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Te accuracy of biomass estimates through mathematical expressions remains essential for the sustainability of the REDD+

process.Te objective of this research was to develop allometric models by site species to evaluate the biomass ofTeobroma cacao
in agroforestry systems in the Central Region of Cameroon. Biomass data were obtained by the destructive method on a sample of
50 trees (5 cm≤D≤ 27 cm). Allometric models were developed using aboveground (AGB), belowground (BGB), and total biomass
(TB) as dependent variables and tree dendrometric parameters as independent variables. Nine linear models were adjusted based
on the Akaike information criterion (AIC), residual standard error (RSE), coefcient of determination (R2), and various statistical
tests including the normality test, heterogeneity, and autocorrelation for the analysis of residuals. Te diferent results show that
only the diameter appears to be a good predictor of biomass with an R2 greater than 0.94, 0.85, and 0.95, respectively, for
aboveground biomass (M1: ln B=−1.613 + 1.83× ln (D)), belowground biomass (M1: ln B=−2.611 + 1.65× ln (D)), and total
biomass (M1: ln B=−1.297 + 1.79× ln (D)). Incorporating crown diameter and height into the models slightly improved the
quality of adjusted. Comparison of the models in this study with pantropical equations previously used to estimate Teobroma
cacao biomass shows that the models in this study provide a better estimate. Te allometric equations developed in this work to
estimate the AGB, BGB, and TB ofTeobroma cacao can be used under the same environmental conditions to accurately predict
the biomass accumulated in agroforestry systems by this species and thus allow the implementation of activities aimed at reducing
emissions from deforestation and degradation (REDD+) for the beneft of local communities through the carbon market.

1. Introduction

Teobroma cacao is a crop produced in several countries
around the world [1]. Today, global demand for cocoa
continues to increase and forecasts for 2035 are around 5
million tonnes of beans, while all producing countries only
supply 4 million tonnes [2].

According to the National Cocoa and Cofee Ofce of
Cameroon, cocoa represents 2% of the national gross do-
mestic product (GDP), 6% of primary GDP, 30% of GDP in

the subsector of agricultural products intended for pro-
cessing, and 40% of primary sector exports [3].

For two decades, Cameroon has benefted from the
recovery in world prices and the commitment of the State to
revive its cocoa production [4] with a maximum production
of 290000 tonnes of cocoa per year [5]. Cameroon has
produces 193–295 tonnes of cocoa beans during the 2021-
2022 campaign [6]. It is today positioned as the 5th largest
cocoa-producing country in the world after Ivory Coast,
Ghana, Indonesia, and Nigeria and the fourth producing
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country in Africa [2]. It is by far the frst in Central Africa
ahead of the Democratic Republic of Congo and the Congo,
which are the two Central African nations succeeding it in
terms of production [7].

In Cameroon, cocoa cultivation is booming; out of the 10
regions in the country, seven of them are cocoa producers
[8]. According to the results of the 2021-2022 cocoa cam-
paign produced by the National Cocoa and Cofee Ofce [9],
the Central, South-West, Littoral, and South regions rep-
resent the largest cocoa production areas with surface es-
timates which vary between 375000 ha and 600000 ha. Te
Central Cameroon region alone covers 50.36% of national
production, provides 60–70% of exports, and constitutes an
important source of income for the rural world, with around
400000 producers and nearly 2 million people who directly
depend on it [10].

In these diferent production regions, cocoa is mainly
cultivated in monoculture, but there are agroforestry sys-
tems in which it is cultivated in association with woody
species and which guarantee the sustainability of these
systems [11].

Agroforestry systems in general and particularly those
based on cocoa preserve a certain level of biodiversity which
can reach a level close to that of a secondary forest [12].

Agroforestry systems based on cocoa trees, therefore,
appear to be a credible alternative for achieving the mil-
lennium objectives in terms of conservation of local species
and the fght against poverty in the world and thus con-
tribute to the fght against global warming [13].

Agroforestry systems based on cocoa trees also play
a crucial role in the recycling of nutrients and consequently
in soil fertility [14]. In addition to their ability to produce
biofuels, they provide farmers with diferent products that
they consume or sell to increase their income and contribute
to reducing greenhouse gas (GHG) concentrations in the
atmosphere, thus regulating the carbon cycle [8].

According to the IPCC report [15], 30% of agricultural
land converted to agroforestry and particularly those based
on cocoa by 2040 would generate a net sequestration po-
tential of 586 million tonnes of carbon per year. Oelbermann
et al. [16] also indicated that the potential for carbon storage
through the conversion of agricultural plots into agrofor-
estry plots is very high on a global scale. Gockowski and
Sonwa [17] and Temgoua et al. [8] found that cocoa-based
agroforestry systems store more than 105 tC ha−1 in their
aboveground biomass, among which that of Teobroma
cacao is also important, thus contributing to the reduction of
carbon dioxide (CO2) in the atmosphere.

With the advent of the REDD+ mechanism, agrofor-
estry systems could beneft from several advantages
through payment for ecosystem services such as carbon
credits. Indeed, the REDD+ mechanism calls for a quan-
tifcation of biomass through the development of allo-
metric equations; a signifcant number of studies have
been carried out in order to establish mixed allometric
equations for the estimation of biomass in Cameroon,
particularly in the humid tropical zone [18, 19]. Due to the
lack of local allometric models to estimate the biomass of
Teobroma cacao, some Central African countries,

particularly Cameroon, rely on pantropical models such
as those developed by Chave et al. [18] and Chave et al.
[20] to estimate the AGB and BGB of Teobroma cacao.
However, Molto et al. [21] reported three categories of
errors in biomass estimation, including the choice of the
allometric equation for estimating species biomass. Te
main reason for adjusting allometric models for this
species is that the available equations are not suitable for
estimating the biomass of Teobroma cacao; moreover,
the models adjusted in Asia [22] cannot be adapted to the
diferent biophysical conditions of the study area. Te use
of Chave models [18, 20] and other mixed models adjusted
to forests allowed us to considerably evaluate the biomass
of this species. However, adjusting the allometric models
of Teobroma cacao would improve the precision of the
estimates. Te objective of this study was to develop site-
specifc allometric equations to estimate aboveground
(AGB), belowground (BGB), and total biomass (TB) of
Teobroma cacao in agroforestry systems in the Central
Cameroon region.

2. Materials and Methods

2.1. Study Area. Tis study was carried out in the Central
Region of Cameroon, in the department of Mbam and
Inoubou, more specifcally in the locality of Makénéné. Te
study area is located between 4°28′–5°00′ N and
10°28′–11°00′ E [23]. Te climate of the area is the equatorial
type with two rainy seasons interspersed with two dry
seasons, with an average annual temperature of 25°C and
average annual rainfall is 1440mm [23]. Te relief is made
up of two sets of highlands and lowlands.Te highlands with
altitudes ranging from 600 to 900m are located in the central
and eastern parts of the area and cover three quarters of the
territory. Having a yellow ferralitic red soil type, the clayey
texture of these soils gives them a good water retention
capacity and also a sufcient permeability due to the
presence of pseudosand. Tese soils are suitable for growing
cofee and cocoa but require long-term amendments. Te
vegetation is represented by secondary forests dominated by
large trees [24, 25]. Tere are also areas dominated by
wooded savannahs [26].

2.2. Data Collection. Biomass data for the adjustments were
collected by destructive sampling of 50 trees of Teobroma
cacao over a range of diameters from 5 to 27 cm. In the
opinion of cocoa farmers, systematic sampling was carried
out on cocoa trees and made it possible to select the diferent
architectural types as defned by Jagoret et al. [3] from an age
range of 0 to 70 years. Before each tree was felled, den-
drometric parameters were measured. Te circumference
was measured at 30 cm above the ground level and the
diameter was obtained from the following formula:

D �
C

3.141593
, (1)

where C is the circumference in cm at 30 cm from the
ground and D is the diameter in cm.
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Te total height of each cocoa tree was measured once
the tree was felled. As for the crown diameter of the cocoa
trees, the average of the crown diameters according to the
orientations (North-South, East-West, North-East/South-
West, and North-West/South-East) was used to calculate the
average crown diameter of each cocoa tree sampled [27].Te
cocoa trees were then cut 5 cm above the ground using
a chainsaw and divided into compartments (leaves,
branches, stems, pods, and trunks).Te pods and leaves were
bagged directly while the stems, branches, and trunks were
cut into small pieces, bagged, and weighed using a scale
brand electronic balance (precision� 1 g). To determine
belowground biomass, the underground portion was dug
until the main root and all lateral roots extending from the
crown were visible. Once dug, the main components of the

root portion were treated as indicated by [28] as follows: the
root crown was cleaned to remove soil and weighed to obtain
the fresh weight. Broken roots at the crown were followed
and collected while the taproot was followed and collected to
a minimum diameter. On each cocoa tree sampled, all lateral
roots were selected and followed to a minimum diameter of
1 cm. A sample from each compartment was taken and dried
in an oven in the laboratory of the Faculty of Agricultural
Sciences of the University of Dschang at a temperature of
70°C for the leaves and 105°C for the roots, branches, trunk,
and the pods and then we monitored the evolution of the
weight at 6 hour intervals until a constant weight was
reached. Te dry mass of the sample obtained was used to
calculate the total dry mass of each compartment of the tree
according to the following formula:

Drymass of compartment �
Freshmass of compartment × drymass of sample

freshmass of sample
􏼠 􏼡[19]. (2)

Te total dry mass of the cocoa tree was obtained by
adding the various compartments that make it up.

2.3. Data Analysis

2.3.1. Adjustment of the Allometric Equations. To adjust the
allometric models, variables such as the diameter (D), total
height (H), and crown diameter (C) were used [29]. Te
response variable was aboveground biomass (AGB), be-
lowground biomass (BGB), and total biomass (TB). Nine
models were tested in this study to select the best based on
the comparison criteria; these models have been commonly
used for establishing allometric equations [18, 29, 30].

(1) lnB = a+ b× lnD+Ɛ,
(2) lnB = a+ b× ln (D×C) +Ɛ,
(3) lnB = a+ b× ln (D×H) +Ɛ,
(4) lnB = a+ b× ln (D2 ×H) +Ɛ,
(5) lnB = a+ b× ln (D2 ×C) +Ɛ,
(6) lnB = a+ b× ln (D) +C× ln (C) +Ɛ,
(7) lnB = a+ b× ln (D) + c× ln (H) +Ɛ,
(8) lnB = a+ b× ln (D2 ×C) + c× ln (H) +Ɛ,
(9) lnB = a+ b× ln (D) + c× ln (C) + d× ln (H) +Ɛ.

2.3.2. Selection of the Best Model. Te logarithmic trans-
formation of the variables introduces a bias into the estimate.
Te correction factor (CF) with CF� (RSE)2)/2 was used to
correct the biases generated by this transformation [29].

Te best models were selected based on parameters such
as the Akaike information criterion (AIC) which allows
a tradeof between bias and variance for a model [31]. Te
residual standard error (RSE) (%) and the relative root mean
square error (RRMSE) (%) make it possible to assess the
precision of the model, especially since the lower they are,
the more predictive the model is [32]. As for the deviation or

residual error (E) (%), it allows us to express the error linked
to the prediction of a model.

Residual error (E) (%), relative root mean square error
(RRMSE) (%), and Akaike information criterion (AIC) were,
respectively, calculated using the following formulas:

Residual error(%) � 100 ×
1
n

􏽘

n

i�1

(Mpi − Mi)
Mi

RRMSE �

�
1
n

􏽲
Mpi − Mi

Mi
􏼒 􏼓

2
,

(3)

where Mpi is the tree dry weight predicted by the regression
model, Mi is the observed dry weight, and n is the total
number of trees [30].

AIC � 2K − 2 ln(L), (4)

where k is the number of parameters in the regression model
and L is the probability of the adjusted regression
model [27].

Te best models are those with a coefcient of de-
termination is approximately equal to one, lower standard
residual error, and lower AIC [31–33].

2.3.3. Model Validity Testing. Te adjustment of the models
is completed by verifying that the mentioned hypotheses on
the residuals are well verifed and statistical tests required to
complete by validation of the adjustment of the models are
done [27]. Tus, the following tests were performed:

(i) Normality test (Shapiro–Wilk test) to verify the
normality of the residuals;

(ii) Heteroscedasticity test (studentized Breusch–Pagan)
to verify the heterogeneity of the residuals;

(iii) Autocorrelation test (Durbin Watson test) to check
the independence of the residuals.
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2.3.4. Ratio of Belowground Biomass (BGB) to Aboveground
Biomass (AGB). Te ratio (R) between belowground bio-
mass and aboveground biomass was calculated using the
following formula: R � (BGB/AGB) [34].

2.3.5. Comparison of the Models with the Equations Com-
monly Used to Calculate the Biomass of Teobroma cacao.
Dendrometric parameters collected from destroyed cocoa
trees were used in the pantropical allometric equations
developed by Chave et al. [18], Chave et al. [20], and in the
allometric equation developed by Somarriba et al. [22] to
calculate the aboveground biomass of this species. Below-
ground and total biomass were obtained from the guidelines
established by the IPCC [35]. Te diferent biomasses ob-
tained from these models were compared to the actual
biomass obtained and to the biomass predicted by the
models developed as part of this work. Te relative root
mean square error (RRME) and the residual error (E) were
used to assess the models. Te following aboveground
(AGB), belowground (BGB), and total (TB) biomass esti-
mation equations were used:

(1) Aboveground Biomass (AGB). Te models in this study
were compared with models commonly used to estimate the
aboveground biomass of Teobroma cacao. Tey are listed
below:

(i) Chave et al. [18] model: AGB=0.0673× (ρ D2 H)0.976

(ii) Chave et al. [20] model: AGB= 0.0509× ρ D2 H
(iii) Somarriba et al. [22] model: Log (AGB) = (−1.684

+ 2.158× Log (d30) + 0.892× Log (alt))

With B: aboveground biomass (kg); d30: trunk diameter
at 30 cm; alt: total height (m); D: diameter at 30 cm; and ρ:
wood density.

(2) Belowground Biomass (BGB). Te belowground biomass
estimated by each model was obtained by multiplying the
aboveground biomass by R= 0.24 [35]. Te following for-
mulas were used:

(i) BGB=Chave et al. [18]× 0.24
(ii) BGB=Chave et al. [20]× 0.24
(iii) BGB= Somarriba et al. [22]× 0.24

(3) Total Biomass (TB). Total biomass was obtained by
adding aboveground biomass (AGB) to belowground bio-
mass (BGB) [35]. Te following formulas were used:

(i) TB=Chave et al. [18]× (1 + 0.24)
(ii) TB =Chave et al. [20]× (1 + 0.24)
(iii) TB = Somarriba et al. [22]× (1 + 0.24).

2.3.6. Data Processing. Te aboveground biomass, be-
lowground biomass, and total biomass data were pro-
cessed using the Excel spreadsheet and the 64 bit R
software version 4.2.3 served as a basis for the various
statistical tests.

3. Results

3.1. Total Allometric Equations. Te allometric models were
developed from a dataset of 50 trees of Teobroma cacao
species with a diameter ranging from 5 to 27 cm.Te graphic
explorations of the scatterplots preceded the choice of the
potential function for the adjustment and provide in-
formation on the nature of the relationships between the
dendrometric variables and the dry biomass of Teobroma
cacao. Figure 1 shows the linearized relationships by loga-
rithmic function between total dry biomass and diameter
(a), total dry biomass and crown diameter (b), and fnally,
total dry biomass and height (c).

After exploring the diferent relationships (Figure 1), the
results of the adjusts are reported in Table 1.

Table 1 shows the diferent adjusted models, the nine
preselected models for aboveground, belowground, and
total dry biomass. According to Table 1, diameter (D)
taken as an independent variable appears to be a good
predictor of biomass with an adjusted R2 equals to 0.942,
0.855, and 0.952, respectively, for aboveground biomass
(ln B � −1.613 + 1.83 × ln (D)), belowground (ln B � −

2.611 + 1.65 × ln (D)), and total dry biomass (ln
B � −1.297 + 1.79 × ln (D)). Adding the crown diameter
(C) slightly improves the quality of the adjusts with an
adjusted R2 greater than 0.945, respectively, for above-
ground (ln B � −1.594 + 1.63 × ln (D) + 0.3 × ln (C)) and
total biomass and (ln B � −1.278 + 1.57 × ln (D) + 0.37 × ln
(C)) and 0.864 for belowground biomass (ln
B � −2.574 + 1.33 × ln (D) + 0.55 × ln (C)). When we si-
multaneously integrate the three variables (ln (B) �

a + b × ln (D) + c × ln(C) + d × ln (H) + Ɛ)), the quality of
adjustment is not improved.

3.2. Statistical Test for Model Validity. Table 2 shows the
results of the diferent statistical tests for the best performing
models. From this table, it is observed that the residuals show
a normal distribution with the group of points in the Q-Q plot
forming a straight line. However, the validation of the models
was not just limited to the analysis of the distribution of the
residuals. From Table 2, the p values of the Shapiro test are
higher than the probability of 0.05, the Durbin–Waston test
statistic is between 1.5 and 2.5, and the Breusch–Pagan test
statistic is higher than 0.05; except for model M2 for esti-
mating aboveground biomass, M3 and M4 for estimating
belowground biomass, and M2 and M5 for estimating total
biomass ofTeobroma cacao, the Breusch–Pagan test is lower
than 0.05, afecting its validation.

3.3. Selection of Allometric Equations. According to the re-
sults in Table 1, models M6: B�Exp (−1.594 + 1.63× ln
(D) + 0.36× ln (C)); M5: B�Exp (−2.564 + 0.64× ln
(D2 ×C)), andM6: B�Exp (−1.278 + 1.57× ln (D) + 0.37× ln
(C)), respectively, for aboveground, belowground, and total
biomass of Teobroma cacao have standard residual errors
equal to 0.180, 0.267, and 0.157 and lower AIC than those of
the other models (Table 1); these models are more efcient.
However, with the exception of model M2 for estimating
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aboveground biomass, M3 and M4 for estimating below-
ground biomass, and M2 and M5 for estimating total bio-
mass of Teobroma cacao, all the other models listed in
Table 1 are valid and can be used to estimate aboveground,
belowground, and total biomass of Teobroma cacao. Since
measuring the total height and crown diameter in the feld is
more difcult than measuring diameter, we recommend the
model M1: B�Exp (−1.613 + 1.83× ln (D)) for the above-
ground biomass, M1: B�Exp (−2.611 + 1.65× ln (D)) for the
belowground biomass, and M1: B�Exp (−1.297 + 1.79× ln
(D)) for the total biomass of Teobroma cacao.

3.4. Ratio of Belowground Biomass to Aboveground Biomass.
Te ratio of belowground biomass to aboveground biomass
is 0.22.

3.5. Comparisonof theModels ofTis Studywith theEquations
CommonlyUsed toCalculate theBiomass ofTeobromacacao.
Table 3 shows the diferent values of the relative root mean
square error and average error of the models in this work
and those commonly used to estimate Teobroma cacao
biomass. Table 3 shows that in terms of aboveground (AGB)
biomass, the models developed by Chave et al. [18] and
Chave et al. [20] underestimate biomass by −3.34% and
−15.273%, respectively. Te model by Somarriba et al. [22]
underestimates biomass by −81.88%. However, to minimize
bias, the models M1, M3, M4, M5, M6, M7, M8, and M9
adjusted in this work can be used to estimate the above-
ground biomass of Teobroma cacao. If a few models are
given priority, model M6: B�Exp (−1.594 + 1.63× ln
(D) + 0.36× ln (C)) overestimates biomass by 3.21%. Model
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Figure 1: Linear regressions between total biomass and diameter (a), crown diameter (b), and height of Teobroma cacao (c).

International Journal of Ecology 5



Ta
bl

e
1:

M
od

el
s
pa
ra
m
et
er
s
an
d
pe
rf
or
m
an
ce

cr
ite
ri
a
fo
r
bi
om

as
s
es
tim

at
io
n
of

T
eo
br
om

a
ca
ca
o.

M
od

el
s

M
od

el
ex
pr
es
sio

n
N

D
a

b
c

d
RS

E
RR

M
SE

Re
sid

ua
l

er
ro
r

(%
)

A
IC

FC
R
2

A
bo
ve
gr
ou

nd
bi
om

as
s
(A

G
B)

M
1

ln
B

�
a
+
b

×
ln

(D
)+
ε

50
5–

27
−
1.
63
∗∗
∗

1.
83
∗∗
∗

0.
18
6

0.
19
8

3.
47

−
22
.4
6

0.
01
7

0.
94
2

M
2

ln
B

�
a
+
b

×
ln

(D
×
C)

+
Ɛ

50
5–

27
−
1.
42
∗∗
∗

1.
12
∗∗
∗

0.
21
1

0.
21
9

4.
43

−
9.
72

0.
02
2

0.
92
5

M
3

ln
B

�
a
+
b

×
ln

(D
×

H
)+

Ɛ
50

5–
27

−
1.
41
∗∗
∗

1.
1∗
∗∗

0.
20
9

0.
21
2

4.
31

−
10
.8
3

0.
02
1

0.
92
7

M
4

ln
B

�
a
+
b

×
ln

(D
2

×
H
)+

Ɛ
50

5–
27

−
1.
52
∗∗
∗

0.
69
∗∗
∗

0.
19
3

0.
19
7

4.
31

−
18
.6
5

0.
01
9

0.
93
7

M
5

ln
B

�
a
+
b

×
ln

(D
2

×
C)

+
Ɛ

50
5–

27
−
1.
55
∗∗
∗

0.
70
∗∗
∗

0.
18
5

0.
19
6

3.
44

−
22
.6
9

0.
01
7

0.
94
2

M
6

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(C
)+

Ɛ
50

5–
27

−
1.
61
∗∗
∗

1.
63
∗∗
∗

0.
3n

s
0.
18
0

0.
19
0

3.
21

−
24
.5
0

0.
01
6

0.
94
5

M
7

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

Ɛ
50

5–
27

−
1.
61
∗∗
∗

1.
74
∗∗
∗

0.
15
3

0.
18
7

0.
19
4

3.
48

−
20
.8
1

0.
01
7

0.
94
1

M
8

ln
B

�
a
+
b

×
ln

(D
2

×
C
)+

c×
ln

(H
)+

Ɛ
50

5–
27

−
1.
53
∗∗
∗

0.
65
∗∗
∗

0.
21

0.
18
6

0.
19
1

3.
41

−
21
.4
3

0.
01
7

0.
94
2

M
9

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

d
×
ln

(C
)+
ε

50
5–

27
−
1.
60
∗∗
∗

1.
56
∗∗
∗

0.
10

ns
0.
35

0.
18
2

0.
18
7

3.
25

−
22
.6
7

0.
01
7

0.
94
4

Be
lo
w
gr
ou

nd
bi
om

as
s
(B
G
B)

M
1

ln
B

�
a
+
b

×
ln

(D
)+
ε

50
5–

27
−
2.
65
∗∗
∗

1.
65
∗∗
∗

0.
27
8

0.
31
6

7.
92

17
.7
8

0.
03
9

0.
85
5

M
2

ln
B

�
a
+
b

×
ln

(D
×
C)

+
Ɛ

50
5–

27
−
2.
49
∗∗
∗

1.
03
∗∗
∗

0.
27
5

0.
30
6

7.
70

16
.8
7

0.
03
8

0.
85
7

M
3

ln
B

�
a
+
b

×
ln

(D
×
H
)+

Ɛ
50

5–
27

−
2.
42
∗∗
∗

0.
98
∗∗
∗

0.
30
1

0.
37
2

9.
56

25
.7
9

0.
04
5

0.
82
9

M
4

ln
B

�
a
+
b

×
ln

(D
2

×
H
)+

Ɛ
50

5–
27

−
2.
52
∗∗
∗

0.
62
∗∗
∗

0.
28
8

0.
34
5

8.
68

21
.5
5

0.
04
1

0.
84
3

M
5

ln
B

�
a
+
b

×
ln

(D
2

×
C)

+
Ɛ

50
5–

27
−
2.
60
∗∗
∗

0.
64
∗∗
∗

0.
26
7

0.
29
3

7.
20

13
.6
7

0.
03
6

0.
86
6

M
6

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(C
)+

Ɛ
50

5–
27

−
2.
61
∗∗
∗

1.
33
∗∗
∗

0.
55
∗

0.
26
9

0.
29
4

7.
27

15
.5
5

0.
03
6

0.
86
4

M
7

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

Ɛ
50

5–
27

−
2.
67
∗∗
∗

1.
76
∗∗
∗

−
0.
16
0

0.
28
0

0.
31
2

7.
94

19
.6
1

0.
03
9

0.
85
2

M
8

ln
B

�
a
+
b

×
ln

(D
2

×
C)

+
c×

ln
(H

)+
Ɛ

50
5–

27
−
2.
62
∗∗
∗

0.
68
∗∗
∗

−
0.
19
0

0.
26
9

0.
29
0

7.
21

15
.3
7

0.
03
6

0.
86
4

M
9

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

d
×
ln

(C
)+
ε

50
5–

27
−
2.
64
∗∗
∗

1.
48
∗∗
∗

0.
24
5

0.
57

0.
27
1

0.
28
9

7.
26

17
.1
2

0.
03
7

0.
86
2

To
ta
lb

io
m
as
s
(T
B)

M
1

ln
B

�
a
+
b

×
ln

(D
)+
ε

50
5–

27
−
1.
31
∗∗
∗

1.
79
∗∗
∗

0.
16
4

0.
16
9

2.
68

−
34
.8
3

0.
01
3

0.
95
2

M
2

ln
B

�
a
+
b

×
ln

(D
×
C)

+
Ɛ

50
5–

27
−
1.
10
∗∗
∗

1.
10
∗∗
∗

0.
18
8

0.
18
9

3.
48

−
21
.4
1

0.
01
7

0.
93
7

M
3

ln
B

�
a
+
b

×
ln

(D
×
H
)+

Ɛ
50

5–
27

−
2.
42
∗∗
∗

0.
98
∗∗
∗

0.
30
1

0.
80
5

−
80
.3
8

25
.7
9

0.
04
5

0.
82
9

M
4

ln
B

�
a
+
b

×
ln

(D
2

×
H
)+

Ɛ
50

5–
27

−
1.
2∗
∗∗

0.
67
∗∗
∗

0.
17
2

0.
17
1

2.
92

−
29
.8
9

0.
01
5

0.
94
7

M
5

ln
B

�
a
+
b

×
ln

(D
2

×
C)

+
Ɛ

50
5–

27
−
1.
23
∗∗
∗

0.
68
∗∗
∗

0.
16
1

0.
16
4

2.
57

−
36
.6
2

0.
01
3

0.
95
4

M
6

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(C
)+

Ɛ
50

5–
27

−
1.
29
∗∗
∗

1.
57
∗∗
∗

0.
37
∗

0.
15
7

0.
15
9

2.
41

−
38
.6
8

0.
01
2

0.
95
6

M
7

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

Ɛ
50

5–
27

−
1.
29
∗∗
∗

1.
71
∗∗
∗

0.
13
5

0.
16
5

0.
16
7

2.
68

−
33
.1
8

0.
01
4

0.
95
1

M
8

ln
B

�
a
+
b

×
ln

(D
2

×
C)

+
c×

ln
(H

)+
Ɛ

50
5–

27
−
1.
22
∗∗
∗

0.
64
∗∗
∗

0.
18
3

0.
16
2

0.
16
0

2.
55

−
35
.3
2

0.
01
3

0.
95
3

M
9

ln
B

�
a
+
b

×
ln

(D
)+

c×
ln

(H
)+

d
×
ln

(C
)+
ε

50
5–

27
−
1.
28
∗∗
∗

1.
52
∗∗
∗

0.
08

ns
0.
37
∗

0.
15
8

0.
15
7

2.
42

−
36
.8
2

0.
01
2

0.
95
6

B:
to
ta
lb
io
m
as
s;
D
:d
ia
m
et
er
;H

:h
ei
gh

to
ft
re
e;
C:

cr
ow

n
di
am

et
er
;N

:t
he

nu
m
be
ro

ft
re
es
;a
,b
,c
,a
nd

d:
th
ec

oe
f
ci
en
ts
of
th
ev

ar
ia
bl
es
;R

RM
SE

:r
el
at
iv
er
oo

tm
ea
n
sq
ua
re
er
ro
r;
RS

E:
re
sid

ua
ls
ta
nd

ar
d
er
ro
r;
A
dj

R
2 :

co
ef

ci
en
to
fd

et
er
m
in
at
io
n;
A
IC

:A
ka
ik
ei
nf
or
m
at
io
n
cr
ite
ri
on

;a
nd

C
F:
co
rr
ec
tin

g
fa
ct
or
.N

ot
e.
T

er
es
ul
ts
ar
es
ig
ni
fc
an
ta
ta

95
%
co
nf

de
nc
ei
nt
er
va
l.
∗∗

p
<
0.
01
;∗

p
<
0.
05
;a
nd

ns
:n
on

sig
ni
fc
an
t,

p
>
0.
05
.p

va
lu
e

of
al
lm

od
el
s:
2.
2e
_1
6.
∗∗
∗
p
<
0.
00
1.

6 International Journal of Ecology



Ta
bl

e
2:

St
at
ist
ic
al

te
st
s
fo
r
m
od

el
va
lid

ity
.

M
od

el
s

M
od

el
ex
pr
es
sio

n
Sh

ap
ir
o–

W
ilk

p
va
lu
e

Br
eu
sc
h–

Pa
ga
n

p
va
lu
e

D
ur
bi
n–

W
at
so
n

p
va
lu
e

A
bo
ve
gr
ou

nd
bi
om

as
s
(A

G
B)

M
1

ln
B

�
−
1.
61
3
+
1.
83

×
ln

(D
)

0.
96
8

0.
19
4

2.
56
4

0.
10
9

2.
34
8

0.
87
5

M
2

ln
B

�
−
1.
39
8
+
1.
12

×
ln

(D
×
C)

0.
97
8

0.
46
3

0.
02
2

0.
88
1

2.
03
1

0.
48
8

M
3

ln
B

�
−
1.
38
9
+
1.
1

×
ln

(D
×
H
)

0.
98
6

0.
80
9

2.
12

0.
14
5

1.
83
0

0.
22
6

M
4

ln
B

�
−
1.
50
1
+
0.
69

×
ln

(D
2

×
H
)

0.
98
8

0.
87
4

2.
92
0

0.
08
7

1.
86
0

0.
25
9

M
5

ln
B

�
−
1.
53
3
+
0.
70

×
ln

(D
2

×
C)

0.
97
9

0.
51
2

0.
19
7

0.
65
7

2.
14
3

0.
65
3

M
6

ln
B

�
−
1.
59
4
+
1.
63

×
ln

(D
)+

0.
36

×
ln

(C
)

0.
97
2

0.
27
7

0.
99
5

0.
60
8

2.
31
1

0.
83
2

M
7

ln
B

�
−
1.
59
3
+
1.
74

×
ln

(D
)+

0.
15
3

×
ln

(H
)

0.
97
7

0.
42
3

6.
94
6

0.
03
1

1.
90
8

0.
31
3

M
8

ln
B

�
−
1.
51
3
+
0.
65

×
ln

(D
2

×
C)

+
c×

ln
(H

)
0.
98
3

0.
69
7

3.
86
4

0.
14
5

1.
94
5

0.
36
7

M
9

ln
B

�
−
1.
58
3
+
1.
56

×
ln

(D
)+

0.
10

×
ln

(H
)+

0.
35

×
ln

(C
)

0.
97
7

0.
42
4

6.
06
6

0.
10
9

2.
26
7

0.
78
8

Be
lo
w
gr
ou

nd
bi
om

as
s
(B
G
B)

M
1

ln
B

�
−
2.
61
1
+
1.
65

×
ln

(D
)

0.
98
9

0.
93
4

0.
77
1

0.
38
0

1.
89
2

0.
31
2

M
2

ln
B

�
−
2.
45
2
+
1.
03

×
ln

(D
×
C)

0.
97
9

0.
51
3

2.
79
5

0.
09

2.
06
7

0.
54
1

M
3

ln
B

�
−
2.
37
5
+
0.
98

×
ln

(D
×
H
)

0.
95
6

0.
09

0.
02

0.
88
1

1.
41
1

0.
01
1

M
4

ln
B

�
−
2.
47
9
+
0.
62

×
ln

(D
2

×
H
)

0.
98
6

0.
19
2

0.
04
2

0.
83
8

1.
47
5

0.
02
01

M
5

ln
B

�
−
2.
56
4
+
0.
64

×
ln

(D
2

×
C)

0.
98
0

0.
55
9

2.
31
8

0.
12
8

1.
72
8

0.
13
6

M
6

ln
B

�
−
2.
57
4
+
1.
33

×
ln

(D
)+

0.
55

×
ln

(C
)

0.
98
1

0.
58
2

2.
44
5

0.
29
4

1.
75
9

0.
15
3

M
7

ln
B

�
−
2.
63
1
+
1.
76

×
ln

(D
)–
0.
16
0

×
ln

(H
)

0.
99
4

0.
99
5

4.
07
7

0.
13
0

1.
90
8

0.
31
3

M
8

ln
B

�
−
2.
58
4
+
0.
68

×
ln

(D
2

×
C)
–0

.1
90

×
ln

(H
)

0.
97
9

0.
49
5

4.
88
7

0.
08
7

1.
68
4

0.
10
5

M
9

ln
B

�
−
2.
60
3
+
1.
48

×
ln

(D
)+

0.
24
5

×
ln

(H
)+

0.
57

×
ln

(C
)

0.
98
6

0.
57
6

5.
09

0.
16
5

1.
91
2

0.
32
4

To
ta
lb

io
m
as
s
(T
B)

M
1

ln
B

�
−
1.
29
7
+
1.
79

×
ln

(D
)

0.
97
6

0.
40
1

1.
32
8

0.
24
9

2.
30
8

0.
84
2

M
2

ln
B

�
−
1.
08
3
+
1.
10

×
ln

(D
×
C)

0.
97
9

0.
53
9

0.
00
06
6

0.
97
4

1.
99
9

0.
44
4

M
3

ln
B

�
−
2.
37
5
+
0.
98

×
ln

(D
×
H
)

0.
97
2

0.
27
6

0.
26
3

0.
60
8

1.
47
3

0.
02

M
4

ln
B

�
−
1.
18
5
+
0.
67

×
ln

(D
2

×
H
)

0.
97
3

0.
31
2

0.
72
4

0.
39
5

1.
49
1

0.
02
3

M
5

ln
B

�
−
1.
21
7
+
0.
68

×
ln

(D
2

×
C)

0.
98
4

0.
72
9

0.
03
9

0.
84
3

2.
02
2

0.
48
4

M
6

ln
B

�
−
1.
27
8
+
1.
57

×
ln

(D
)+

0.
37

×
ln

(C
)

0.
97
4

0.
32
3

0.
45
5

0.
79
6

2.
22
9

0.
74
7

M
7

ln
B

�
−
1.
27
6
+
1.
71

×
ln

(D
)+

0.
13
5

×
ln

(H
)

0.
98
1

0.
57
6

6.
76
3

0.
03
40

1.
59

0.
05

M
8

ln
B

�
−
1.
20
7
+
0.
64

×
ln

(D
2

×
C)

+
0.
18
3

×
ln

(H
)

0.
98
2

0.
65
4

5.
4

0.
06
7

1.
76
8

0.
15
2

M
9

ln
B

�
−
1.
26
8
+
1.
52

×
ln

(D
)+

0.
08

×
ln

(C
)+

0.
37

×
ln

(H
)

0.
97
5

0.
37
9

7.
16
4

0.
06
7

2.
19
9

0.
71
1

International Journal of Ecology 7



M1: B�Exp (−1.613 + 1.83× ln (D)) overestimates biomass
by 3.47% and also appears to be a good predictor of Te-
obroma cacao biomass. Te M1 model for estimating
aboveground biomass, represented by the red curve (Fig-
ure 2), is almost identical to the observed biomass curve
(green), resulting in a lower bias value (3.47%).

Te model developed by the IPCC [35] overestimates
belowground biomass by 6.991% when the model of Chave
et al. [18] is used and underestimates the belowground
biomass by −6.076% when the model of Chave et al. [20] is
used. When the Somarriba [22] model is used, biomass is
underestimated by −80.79%. Models M1: B�Exp
(−2.611 + 1.65× ln (D)) and M5: B�Exp (−2.564 + 0.64× ln
(D2 ×C)) overestimate biomass by 7.92% and 7.20%, re-
spectively. Te models M1, M2, M5, M6, M7, M8, and M9
adjusted in this work can be used to estimate the below-
ground biomass of Teobroma cacao (Table 3). However, if
one of the nine models should be selected, we recommend
model M1: B�Exp (−2.611 + 1.65× ln (D)). For below-
ground biomass, model 1 (red curve in Figure 3) is almost
identical to the green curve (observed biomass), hence the
low value of the bias with model M1 (7.92%) (Table 3)
compared with the actual observed value.

Models M1 and M6 overestimate total biomass by 2.68%
and 2.41%, respectively. When the Chave et al. [18] and
Chave et al. [20] models are used, the IPCC model un-
derestimates biomass by −2.877% and −14.834%, re-
spectively. When the Somarriba et al. [22] model is used, the
IPCC model underestimates biomass by −80.67% (Table 3).
Based on inventory data (crown diameter and diameter), we
recommendmodelsM1: B�Exp (−1.297 + 1.79× ln (D)) and
M6: B�Exp (1.278 + 1.57× ln (D) + 0.37× ln (C)), which
overestimate biomass by 2.68% and 2.41%, respectively. Te
M1 model for total biomass represented by the red curve in
Figure 4 is almost merged with the green curve (observed
biomass), hence the low value of the deviation between the

observed value and the biomass value predicted by the M1
model. Chave et al. [18] and Chave et al. [20] predict with
a large overestimation, while Somarriba et al. [22] un-
derestimates the biomass with a very large deviation; their
models are not suitable for predicting the total biomass of
Teobroma cacao. Te M1 model is recommended.

4. Discussion

In this study, we showed the plasticity of the relationship
between aboveground, belowground, and total biomass and
inventory data (diameter, crown diameter, and height).With
the high species diversity in the tropics, it is difcult to adjust
the equations for each species [27]. With this in mind, this
study made it possible to develop single-specifc equations
for the estimation of the aboveground, belowground, and
total biomass of Teobroma cacao in a diameter range

Table 3: Comparison of the models in this study with models commonly used to calculate the biomass of Teobroma cacao.

Authors Model RRMSE Residual error (%) Biomass (kg)
Aboveground biomass (AGB)
Chave et al. [18] AGB (kg)� 0.0673× (ρ D2 H)0.976 0.339 −3.34 1618.65
Chave et al. [20] AGB (kg)� 0.0509× ρ D2H 0.350 −15.273 1440.26
Somarriba et al. [22] Log AGB (kg)� (−1.684 + 2.158× log (d30) + 0.892× log (alt)) 0.82 −81.88 207.74
Model 1 ln B� −1.613 + 1.83× ln (D) 0.198 3.47 1421.56
Model 6 ln B� −1.598 + 1.628× ln (D) + 0.36× ln (C) 0.190 3.21 1426.075
Observed biomass — — — 1419.874
Belowground biomass (BGB)
IPCC [35] BGB�Chave et al. [18]× 0.24 0.514 6.991 388.48
IPCC [35] BGB�Chave et al. [20]× 0.24 0.468 −6.076 345.66
IPCC [35] BGB� Somarriba et al. [22]× 0.24 0.81 −80.79 49.86
Model 1 ln B� −2.611 + 1.655× ln (D) 0.316 7.92 315.47
Model 5 ln B� −2.564 + 0.64× ln (D2 ×C) 0.294 7.20 316.84
Observed biomass — — — 316.693
Total biomass (TB)
IPCC [35] TGB�Chave et al. [18]× (1 + 0.24) 0.348 −2.877 2007.128
IPCC [35] TGB�Chave et al. [20]× (1 + 0.24) 0.356 −14.834 1785.92
IPCC [35] TGB� Somarriba et al. [22]× (1 + 0.24) 0.822 −80.67 257.60
Model 1 ln B� −1.297 + 1.79× ln (D) 0.169 2.68 1732.12
Model 6 ln B� −1.278 + 1.57× ln (D) + 0.37× ln (C) 0.158 2.41 1738.01
Observed biomass — — — 1736.567

30
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0
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5 10 15 20 25
Diameter (Cm)

Observed biomass
Model 1
Chave et al. [20]

Somarriba et al. [22]
Chave et al. [18]

Figure 2: Comparison of our models with previously equation use
to estimate aboveground biomass of Teobroma cacao.

8 International Journal of Ecology



between 5 and 27 cm. Tis result is similar to those of Victor
Awé et al. [36] (5.76 and 24.80 cm) for the allometric
equation of Boscia senegalensis developed in Cameroon. Te
allometric models developed vary from one compartment to
another. Te choice of method and mathematical model for
parameter adjustment must be considered judiciously in
estimating woody plant biomass [37]. Aboveground, be-
lowground, and total biomass of Teobroma cacao were
adjusted using the linear form of the power model. Tis
mathematical model has been widely used in the literature to
predict the standing biomass of African woody species [36].
Indeed, power models generally remain extrapolable with
good reliability because they are based on an allometric
model invariant at all scales, which explains their wide use in
biomass-forecasting equations in favor of logarithmic or
polynomial models [38]. Te logarithmic transformation of
the variables carried out in this study remains necessary to
reduce the diferences that may exist in a real environment
and to satisfy the conditions of normality and homosce-
dasticity of the residuals [27]. Te sample size used to de-
velop the allometric models of Teobroma cacao was 50
trees. Indeed, the size of the sample in the development of

allometric equations varies in the literature and takes into
account the fnancial and material resources and the time
allocated to the study [39]. Some allometric biomass
equations were constructed from a limited number of in-
dividuals, i.e., 17 trees [39], 20 trees [33], 38 trees [40], 15
and 43 trees [41], 40 trees ([36]), and 40 and 50 trees [42].
Biomass estimation models vary according to the diferent
compartments ofTeobroma cacao. Te results of this study
are similar to those obtained by [36] who showed a variation
in allometric equations depending on the parts of the tree.

Among the variables explaining the biomass of Teo-
broma cacao, the diameter appears to be a good predictor with
an R2 greater than 94%. Te R2 coefcients of determination
were slightly above 0.95 for the aboveground biomass
equations, 085 for the belowground biomass equations, and
an average of 0.95 for the total biomass equations. Numerous
studies have also shown that taking into account the diameter
as the only input variable makes it possible to reduce errors
and increase the precision of biomass [19, 29, 30].

Adding crown diameter and height to the models did
very little to improve the quality of adjustment Tis weak
link between the diameter of the crown and the biomass on
the one hand and the height and the biomass on the other
hand could be explained by the fact that cocoa trees are
called upon to compete for light in the undergrowth of
agrosystems. Forests, moreover, vegetative multiplication by
budding leading to the complex from type I to type V as
defned by Jagoret et al. [3], associated with random pruning
would bias the allometry (ABG-CD/H). Te residual stan-
dard errors (RSEs) for aboveground, belowground, and total
biomass range from 0.185 to 0.211, 0.267 to 0.311, and 0.162
to 0.301, respectively; similarly, the relative root means
square error (RRMSE) varies from 0.180 to 0.192, 0.272 to
0.281, and 0.161 to 4.42, respectively, for aboveground,
belowground, and total biomass. Tese low errors demon-
strate the normality of the residuals, their independence, and
heterogeneity, suggesting a close link between biomass and
the explanatory variables [27]. Te estimation model (M5b)
for the total biomass presents a coefcient of determination
(adjusted R2) greater than 0.94, and the value of the AIC and
the RSE low but has not been validated by the various tests in
occurrence the Breusch–Pagan test or the value of the
statistic is less than 0.05. A model can have a high coefcient
of determination and the residual standard error (RSE) and
the Akaike information criterion (AIC) low and be rejected
by the assessment of certain validation criteria, and in
particular, the diferent statistical tests [32, 33, 43]. Te ratio
of belowground biomass to aboveground biomass (BGB/
AGB) gives a ratio of 0.22 which is close to the ratio of 0.24
proposed by the IPCC [35]. Te order of magnitude of the
biases of the models developed as part of this research re-
mains less than 5%. Tis result remains similar to that of
Feukeng et al. [27] which for monospecifc equations of the
species Trema orientalis and Distemonanthus benthamianus
fnds biases at respective values of 0.1% and 4.04%.

Te bias values of the pantropical models developed by
Chave et al. [18] and Chave et al. [20] used on our data to
estimate the aboveground biomass of Teobroma cacao and
those of the belowground and total biomasses estimated
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Figure 3: Comparison of our models with previously equation use
to estimate belowground biomass of Teobroma cacao.
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Figure 4: Comparison of our models with previously equation use
to estimate total biomass of Teobroma cacao.
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using the IPCC [35] method range from −3.34% to −81.84%
for aboveground biomass, from −80.79 to 6.91 for below-
ground biomass, and from −2.877 to −80.67 for total bio-
mass. Te models developed by Chave et al. [18] and Chave
et al. [20] considerably overestimated the aboveground
biomass ofTeobroma cacao. When the IPCC [35] method is
used to estimate the belowground and total biomass of
Teobroma cacao, this biomass is also overestimated. Tis
overestimation could be explained by the fact that these
pantropical mixed equations for estimating aboveground
biomass developed by Chave et al. [18] and Chave et al. [20]
and those for belowground and total biomass developed by the
IPCC [35] which predict biomass less than the monospecifc
models developed in this work were adjusted not only for
Teobroma cacao but also for several other species [27]. Te
model of Somarriba et al. [22] applied to our data, under-
estimated the aboveground biomass ofTeobroma cacao. Tis
underestimation could be due to the fact that the Somarriba
et al. [22]’s model was developed to estimate the aboveground
biomass of Asian cocoa trees having a climate very diferent
from that of the Central Cameroon region which served as the
study area. Te biotic and abiotic factors of these diferent
zones would also better explain this diference [44].

5. Conclusion

Tis research aimed to develop allometric equations to es-
timate the biomass of Teobroma cacao, and it made it
possible to adjust nine models to estimate the aboveground,
belowground, and total biomass ofTeobroma cacao. TeM2
models for estimating aboveground biomass, M3 and M4 for
estimating belowground biomass, and M2 and M5 for esti-
mating total biomass have not been validated by the various
statistical tests and cannot be used to estimate the biomass of
this species. Since measuring height is sometimes difcult, we
recommend models taking only diameter (D) as an explan-
atory variable to estimate biomass. Adapting models to ar-
chitectural types could better increase the precision of
biomass estimates for this species.Temodels obtained in this
work could be used in areas similar to the study sites to assess
the biomass and carbon sequestration capacity ofTeobroma
cacao. Tis study is a contribution to flling the data gap on
the mitigation of the efects linked to climate change and also
appears to be of informative value to serve as a basis for the
efective implementation of the REDD+ mechanism in
Cameroon through the payment of carbon credits.in
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Côte d’Ivoire,” International Journal of Brain and Cognitive
Sciences, vol. 17, no. 2, pp. 378–391, 2023.

[14] C. Dupraz and F. Liagre, Agroforesterie. Des arbres et des
cultures’, Editions France Agricole, Paris, France, 2008.

[15] IPCC, Utilisation des terres, changements d’afectation des
terres et foresterie. Rapport spécial du GIEC’, Cambridge
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