we calcu-
lated the relative mean error (RME% – eqn.
8) and mean absolute percentage error or
bias (MAPE% –eqn. 9) for the selected mod-
els  (Djomo et  al.  2010,  Chave et  al.  2014,
Sileshi 2014) as follows:

(8)

(9)

where  RME% and MAPE% are the  relative
mean error and absolute bias, respectively,
AGBest  and  AGBobs are  predicted  (or  esti-
mated)  and  observed  biomass,  respec-
tively, and  n is the sample size (tree num-
bers).

We compared the RME% and MAPE% of
biomass estimated with equations used in
this study against equations generated for
other tropical regions to assess uncertainty
and  select  a  final  model.  For  example,
multi-species  equations  were  compared
with  Hughes et al. (1999) and  Chave et al.
(2003) equations (eqn. 10, eqn. 11):

(10)

(11)

where  AGBpred is  the  predicted  above-
ground biomass (kg), DBH is the diameter
at breast height (cm), ρ is the wood den-
sity (g cm-3) by species, and ρav is the mean

wood density (0.54 g cm-3) of the plot and
ln is the natural logarithm function.

We selected eqn. 10 and eqn. 11 because
they were developed for a mixture of tree
species  with  DBH  ≤  10  cm,  which  is  the
same size range of  the trees used in this
study. Hughes et al. (1999) generated their
equation  for  a  tropical  forest  in  central-
east  Mexico,  and  its  application  is  based
only on DBH as the predictor of biomass.
Chave  et  al.  (2003) equation  was  gener-
ated for tropical forests located in Panama,
and it is a re-parametrization of  Hughes et
al. (1999) model; it incorporates wood den-
sity  as  a  second  independent  variable,  in
addition to DBH. We hypothesized that the
inclusion of wood density would be benefi-
cial for models’ performance and accuracy.

The RME% and MAPE% of equations fitted
by wood density groups was compared to
Djomo et al. (2010) and  Van Breugel et al.
(2011) equations (eqn. 12, eqn. 13):

(12)

(13)

where  AGBpred is  the  predicted  above-
ground biomass (kg), DBH is the diameter
at  breast  height  (cm),  H  is  the total  tree
height, ln is the natural logarithm function,
and  ρ  is  the  wood  density  (g  cm-3)  by
species.

Our main interest was to assess the per-
formance of eqn. 12 and eqn. 13 since they
were  also  developed  for  mixed  tropical
forests with trees ranging from 1 to 138 cm
DBH, and included wood density and DBH
as  predictors.  Djomo  et  al.  (2010) devel-
oped their equation using data collected in
mature  forests  from  different  countries
and continents, and included total height,
wood density and DBH as predictors. The
Van Breugel et al. (2011) equation was gen-

erated using data from secondary forests
from one to 25 years-old and from mature
stands > 40 years-old, and using wood den-
sity and DBH as predictors.

The RME% and MAPE% of equations gen-
erated in other tropical regions was calcu-
lated  from  “K-fold-cross-validation”  tests
(Picard et al. 2012,  Jung & Hu 2015). Nega-
tive and positive values of  RME% indicate
underestimation  and  overestimation,  re-
spectively, of the total biomass of a set of
trees.  Statistical  differences  in  RME% and
MAPE% values among equations were ana-
lyzed with  the Kruskal-Wallis  tests  at  95%
confidence intervals  by  the “kruskal.test”
function  in  R  version  3.5.1  (R  Core  Team
2019).  We  performed  a  Duncan  multiple
range test, by using the “dunn.test” func-
tion implemented in the PMCMR package
in R, to determine among which equations
the mean RME and MAPE were statistically
different (Pohlert & Pohlert 2018). We ana-
lyzed  the  accuracy  of  models  estimation
using a linear regression between the pre-
dicted and observed values (without inter-
cept) of the biomass obtained, as well  as
the “lm” function in R. If the models fit the
data correctly,  the slope of the estimated
coefficient should be around one, whereas
values that are not around one indicate an
inadequate fit (Sileshi 2014).

Lastly, we evaluated the accuracy of esti-
mations  of  total  biomass  stored in  small-
size trees (≤ 10 in DBH) with the equations
of  Hughes  et  al.  (1999) and  Chave  et  al.
(2003) against  the  best  equation  of  this
study.  Large-trees  (DBH >10  cm)  biomass
was estimated with the equation of  Cairns
et al. (2003). The data were collected in 18
plots of 500 m2 size (10 × 50 m) distributed
across  tropical  secondary  forests  ranging
from nine to 80 years-old of abandonment
after traditional slash-and-burn agriculture
(maize, beans and squash).

Results
We  tested  eight  regression  models  to

predict above-ground biomass (Tab.  S2 in
Supplementary  material).  The adjusted R2

values for these models ranged from 80%
to 94%. Model I (named as Model 7 in Tab.
S2) and model II (named as Model 8 in Tab.
S2) showed the highest adjusted R2 and the
smallest  RMSE  and  AIC  (Tab.  S5).  We se-
lected  these  models  based  on  their  best
goodness-of-fit statistics.

Equation by structural component
Equations fitted with models I and II ac-

counted for 53% to 95% of the biomass vari-
ance observed by  structural  components,
and  from  92%  to  95%  of  the  total  tree
biomass  (Tab.  1).  The  smaller  explained
variances of 71% and 53% were observed for
branch biomass  estimation.  When consid-
ering  the  RMSE  values,  model  I  showed
greater  accuracy  for  stem,  branches  and
total tree biomass. The weighting function,
i.e., 1/DBH2H, was adequate to improve the
homogeneity  of  variances  and  goodness-
of-fit  statistics  by  tree  structural  compo-
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Tab. 1 - Allometric equations for biomass estimation by tree structural component and
total tree biomass derived with simultaneous fit and multi-species equations. (Model
I): AGB = β0(ρ·DBH2·H)β1; (Model II): AGB = exp(-β0)(DBH2H)β1. (AGB): stem, branches,
foliage or total tree estimated above-ground biomass (kg); (ρ): wood density (g cm -3);
(DBH): diameter at breast height (cm); (H): total tree height (m); (β0, β1): regression
coefficients of the models to be estimated; (RMSE): root mean square error of the
estimate; (adj-R2  ): proportion of variance explained by the model. We assumed that
the error terms are independent and identically distributed: ε~N(0,σ2

e).

Model No. Allometric model RMSE adj-R2

M
od

el
 I

1 AGBstem=0.057541(ρ·DBH2·H)0.916963 1.6538 0.95

2 AGBbranches=0.019758(ρ·DBH2·H)0.980837 1.6293 0.73
3 AGBfoliage=0.022462(ρ·DBH2·H)0.724191 0.4491 0.71

4 AGBtotal-tree=AGBstem+AGBbranches+ AGBfoliage 2.6009 0.95
5 AGBtotal-tree multi-species=0.078479(ρ·DBH2·H)0.945339 0.1389 0.96

M
od

el
 II

6 AGBstem= exp(-3.471635)(DBH2·H)0.956893 2.1974 0.93

7 AGBbranches=exp(-4.047339)(DBH2·H)0.954151 2.4432 0.76

8 AGBfoliage=exp(-3.838296)(DBH2·H)0.712222 0.8329 0.53

9 AGBtotal-tree=AGBstem+AGBbranches+ AGBfoliage 3.7892 0.92

10 AGBtotal-tree multi-species= exp(-2.97501)(DBH2·H)0.957051 0.1552 0.95
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RME%=∑
i=1

n

( AGBPred−AGBObs

AGBObs )⋅100

MAPE%=
1
n∑i=1

n

(AGB Pred−AGBObs

AGBObs )⋅100

AGB pred=exp [4.937+1.0583 ln (DBH 2)]

⋅(1.14 /106 )

AGB pred=ρ /ρav

⋅exp[−1.839+2.116 ln(DBH )]

ln(AGB pred)=−2.4733+0.2893 ln (DBH )2

−0.0378 ln(DBH )2

+0.0372 ln (DBH 2+H )

+0.2843 ln( ρ )

ln(AGB pred )=−1.130+2.267 ln(DBH )

+1.186ln( ρ )
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nent and for total tree biomass.
The  biomass  of  structural  components

and total tree for multi-species calculated
with models I and II of Tab. 1 showed good
fit  when  compared  to  the  biomass  ob-
served, since slope values (y) and correla-
tion coefficient (r) being close to one (Fig.
2).

Both the RME% and bias (MAPE%) for esti-
mating the biomass  by  structural  compo-
nent (i.e. stem, branches and foliage) was
conservative between model I and II (Tab.
2).  However,  there were statistical  differ-
ences in branch (p ≤ 0.01) and foliage bio-
mass  (p  ≤  0.01)  obtained  with  the  two
models (Tab. 2).

Total tree biomass estimated with multi-
species  equations  of  Tab.  1 showed  high
correlation with the biomass observed, as
indicated by the slope of the linear regres-
sion  (Fig.  3a,  Fig.  3b).  When  comparing
the performance of  these equations  with
those developed by Hughes et al. (1999) in
central-east  Mexico  and  Chave  et  al.
(2003), biomass appears to be consistently
underestimated  by  these  older  equations

(Fig. 3c,  Fig. 3d). Furthermore, these older
equations  cannot  accurately  estimate  the
biomass  of  trees  >  5  cm  DBH  or  greater
than 20 and 30 kg of dry weight (Fig. 3c,
Fig. 3d).

Model I and II showed less error and bias

in  the  estimation  of  total  tree  biomass
compared to the  Hughes et al. (1999) and
Chave et al. (2003) equations (Tab. 2). Par-
ticularly,  the  equations  developed  by  Hu-
ghes et al. (1999) and  Chave et al.  (2003)
underestimated  total  tree  biomass  by
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Tab. 2 - Comparison of the relative mean error (RME, %) and bias (MAPE, %) of biomass
estimations by structural component and total tree among multi-species equations
(derived from models I and model II),  Hughes et al. (1999) and  Chave et al. (2003)
equations. Different letters indicate significant statistical differences (p < 0.05) be-
tween structural components after Duncan’s multiple range test (± standard error).

Parms
Structural
component Model I Model II Hughes et al. Chave et al.

R
M

E

Stem -0.20 ± 1.57 a -0.02 ± 1.65 a - -

Branch -0.41 ± 2.56 a 0.14 ± 2.78 b - -

Foliage 0.93 ± 4.86 a 2.41 ± 6.18 b - -

Total-tree -0.36 ± 2.08 a 0.05 ± 1.92 a -44.51 ± 0.92 b -30.36 ± 1.21 c

M
A
PE

Stem 0.08 ± 0.06 a 0.008 ± 0.05 a - -

Branch 0.15 ± 0.10 a 0.05 ± 0.09 a - -

Foliage 0.32 ± 0.18 a 0.84 ± 0.17 a - -

Total-tree 0.13 ± 0.07 a 0.01 ± 0.07 a 15.57 ± 0.04 b 10.63 ± 0.05 c

Fig. 2 - Relationship
between observed and

predicted biomass. Model
I: total biomass (a), stem

biomass (b), branch
biomass (c), and foliage

biomass (d). Model II: total
biomass (e), stem biomass

(f), branch biomass (g),
and foliage biomass (h).
The gray solid line repre-

sents the 1:1 ratio between
the biomass values. The
black dotted line repre-

sents the linear regression
between observed and

predicted biomass.
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Fig. 3 - Comparison
between observed total
tree and predicted total

tree biomass. (a): Model I;
(b): model II; (c): Chave et

al. (2003); (d): Hughes et
al. (1999). The gray solid

line represents the 1:1 ratio
between biomass values.
The black dotted line rep-
resents the linear regres-

sion between observed
and predicted biomass.
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44.51% and 30.36%, respectively, on average
(Tab. 2). Also, the values of the estimation
error  of  multi-species  equations  in  this
study with respect to  Hughes et al. (1999)
and  Chave et al. (2003) equations showed
significant  statistical  differences  (p  ≤
0.0001 – Tab. 2).

Equation by wood density groups
The distribution of residuals and models

goodness-of-fit  statistics  for  species  with
high  and  intermediate  wood  density  im-
proved with the weighting factor 1/DBH2H.
The equations fit by wood density groups
(Tab. 3) accounted for 96% to 97% of the to-
tal  variance in total  tree biomass.  The ef-
fect of estimated coefficient β1, represent-
ing the influence of the three variables ρ,
DBH  and  H  on  total  biomass,  was  highly
significant (p < 0.0001). As a result, the ex-
ponential  and  linear  relationships  of  the

combined  variable  ρDBHH  proved  to  be
good predictors of  total  tree biomass for
species  with  high,  intermediate  and  low
wood density.

Results  of  the  linear  regression  analysis
also showed the existence of a stronger as-
sociation between the biomass estimated
for  species  with  high  and  intermediate
wood  density  than  for  species  with  low
wood density (Fig. 4a, Fig. 4c).

Furthermore,  the equations fit  by  wood
density group estimated total tree biomass
with a smaller error and bias (Tab. 4) than
the equations obtained by  Van Breugel et
al.  (2011) for  tropical  forests  of  Panama,
and by  Djomo et al. (2010). Significant sta-
tistical  differences  were  obtained  for  the
error and bias between model I and Djomo
et  al.  (2010) for  estimating  biomass  by
wood density group: high, p ≤ 0.0001; inter-
mediate, p ≤ 0.01; low, p ≤ 0.003.

Comparing predicting ability of 
equations

Based on inventory data, the biomass av-
erage of trees with DBH >10 cm was 128.97
± 14.46 Mg ha-1.  Small  trees  (2.5-10 cm in
DBH) biomass estimated with Model I was
greater  (p  <  0.05)  than the biomass  esti-
mated with Hughes et al. (1999) and Chave
et al. (2003) equations (Fig. 5). Particularly,
using  Model  I  the  small  trees  averaged
35.97  ±  3.47  Mg  ha-1 biomass  and  ac-
counted for 21.8% of  total  stand biomass.
Hughes  et  al.  (1999) equation  estimated
24.38 ± 2.07 Mg ha-1 biomass, and this value
represented  15.9%  of  the  total  biomass.
Chave et al.  (2003) equation showed that
biomass  accumulated  in  small  trees  was
29.51 Mg ha-1,  which accounted for 18.62%
of  the  total  biomass.  The  biomass  esti-
mates using the equations by Hughes et al.
(1999) and Chave et al. (2003) were similar.

Discussion
We developed allometric equations to es-

timate  total  above-ground  biomass  of
small  trees  in  tropical  forests  of  the  Yu-
catan peninsula, by structural components
(i.e.,  stem,  branches,  foliage),  and  for
groups of species with differences in wood
density  (i.e.,  high,  intermediate and low).
Models that only considered DBH had the
largest  estimation errors,  while equations
that included total  height  and wood den-
sity,  in  addition  to  DBH,  significantly  im-
proved goodness of fit and reduced the es-
timation  error  (Tab.  S5  in  Supplementray
material), which supports our hypothesis I.
This  is  consistent  with  other  studies  of
tropical forests in Asia, Africa and at global
scale,  which  documented  a  better  fit  for
models including such variables when com-
pared with models that did not (Djomo et
al. 2010, Nam et al. 2016). Total height and
wood  density  influence  the  variability  of
tree biomass because of their close correla-
tion with structural tree characteristics and
physiological and mechanical properties of
woody species (Chave et al. 2009). Accord-
ing to  Kenzo et al. (2009), a careful selec-
tion  of  predictors  of  biomass  is  required
for tropical forests to improve model accu-
racy and goodness of  fit.  However,  many
statistical models use DBH as the only inde-
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Tab. 3 - Allometric equations for total tree biomass estimation for tree species with
high, intermediate and low wood density. (n): sample size (number of trees); (AGB):
total tree estimated above-ground biomass (kg); (ρ): wood density (g cm -3); (DBH):
diameter at breast height (cm); (H): total tree height (m); (RMSE): root mean square
error of the estimate; (adj-R2): proportion of variance explained by the model. A cor-
rection factor (CF) of 1.05 was used to reduce the bias of log-transformation for the
biomass equation for low wood density species.

No
Wood density
group n Equation RMSE adj-R2

1 High 234 AGBtotal-tree=0.077022(ρ·DBH2·H)0.947669 0.1421 0.96

2 Intermediate 21 AGBtotal-tree=0.079603(ρ·DBH2·H)0.962061 1.0873 0.97

3 Low 20 AGBtotal-tree=0.0814549(ρ·DBH2·H)0.971735 0.3083 0.97

Tab. 4 - Comparison of the relative mean error (EMR, %) and bias (MAPE, %) of total
tree biomass estimated with equations fit by wood density groups (this study) and
foreign  equations.  Different  letters  indicate  significant  statistical  differences  (p  <
0.05) between structural components, result of Duncan’s multiple range test (± stan-
dard error).

Parms Model High Intermediate Low

EM
R

This study -0.34 ± 0.99 a -0.65 ± 4.74 a 2.66 ± 15.97 a

Djomo et al. (2010) -98.70 ± 0.05 c -98.31 ± 0.14 c -97.45 ± 0.05 b

Van Breugel et al. (2011) -1.23 ± 1.34 a -10.15 ± 3.19 ad -14.38 ± 5.23 ac

M
AP

E This study 0.03 ± 0.02 a 9.50 ± 0.01 b 0.11 ± 0.03 a

Djomo et al. (2010) 0.31 ± 0.42 a 34.14 ± 0.34 b 3.53 ± 0.28 a

Van Breugel et al. (2011) 0.14 ± 1.98 a 35.58 ± 1.03 b 5.57 ± 0.83 a

Fig. 4 - Comparison between observed versus estimated total tree biomass by wood density groups. High (a) intermediate (b) and
low (c). The gray solid line represents the 1:1 ratio between the biomass values. The black dotted line represents the linear regres -
sion between observed and predicted biomass.
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pendent  variable  as  biomass  predictor,
whereas  other  models  use only  DBH and
wood  density  (Nam  et  al.  2016)  and  ex-
clude total height because it is difficult to
be measured in the field (Djomo et al. 2010,
Hunter et al. 2013). Nevertheless, it is high-
ly  recommended  to  include  both  total
height  and  wood  density  in  allometric
equations because they might help lower
errors in model fitting (Chave et al.  2005,
Feldpausch et al. 2012), as observed in this
study.

Estimation of biomass by structural 
components

The use  of  NSUR  to  fit  models  by  tree
structural component (i.e., stem, branches,
and foliage – Tab. 1) improved model accu-
racy for small trees as the method guaran-
tees that total tree biomass is the result of
summing up the biomass of  each compo-
nent. Besides, the simultaneous estimation
method produced a better fit when consid-
ering the total variability of the biomass of
the  three structural  components.  A  num-
ber of  authors have also reported similar
results for tropical and temperate forests,
since  the  method  helps  to  minimize  the
sum of residuals and generates more con-
sistent  coefficients  of  biomass  compo-
nents and total biomass, guaranteeing ad-
ditivity (Sanquetta et al. 2015,  Zhang et al.
2017).  In  this  study,  the  simultaneous  fit
method produced a better fit when consid-
ering the total variability of the biomass of
the  three  structural  components,  which
concurred with similar studies using the ad-
ditivity method to fit biomass equations si-
multaneously (Parresol 2001,  Sanquetta et
al. 2015).

Model I showed a lower relative mean er-
ror for stem (-0.03%), branch (-2.5%) and fo-
liage (-0.17%)  biomass than model  II  (Tab.
2).  Previous  studies  in  forests  of  Africa,
Asia and Mexico reported bigger errors in
biomass estimation for tree structural com-
ponents (stem: ~ 4.06%; branches: 1.5% up
to 58.2%; foliage: 8.6% to 15.8%) when wood
density was not included as predictor (Djo-
mo et al.  2010,  Kuyah et al.  2012,  Douter-
lungne et al. 2013). Since tree crown archi-
tecture differs among tropical species (Ket-
terings et al. 2001,  Fayolle et al. 2013), we
assumed  that  the  sample  size  (i.e.,  trees
harvested)  was  large  enough to  obtain  a
good model fit, thereby these models bet-
ter explain the variability  of the branches
and foliage biomass. In addition, the inclu-
sion  of  total  height  and  wood  density  in
the models improved biomass estimations,
because they better  reflect  the allometry
(i.e.,  growth)  and  crown  architecture  of
tree species (Baker et al. 2004, Ngomanda
et al. 2014). Thus, there is a strong relation-
ship between total height and wood den-
sity  with  the  biomass  of  branch  and  fo-
liage.  Many  studies  indicate  that  species,
forest structure and site quality can also af-
fect the variation in biomass of tree com-
ponents (Mugasha et al.  2016,  Vargas-Lar-
reta et al. 2017). We did not include these

factors  in  our  models,  thus  their  effect
could not be tested in this study. However,
we emphasize that the models obtained in
this study are efficient and statistically reli-
able  to  estimate  the  biomass  of  small
trees.

Sources of error in total biomass 
estimation with multi-species equations

The inclusion of wood density in addition
to DBH and total  height in the multi-spe-
cies  models  I  and  II  improved  total  tree
biomass  predictions  as  showed  by  their
lowest biomass estimation error (Tab. 2). In
contrast,  eqn.  10,  which uses  DBH as  the
only predictor of biomass, had on average
45% mean error in the total biomass estima-
tion. The eqn. 11 improved the estimation
of total tree biomass with the inclusion of
wood density,  though still  showing a 30%
relative mean error (Tab. 2).

The large error in the biomass estimated
with eqn. 10 might be associated to the use
of DBH as the only  predictor,  and to the
sample size used (66 trees). Other studies,
similar to the one presented here, showed
that  allometric  models  using  DBH  as  the
only predictor can underestimate total bio-
mass  by  4.6%  or  overestimate  it  by  4.0%,
5.9%, or up to 52% error on average (Djomo
et al. 2010, Chaturvedi et al. 2012, Chave et
al. 2014). This can be explained mainly be-
cause DBH  is  insufficient  to  describe  bio-
mass  relationships  that  are  also  deter-
mined  by  total  height,  wood  density,
crown  diameter,  or  architectural  type
(Ngomanda  et  al.  2014,  Duncanson  et  al.
2015).

Regarding  the sample  size,  Van Breugel
et al. (2011) fitted two generic local models
with 244 trees of 26 species in secondary
forests, using only DBH in one model and
DBH  and  wood  density  in  the  second
model  as predictors.  When these authors
used 80% (195 trees) and 20% (49 trees) of
the total sampled trees, the relative mean
error  increased  from  4%  to  21%.  In  our
study, we did not split the sample to evalu-
ate models’  performance,  but  about 0.5%
error was  obtained when using 311  trees.
Therefore, the development of models for

multi-species using only  DBH as  the main
predictor  – such as those by  Hughes et al.
(1999), and Chave et al. (2003) equations –
requires a larger sample size than a model
including  both  DBH  and  wood  density,
since model parameters are systematically
sensitive to small  sample sizes (Van Breu-
gel et al. 2011, Duncanson et al. 2015).

The eqn. 11 (Chave et al. 2003) was devel-
oped  to  analyze  moist  tropical  forests  in
Panama,  using DBH and wood density  as
predictors of biomass. However, the wood
density used in the above model was the
average value calculated over 123 species,
corresponding to 0.54 g cm-3. In contrast,
we  used  wood  density  values  for  each
species  obtained from samples  measured
in  the  field.  We  considered  that  environ-
mental conditions, sample size and the pre-
dictors used in eqn. 10 and eqn. 11 might be
the main factors leading to the larger error
observed  when  the  above  models  were
tested on our datasets.

In general,  generic  equations developed
for a different region and applied at the lo-
cal  level,  give results  similar  to those ob-
tained in  this  study.  For  example,  Ketter-
ings et al.  (2001) generated equations for
specific sites with trees 5 to 50 cm in DBH
(overall  29 trees)  in  secondary  forests  of
Sumatra. Further, they contrasted the per-
formance  of  their  equations  (which  in-
cluded  wood  density  and  DBH  as  predic-
tors) with those developed at global scale
using  data  collected  in  a  wide  range  of
tropical conditions and neotropical vegeta-
tion types, resulting in a reduction by 35%-
51%  of  the  error  for  total  biomass  esti-
mates. Likewise, when the model fitted by
Brown (1997) was used for Sumatra’s tree
data,  biomass  estimations  were  higher
than the total biomass observed. In Brazil-
ian forests,  10.6% and 14.8% mean estima-
tion  errors  were  obtained  with  the  pan-
tropical  equations  by  Brown  (1997) and
Chave et al. (2005), whereas the local mod-
els showed a 5.63% mean estimation error
(Lima et  al.  2012).  In  southeast  Asian for-
ests,  a mean error of  19.8% was obtained
locally, but when regional and global scale
equations were used the average error in-

iForest 13: 165-174 171

Fig. 5 - Above-
ground biomass 
at the stand 
level of small 
trees estimated 
with Chave et al.
(2003), Hughes 
et al. (1999) and 
Model I, using 
inventory data.
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creased  from  29.2%  up  to  38.4%,  respec-
tively (Nam et al. 2016). These findings sup-
port  the  hypothesis  that  local  equations
can estimate biomass more precisely than
foreign equations, as the latters hardly re-
flect  the  allometric  relationships  of  local
species.

Ketterings  et  al.  (2001) and  Mugasha et
al.  (2016) pointed out that large errors in
biomass estimations are mainly due to: (i)
the relatively small sample size used to fit
the equations, which implies that equation
parameters  are  not  adequate  for  other
sites with high tree densities and variety of
species different to the range of tree diam-
eters  used  in  the  fitting  process;  (ii)  the
predictors are not adequate and sufficient
to explain the relationship with  total  bio-
mass  (in  this  case,  only  DBH);  (iii)  wood
density can affect the equation coefficients
since it is influenced by site characteristics
(i.e.,  soil,  precipitation,  species  mixture,
among other  factors),  i.e.,  parameter  val-
ues  could  not  be  appropriate  for  sites
where no estimations are available.

Equations by wood density groups
Biomass models for wood density groups

are not  common for  tropical  regions  and
particularly  for  the  Yucatan  peninsula.  In
this  study,  we  developed  three  biomass
equations for species with high (0.61-0.80
g cm-3), intermediate (0.42-0.52 g cm-3) and
low (0.25-0.29 g cm-3)  wood density (Tab.
3). The exponential and linear models pro-
vided the best fit and performance in esti-
mating  total  tree  biomass  of  species
grouped by wood density. RMSE values ob-
tained  using  the  above  models  ranged
from 0.0873 to 0.3083, which are similar to
the  RMSE  (0.287  to  0.548)  reported  for
Vietnam forests and for a global scale using
exponential  and linear  models on species
with  wood  density  ranging  from  0.50  to
0.83 g cm-3 (Chave et al.  2014,  Nam et al.
2016). In this study, the higher model accu-
racy  was  obtained  for  species  showing
high  wood  density,  followed  by  species
with intermediate wood density,  whereas
larger  errors were observed for low wood
density  species. In this last group, we be-
lieve that the small sample size (only two
species with  a  total  of  25 trees) was  not
sufficient to obtain reliable equations. Nam
et al. (2016) suggested that it is important
to sample tree species covering the whole
range  of  wood  densities  where  different
species coexist, in order to develop reliable
allometric equations. In this study, greater
accuracy  in  biomass  predictions  was  ob-
served for species with high wood density,
due perhaps to the large sample size (18 of
the  22  species  analyzed  were  included  in
this group). Indeed, it is likely that the 18
species fully  reflected the large variability
of  species  with  high wood density  in the
studied secondary forest.

The  pan-tropical  model  by  Djomo et  al.
(2010 – eqn. 12) underestimated the total
biomass  for  species  with  high,  intermedi-
ate and low wood density 98% of the time

(Tab.  4) and  no  significant  differences  in
biomass  estimation  among  wood  density
groups  were  observed.  Such  model  was
developed with trees ranging from 1 to 138
cm  in  DBH  and  0.25-0.57  g  cm-3 in  wood
density,  collected  from  different  tropical
regions of the world. Therefore, this model
was not appropriate to accurately estimate
the biomass of small trees (≤ 10 cm DBH) in
this study.

The model  by  Van Breugel et al.  (2011 –
eqn. 13) was developed for 26 species and
244 trees  from 3  to 29 cm in DBH;  trees
were harvested in secondary forests of 1 to
25 years-old, and in stands younger than 40
years-old,  within  forests  located between
agricultural  fields  and  grasslands;  wood
density  of  the  species  included  in  the
present  study  averaged  0.49  g  cm -3.  This
model was mostly generated for soft and
intermediate wood density tree species (al-
most 80% of the species harvested). In con-
trast,  we  harvested  more  trees  from
species  with  high  wood  density  (mean
wood density  was 0.64 g cm-3)  mainly lo-
cated in secondary forests with a relative
good conservation status and a history of
moderate land use (between one and two
years of agricultural use). Differences in en-
vironmental  patterns, forest type, species
biometric characteristics and wood density
values of species evaluated by Van Breugel
et  al.  (2011) and  those  obtained  in  this
study likely had a large influence on mod-
els’ performance. The large bias in biomass
estimations  observed  in  this  study  using
models generated for  other regions,  con-
firmed  that  the  use  of  such  models  in-
tended to be applied in those areas, is actu-
ally a significant source of uncertainty in es-
timating local biomass and carbon stocks.

Comparing the predictive ability of 
equations

We observed that model  I  had the best
accuracy in estimating the contribution of
small trees to total biomass (Fig. 5). In con-
trast, eqn. 10 (which is widely used to esti-
mate  small  tree  biomass  in  the  Yucatan
peninsula)  gave  lower  biomass  estimates
compared with eqn. 11.  We observed that
between  6.5  and  11.59  Mg  ha-1 biomass
could be excluded when eqn. 10 and 11 are
used, respectively. The lower performance
of the former equation can be attributed
to the fact that total height and wood den-
sity values are not included as predictors in
the model.  Also,  we noticed that  eqn.  10
underestimated  (around  45%)  the  total
biomass of trees higher than 20 kg (trees >
5 cm in DBH). Therefore, we assumed that
the number of trees of 5 to 10 cm DBH that
were harvested for this study was not rep-
resentative, which could have also contrib-
uted to the low model  performance.  Our
results demonstrated that using eqn. 10 an
important bias is introduced in biomass es-
timations  for  the  Yucatan  peninsula  for-
ests, which supports our second hypothe-
sis. Furthermore, this model may underes-
timate  the  variability  of  carbon stocks  at

landscape level, in particular for young sec-
ondary  forests  where  small  trees  domi-
nate.

Conclusions
We developed allometric equations to es-

timate biomass by tree component (stem,
branch,  and  foliage),  and  total  tree  bio-
mass for 22 small-size (≤ 10 cm DBH) tree
species in secondary forests of the Yucatan
peninsula,  Mexico.  We  confirmed  the  hy-
pothesis that the inclusion of total height
and wood density in allometric models im-
prove equations fit and biomass estimation
compared  with  models  including  a  single
predictor variable such as DBH.

The equations used in this study yielded
more  accurate  biomass  estimations  than
those developed for other tropical regions.
These results support the hypothesis that
local  equations  can  better  explain  the
biomass variability  in a region when both
total height and wood density are included
in the fitting process, since these parame-
ters are highly correlated with growth type
and wood physical properties of trees. 

The equations developed in this study can
be conveniently used to reduce uncertainty
in biomass and carbon stocks estimations
in secondary forests of the Yucatan penin-
sula, where a large proportion of the com-
munity is composed by small-size trees and
the sites are constantly affected by natural
and  anthropogenic  disturbances.  Manag-
ing tropical  secondary  forests  for  climate
change mitigation requires the estimation
of biomass/carbon stocks with a low level
of uncertainty; therefore, these equations
can be a useful tool  in the context of cli-
mate  change  within  the  projects  imple-
mented  by  REDD+ in  Mexico,  and similar
regions in developing countries.
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