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Abstract 
Mapping of cocoa aboveground biomass (AGB) is essential, as it provides esti-
mates of the total AGB locked up in cocoa plantations in the form of carbon. 
If this carbon is released into the atmosphere, it will increase the concentration 
of greenhouse gases, which will contribute to climate change. Remote sensing 
data has become an important tool for assessing forest and tree plantation bi-
omass. This paper aims to map the spatial distribution of AGB of cocoa plan-
tations in Juaboso and Bia West districts of Ghana by developing a regression 
model using Landsat 8 and ALOS-2 PALSAR-2 data and measured cocoa AGB. 
Multi Linear Regression (MLR) model was developed using forty (40) field-
measured AGB at the plot level as the dependent variable and the Difference 
Vegetation Index (DVI) of Landsat 8 and HV backscatter coefficient of ALOS-
2 PALSAR-2 images as independent variables. The model was validated using 
Coefficient of Determination (R2) and Root Mean Squared Error (RMSE) as 
the metrics for evaluating its accuracy. This model was used for the prediction 
of cocoa AGB. Geostatistical interpolation techniques using universal kriging, 
ordinary kriging, inverse distance weighting and radial basis function were 
tested, and the best method was used to develop AGB map of cocoa plantations 
in the study area. The best interpolation method was selected using R2, Index 
of Agreement (IA), P-values, RMSE, and Mean Absolute Error (MAE) metrics. 
The MLR used for the prediction of cocoa AGB is AGB (Mg/ha) = 6.97 * 
10−4DVI + 3.56HV + 74.88. The best interpolation method is universal kriging, 
which was used to develop the AGB map of the cocoa plantations in the study 
area. The total AGB estimated for the cocoa plantations in the study area is in 
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the range of (4973833.80 - 5240128.92) Mg. The model developed can be used 
to quantify AGB and subsequently CO2 equivalent, which are very important 
under the REDD + project for estimating emission levels in the cocoa planta-
tions in the cocoa landscape. The results of this study have shown that the co-
coa plantations have a substantial amount of AGB, which sequesters more car-
bon dioxide from the atmosphere and deposits it in their sinks as carbon; there-
fore, cocoa plantations provide a lot of climate change mitigation.  
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Keywords 
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1. Introduction 

Climate change has been recognized as the foremost environmental problem, 
which has a significant impact on both human activity and natural ecosystems and 
has attracted considerable interest from the international community [1] [2]. Ef-
fects of climate change include higher temperatures, increases in precipitation 
patterns, rising sea levels, weather-related natural disasters, increased drought, 
declining biodiversity, severe wildfires and decreased food security [3]. In order 
to develop national and international plans to reduce atmospheric carbon dioxide 
concentration and to combat global climate change, correct assessment and map-
ping of forest and tree plantation biomass are essential [4]. Natural forests accu-
mulate a large quantity of carbon [5]; therefore, most of the carbon estimation 
research works in Ghana are carried out in natural forests. Tree crops can be pos-
sible way for combating climate change mitigation by sequestering carbon dioxide 
from the atmosphere [6]. Information on carbon sequestration in forest planta-
tions and natural forests is widely available, on the contrarily information on tree 
crop plantations carbon is insufficient [7]. In Ghana, large tracts of land are under 
tree crop cultivation, such as cocoa, rubber, oil palm, citrus, mango and cashew 
plantations, which sequester substantial amount of carbon with inadequate car-
bon stock data [8]. Among these tree crops, cocoa cultivation is the largest, with 
an estimated area of 1.6 million hectares [9]. 

The function of cocoa systems for climate change mitigation and adaptation 
has increased substantially because of their capability to sequester carbon dioxide 
from the atmosphere and deposit it in the cocoa trees as carbon [10]. In Indonesia, 
carbon stock analysis for cocoa plantations has reported carbon sequestration lev-
els ranging from 25.52 Mg/ha to 33.19 Mg/ha [11], whilst in Central America, 
levels were estimated at around 49 Mg/ha [12]. [7] estimated cocoa carbon stock 

https://doi.org/10.4236/oalib.1115844


E. Donkor et al. 
 

 

DOI: 10.4236/oalib.1115844 3 Open Access Library Journal 
 

at the Agricultural Research Centre at Kade in Eastern Region of Ghana to be 65 
MgC/ha.  

In Ghana, cocoa is cultivated in nine out of the sixteen regions, which cover a 
large area. However, only a handful of studies have been conducted for cocoa AGB 
estimation at the plot level [13]. Biomass estimation for tropical forests and other 
woody vegetation has received much consideration in recent years because the 
change in biomass is deemed an important component of climate change [14]. 
Mapping carbon stocks in forests and other woody vegetation gives estimate of 
the total carbon locked up in the vegetation. This carbon has considerable value 
to the world; if it is released into the atmosphere, it will increase greenhouse gas 
concentration [15].  

Remote sensing data has become an important tool for assessing forest and tree 
plantation biomass. Biomass estimation using remotely sensed data is an evolving 
innovation and is increasingly used to inventory forest and plantation biomass 
[14]. Remote sensing data can efficiently provide a synoptic view over large areas 
and greatly increase the efficiency and usefulness of conventional ground-based 
methods [16]. Satellite data from optical, radar, and lidar sensors have been used 
to map aboveground biomass [17] [18]. However, due to the optical sensors’ sat-
uration at a low level of spectral bands, using optical data to determine woody 
biomass is difficult [19]. Also, optical data are usually contaminated by frequent 
cloud cover present in the tropics [20]. On the other hand, active remote sensing 
such as radar can penetrate through clouds and provide data day and night [21]; 
therefore, radar has appeared as a potential tool for measuring AGB with great 
accuracy in the tropics [22]. Synthetic aperture radar (SAR) data, such as ALOS 
PALSAR data, have been used in numerous research works to estimate biomass 
[23], other research works have discovered positive outcomes when SAR and op-
tical data are combined [17] [24]. Satellite images in combination with field in-
ventory data have been used to assess AGB [25].  

Regression-based models are the most common biomass estimation method 
when using remote sensing data [26] [27]. Regression models can be linear, such 
as simple linear regression, multiple linear regression or nonlinear, such as expo-
nential, power, logarithmic, quadratic, or polynomial functions. The important 
thing is to find appropriate remote sensing variables that correlate well with bio-
mass [26]. 

Some studies have been conducted using modeling and spatial technology to 
map AGB in forest ecosystems and tree plantations [20] [28]. [29], used spectral 
indices of Landsat 8 with field-measured data to develop and compare AGB mod-
els in Omo Biosphere Reserve, Nigeria. The model with Enhanced Vegetation In-
dex (EVI) as the explanatory variable was chosen as the best spectral model with 
Omo Biosphere Reserve having a mean AGB of 162.40 Mg/ha. [30] used ALOS 
PALSAR 50 m mosaic data to estimate AGB in Cambodia. The AGB was estimated 
using field-measured biomass and backscattering properties of PALSAR data. The 
relationship between the PALSAR backscatter coefficients HV and HH/HV with 
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field measured biomass was strong with R2 = 0.67 and 0.56, respectively. [31] con-
ducted research in Yok Don National Park in the Central Highlands of Vietnam 
with the objective of improving the biomass estimates by a combination of ALOS-
2 SAR, Landsat 8 and field plots data. The best combination parameters which 
consist of maximum NDVI from optical data, backscatter from forest objects and 
texture from ALOS-2 SAR were used to produce the aboveground biomass map 
in Yok Don National Park with RMSE% = 21.70%. [32], carried out research in 
Afram Headwaters forest reserve, Ghana, using optical and radar images to model 
and estimate the AGB of the reserve. Two radar images namely ALOS PALSAR 
and ENVISAT and ASTER were used in this research. The research showed that 
strong correlation was identified between L band HV cross polarization and AGB 
of natural forest. Very weak correlation was found in agroforestry and plantation 
forest. 

The use of various geostatistics interpolation techniques for mapping the spatial 
distribution of diverse environmental elements has significantly increased in re-
cent years [33]. Geostatistics is a subdiscipline of spatial statistics; it is a class of 
statistical techniques for forecasting the value of a continuous spatial process at 
unobserved places using values from known locations [34] [35]. There are two 
main groupings of interpolation methods: deterministic and geostatistical (also 
known as stochastic). Deterministic approaches generate surfaces based on the 
degree of homogeneity or resemblance of the studied points and examples include 
inverse distance weighting (IDW), radial basis function (RBF), local polynomial 
and global polynomial [36]. Geostatistical approaches consider the geographical 
arrangement of the sample points near the forecast location and measure the spa-
tial autocorrelation among measured points [37]. Kriging is mostly employed in 
geostatistical interpolation and some examples include Ordinary Kriging, Simple 
Kriging, Universal Kriging, Indicator Kriging and Probability Kriging [38]. 

This paper aims to map the spatial distribution of AGB of cocoa plantations in 
the Juaboso and Bia West districts of Ghana by developing a regression model 
using Landsat 8 and ALOS-2 PALSAR-2 images and measured cocoa AGB. 

2. Study Area and Dataset 
2.1. Study Area 

The study was conducted in the Juaboso and Bia West districts of the Western 
North region in Ghana’s cocoa landscape. Juaboso and Bia West districts are 
among the highest cocoa - producing districts in Ghana. The study area is situated 
between latitude 6˚13'N and 6˚50'N and longitude 2˚40'W and 3˚16'W, covering 
an area of 2571.26 square kilometres (Figure 1). Cocoa farming is the major land-
use system, which occupies a greater percentage of the land in the area. Apart from 
cocoa farms, other land use/cover which include food crop farms, fallow lands, 
patches of grassland and also communities in relatively low-lying areas. Within 
the study area are Krokosua Hills forest reserve, a portion of Bia Tributaries North 
forest reserve, and Bia National Park [39].  
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Figure 1. Map of the study area showing the cocoa mosaic landscape of Juaboso and Bia West 
districts of Ghana (Image source: Landsat and Copernicus from Goggle Earth Engine). 

 
With a mean annual temperature between 25.5˚C and 26.5˚C, the area has a 

tropical climate marked by warm temperatures. The annual rainfall levels are be-
tween the ranges of 1250 - 2000 mm, with June and October as its peak months. 
The area is very undulating, with the elevation of the terrain ranging between 137 
and 594 m above mean sea level. The study area falls within Moist Evergreen, 
Moist Semideciduous Northwest and Moist Semideciduous Southeast subtypes of 
ecological zones [40]. The soils are mainly Oxysols and Ochrosols [41] with un-
derlying Birimian and Hornblende parent rocks. 
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2.2. Sample Plots for Data Collection  

Field data were collected from 40 square plots, each of dimensions 30 m × 30 m, 
with an area of 900 m2, from 5th to 19th January 2022. Enumeration was carried 
out for only live cocoa trees with a diameter at breast height (DBH) ≥ 5 cm. For 
each cocoa tree, DBH was measured and recorded (Appendix 1). 

2.3. Acquisition of Satellite Dataset 

Two Landsat 8 level-2 product 2022 scenes were downloaded; details of the Land-
sat 8 data used in this study are shown in Table 1.  
 
Table 1. Landsat 8 data used in this study. 

NO TILE ID Observation Date Path/Row 

1 LCO8L2SP195055_20220121_02_T1.tar.gz 21st January 2022 195/055 

2 LCO8L2SP195056_20220121_02_T1.tar.gz 21st January 2022 195/056 

 
Two ALOS-2 PALSAR-2 level 2.1 scenes from 2022 were downloaded with a 

resolution of 25 m, and details are shown in Table 2. 
 
Table 2. ALOS-2 PALSAR-2 mosaic data used in this study. 

NO TILE ID Observation Date Polarization 

1 N07W003-22-MOS-F02DAR.Zip 24th January 2022 HH + HV (Dual-Pol data) 

2 N07W004-22-MOS-F02DAR.Zip 24th January 2022 HH + HV (Dual-Pol data) 

3. Methods  
3.1. Processing of Satellite Data 

For Landsat 8, image processing entails pre-processing and post-processing. For 
the pre-processing, the original unscaled digital numbers (DNs) were converted 
to scaled surface reflectance values using Equation (1)  

 ρ = (DN × 0.0000275) − 0.2 (1) 

where, 
ρ is scaled surface reflectance, DN is pixel value in the Landsat band, 0.0000275 

is reflectance scale factor and −0.2 is reflectance additive offset.  
Cloud, cloud-shadow and other low-quality pixels were identified and removed 

using the QA_PIXEL quality-assurance band. The post-processing activities per-
formed include deriving the various Vegetation Indices (VIs) from the scaled sur-
face reflectance values and retrieving VIs values using the sample plot points. In 
this study, five (5) VIs were computed. Details of the VIs are summarized in Table 
3. 

These VIs were selected for this study because they reveal both the abundance 
of green vegetation cover and biomass [47]. The shapefiles of the sample plot 
points were imported into the VIs to extract their values. 
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Table 3. Vegetation indices and equations used. 

Indices Equation Reference 

1) Normalized Difference Vegetation 
Index (NDVI) 

NIR RedNDVI
NIR Red

−
=

+
 [42] 

2) Ratio Vegetation Index (RVI) 
RedRVI
NIR

=  [43] 

3) Transformed Vegetation Index 
(TVI) TVI NDVI 0.5= +  [44] 

4) Difference Vegetation Index (DVI) DVI NIR Red= −  [45] 

5) Enhanced Vegetation Index (EVI) ( )2.5 NIR Red
EVI

1 NIR 6 Red 7.5 Blue
∗ −

=
+ + ∗ − ∗

 
 

[46] 

 
For ALOS-2 PALSAR-2, the sample plot points shapefiles were imported on 

both the HH and HV polarized images to extract their digital values. The digital 
values extracted do not represent the radar backscatter coefficient (γ˚); therefore, 
they were converted to the radar backscatter coefficient in decibel units using 
Equation (2). 

 γ˚(dB) = 10log10(DN2) − 83.0 (2) 

where, 
γ˚ (dB) is the radar backscatter coefficient in decibels, DN is the digital number, 

and −83 is the calibration factor for ALOS-2 PALSAR-2. 

3.2. Sample Plots Distribution and AGB Calculation  

Supervised image classification was performed with Sentinel-2 imagery to derive 
Land Use Land Cover (LULC) classes of the study area. The classification resulted 
in five (5) LULC classes of: closed forest, open forest, cocoa, other vegetation and 
settlement/bare surface. The study area was divided into grids of 5 km by 5 km 
after an exploratory analysis of the entire study area and the grids that were on the 
cocoa LULC class were selected. The cocoa LULC class was found to occupy a 
total area of 135329.87 ha (52.63%) of the study area. Using a sample intensity of 
0.003%, 40 sample plots were generated, and they were uniformly distributed over 
the cocoa farms. 

The number of cocoa trees enumerated in the 40 sample plots totaled 4367 trees. 
The parameter measured in the field for the cocoa trees was Diameter at Breast 
Height (DBH); thus, diametre measured at 1.3 cm from the ground. Table 4 dis-
plays the descriptive statistics of the cocoa trees across all sample plots. 
 
Table 4. Descriptive statistics of the sample plots’ cocoa trees. 

 Min Max Sum Mean Std Error Std Dev 

Stem Per Plot 51 200 4367 109.0 5.52 34.92 

Mean DBH (cm) 10.05 19.36 524.89 13.12 0.34 2.17 
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Allometric equation developed by [48] (Equation (3)) was used to calculate the 
AGB of cocoa trees in the sample plots  

 AGB = 0.7217ρ(D2)0.921 (3) 

where, 
AGB is aboveground biomass for cocoa tree (kg), D is the measured cocoa tree 

diameter at breast height (cm), and ρ is cocoa wood density, which is 0.4 g/cm3. 
This model was most appropriate, as it was developed to estimate AGB for cocoa 
plantations in Ghana. Biomass estimates from local site-specific equations are 
considered accurate in forestry and plantation applications [49]. 

The descriptive statistics of the AGB (Mg/ha) for all the sample plots are shown 
in Table 5. 
 
Table 5. Descriptive statistics of the AGB (Mg/ha) for the sample plots. 

Min Max Sum Mean Std Error Std Dev 

34.62 44.73 1632.5 40.81 0.36 2.31 

3.3. Model Development and Validation 

Different models were developed, namely: simple linear model (Equation (4)), 
power model (Equation (5)), and exponential model (Equation (6)). The predic-
tive performance of each model was evaluated based on its coefficient of determi-
nation (R2) (Equation (7)) and root mean squared error (RMSE) (Equation (8)). 
The chosen model for AGB estimation was the model with the highest R2 and the 
lowest RMSE. 

Multi-linear regression (MLR) (Equation (9)) was performed using the param-
eters of the best model for both Landsat 8 and ALOS-2 PALSAR-2 as the inde-
pendent variables and their corresponding measured AGB as the dependent vari-
able. Validation of the MLR model was carried out by assessing the coefficient of 
determination (R2) and the root mean squared error (RMSE). To obtain a more 
reliable and robust estimate of model predictive performance, a repeated 10-fold 
cross-validation procedure was performed over five independent repetitions. The 
mean R2 and mean RMSE and their associated uncertainties were calculated to 
test whether the model transfer across the study area. Regression diagnostics were 
also conducted to assess whether the assumptions underlying the multiple linear 
regression model were reasonably satisfied. Regression diagnostics performed in-
clude: residual behaviour, influential observations and correlation between the 
satellite parameters. Residual behaviour was evaluated using residual-versus-fit-
ted plots and normal Q-Q plots. The Shapiro-Wilk test was used to assess the dis-
tribution of residuals. Influential observations were evaluated to identify data 
points that have unusually large effect on the fitted multiple-linear-regression 
model using Cook’s distance and leverage test. The Pearson correlation (r) was 
used to evaluate the association between the two satellite parameters, while the 
variance inflation factor (VIF) was calculated to quantify the extent of multicol-
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linearity among the predictors prior to fitting the multiple-linear-regression 
model. 

 Simple Linear Model: AGB = β1X + β0 (4) 

where, 
AGB is aboveground biomass (dependent variable), X is the independent vari-

able, β1 is the model coefficient for X, and β0 is the intercept. 

 Power Model: AGB = aXb (5) 

where a is a non-zero coefficient, a ≠ 0, and b is a real number. 

 Exponential Model: AGB = aebx (6) 

where a is a non-zero coefficient, a ≠ 0, and b is a real number. 
e = exponential constant = 2.7182818 

 
( )
( )
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2 1
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1

ˆ
1

n
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y y
=

=

−
= −

−
∑
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 ( )2
1

1RMSE ˆN
i ii y y

n =
−= ∑  (8) 

where iy , ˆiy  represent the measured and predicted values, respectively, and N 
is the sample size. 

 Multi-Linear Regression: AGB = β0 + β1X1 + β2X2 (9) 

where, 
AGB is aboveground biomass, X1 is vegetation index, X2 is backscatter coeffi-

cient, β0 is the intercept, β₁ is the model coefficient for X1 and β2 is the model 
coefficient for X2. 

3.4. AGB Mapping  

The study area was divided into grids with each grid cell of dimension 2 km × 1 
km after exploratory analysis, which yielded 1273 grids and the grids centre coor-
dinates were extracted. The difference vegetation index (DVI) model of Landsat 8 
and the HV model of ALOS-2 PALSAR-2 were the best models using R2 and 
RMSE as validation metrics. The extracted plot points shapefiles were imported 
onto the DVI raster file to extract their DVI values as well as those of HV of ALOS-
2 PALSAR-2 to extract their DN values. The DN values were converted to radar 
backscatter coefficients in decibels. A multilinear regression model (Equation 
(10)) was used to calculate the predicted AGB for all 1273 grids. 

 AGB (Mg/ha) = 6.97 * 10−4DVI + 3.56HV + 74.88 (10) 

Geostatistics interpolation techniques using universal kriging (UK), ordinary 
kriging (OK), inverse distance weighting (IDW), and radial basis function (RBF) 
were tested, and the best method was used to develop AGB map of cocoa planta-
tions in the study area. Forty (40) observations were used to validate UK, OK, 
IDW, and RBF interpolation methods. Efficiency-based and error-based metrics 
were used to assess the performance of the interpolation methods. The efficiency-
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based metrics used in this research include the R2 (Equation (7)), the Index of 
Agreement (IA) (Equation (11)), and P-values. 

 
( )

( )

2
1

2

1

ˆ

ˆ
1 i ii
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n

n
i i i ii

y y
I

y y y y
=

=

−
= −

− + −

∑
∑

 (11) 

where iy , ˆiy  and iy  represent the measured, predicted, and mean AGB, re-
spectively, whereas n is the sample size. 

Error-based metrics considered include RMSE (Equation (8)) and Mean Abso-
lute Error (MAE) (Equation (12)). 

 ˆ1MAE i iy y
n

= −∑  (12) 

where iy , ˆiy  represent the measured and predicted AGB, respectively, whereas 
n is the sample size.  

4. Results and Discussion 
4.1. Model Development and Validation Using Landsat 8 Data 

Fifteen (15) models were developed: simple linear regression, power, and expo-
nential models with their R2 and RMSE (Mg/ha) as the evaluation metrics. The 
output models with their R2 and RMSE (Mg/ha) are shown in Table 6. 
 

Table 6. Models of AGB and VIs of Landsat 8. 

MODEL NDVI RVI TVI DVI EVI 

Linear 
AGB = 37.35NDVI + 

24.07 
(0.72, 1.12 Mg/ha) 

AGB = −38.80RVI + 
54.89 

(0.71, 1.13 Mg/ha) 

AGB = 17.10TVI + 
21.21 

(0.55, 1.40 Mg/ha) 

AGB = 0.00115DVI + 
27.6 

(0.79, 0.97 Mg/ha) 

AGB = −0.47EVI + 
37.34 

(0.44, 1.56 Mg/ha) 

Power 
AGB = 55.66NDVI0.385 

(0.71, 1.33 Mg/ha) 
AGB = 27.80RVI−0.395 

(0.72, 1.38 Mg/ha) 
AGB = 38.38TVI0.457 
(0.54, 1.42 Mg/ha) 

AGB = 2.36DVI0.304 
(0.70, 1.14 Mg/ha) 

AGB = 34.57EVI0.087 
(0.54, 1.42 Mg/ha) 

Exponential 
AGB = 26.57e0.955NDVI 

(0.65, 1.39 Mg/ha) 
AGB = 58.51e−0.945RVI 
(0.64, 1.41 Mg/ha) 

AGB = 24.57e0.442TVI 
(0.47, 1.71 Mg/ha) 

AGB = 29.31e0.0000278DVI 
(0.68, 1.31 Mg/ha) 

AGB = 37.56e−0.011119EVI 
(0.41, 1.80 Mg/ha) 

 
From Table 6, difference vegetation index (DVI) using a linear model (Equa-

tion (13)) gives the highest predictive accuracy with R2 (0.79) and RMSE (0.97 
Mg/ha), and EVI gives the lowest accuracy performance with R2 (0.43) and RMSE 
(1.57 Mg/ha) using an exponential model. From the best model, 79% of the esti-
mated AGB was explained by the observed AGB. 
 AGB = 0.00115DVI + 27.6 (13) 

4.2. Model Development and Validation Using ALOS-2 PALSAR-2 
Data 

Six (6) models were developed: simple linear regression, power, and exponential 
models using measured AGB with HV and HH backscatter coefficients. The R2 
and RMSE (Mg/ha) were used as performance metrics, and the output models are 
presented in Table 7. 
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Table 7. Models of AGB with backscatter coefficients of HV and HH. 

MODEL HV HH 

Linear 
AGB = 6.17HV + 114.28 

(0.63, 1.29 Mg/ha) 
AGB = −1.87HH + 28.01 

(0.04, 1.84 Mg/ha) 

Power 
AGB = 3442.91HV−1.79 

(0.61, 1.33 Mg/ha) 
AGB = 23.12HH0.30 
(0.04, 1.84 Mg/ha) 

Exponential 
AGB = 244.84e0.15HV 
(0.62, 1.34 Mg/ha) 

AGB = 29.30e−0.05HH 
(0.04, 1.85 Mg/ha) 

 
From Table 7, HV using linear model (Equation (14)) gives the highest accu-

racy of R2 (0.63) and RMSE (1.29 Mg/ha) and HH gives the least accuracy with R2 
(0.04) and RMSE (1.85 Mg/ha) using the exponential model. From the best model, 
about 63% of the estimated AGB was explained by the observed AGB. 

 AGB = 6.17HV + 114.28 (14) 

4.3. Model Development and Validation Using DVI and HV 
Parameters  

The Multi Linear Regression (MLR) model using DVI and HV is shown in Equa-
tion (15). 

 AGB (Mg/ha) = 6.97 * 10−4DVI + 3.56HV + 74.88 (15) 

where, 
AGB = predicted aboveground biomass, DVI = difference vegetation index of 

Landsat 8, and HV = HV backscatter coefficient of ALOS-2 PALSAR-2. 
The model produced: R2 = 0.83, RMSE = 0.96 Mg/ha. Thus, 83.0% of the varia-

tion in measured AGB was explained jointly by DVI and HV in the fitted model. 
The repeated 10-fold cross-validation process with five repetitions showed that 

the AGB model had very good and consistent predictions in validation. The mean 
validation R2 was 0.81 ± 0.006, showing that 81% of the variation in the observed 
AGB was explained by the model in validation, and the corresponding mean val-
idation RMSE was 0.99 ± 0.015 Mg/ha. This RMSE indicates low prediction error 
in AGB. The little variation in R2 and RMSE for the repeated cross-validation also 
shows consistent model performance. The above-mentioned results show that the 
model had good predictive accuracy and robust validation performance for esti-
mating AGB. 

4.4. Multilinear Model Regression Diagnostics 

The regression diagnostics results demonstrated strong relationships between 
measured AGB and both remotely sensed parameters. The DVI exhibited a strong 
positive relationship with AGB (r = 0.83); this indicates that plots with greater 
DVI values generally had greater measured biomass. The HV showed an even 
stronger relationship with AGB, but the relationship was negative (r = −0.90); 
thus, increasing HV values were associated with decreasing AGB. The two predic-
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tors were also strongly negatively correlated (r = −0.82); the negative correlation 
means that higher DVI values tend to occur with lower HV values. The variance 
inflation factor (VIF) for both DVI and HV was approximately 3.07. Although 
DVI and HV were strongly correlated (r = −0.82), the VIF values were below com-
monly used thresholds of 5 to 10. Therefore, the model did not exhibit severe mul-
ticollinearity according to the VIF criterion. 

Residual-versus-fitted plot (Figure 2) was examined to assess linearity and ho-
moscedasticity, while Q-Q plot (Figure 3) was used to assess the approximate nor-
mality of residuals. Shapiro-Wilk test gave result of W = 0.986, which indicates 
that there is insufficient evidence to reject normality of the residuals. 
 

 

Figure 2. Residuals vrs fitted plot. 
 

 

Figure 3. Normal Quantile-Quantile(Q-Q) plot. 
 

From Figure 2, the residuals are evenly spread around zero with no systematic 
curvature or changes in distribution across fitted AGB values, suggesting that the 
linear model seems to be appropriate for the relationship between the satellite 
data-derived predictors and the AGB. 

From Figure 3, the normal Q-Q plot indicated that the model residuals were 
approximately normally distributed, as most observations closely followed the 
theoretical normal distribution line, with only minor deviations at the tails. 

https://doi.org/10.4236/oalib.1115844


E. Donkor et al. 
 

 

DOI: 10.4236/oalib.1115844 13 Open Access Library Journal 
 

The influence diagnostics (Figure 4 and Figure 5) indicated that the most ex-
treme observations were observation 3 and observation 14. Observation 14 had a 
Cook’s distance of 0.154 and a leverage of 0.063, while observation 3 had the larg-
est value of Cook’s distance (0.164) and the largest value of leverage (0.161). The 
maximum Cook’s distance of 0.164 was well below the conventional threshold of 
1.0, indicating that no individual observation exerted extreme influence on the 
fitted multiple-linear-regression model. Although observations 3 and 14 were 
flagged for diagnostic screening based on commonly used influence and leverage 
criteria, they were not excluded because influence does not necessarily indicate 
error measurements. The observations were therefore retained because they may 
represent genuine field measurements in aboveground biomass and/or the asso-
ciated satellite-derived DVI and HV measurements.  
 

 

Figure 4. Cook’s distance observation influence. 
 

 

Figure 5. Leverage observation influence. 

4.5. Comparing Models  

Table 8 presents the best model of Landsat 8 and ALOS-2 PALSAR-2 as well as 
the MLR model with their R2 and RMSE. 
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Table 8. Results of the best models of Landsat 8, ALOS-2 PALSAR-2 and MLR model. 

Image Model R2 RMSE 

Landsat 8 AGB = 0.00115DVI + 27.6 0.79 0.97 Mg/ha 

PALSAR -2 AGB = 6.17HV + 114.28 0.63 1.29 Mg/ha 

Combined Landsat 8 and 
PALAR-2 

AGB = 6.97 * 10−4DVI + 3.56HV + 74.88 0.83 0.96 Mg/ha 

 
Results from Table 8 showed that the MLR model, AGB = 6.97 * 10−4DVI + 

3.56HV + 74.88, produced the highest performance (R2 = 0.83, RMSE = 0.96 
Mg/ha); hence, this model was used to predict AGB of cocoa plantations for the 
study area. 

Combining DVI and HV using multi linear regression produced R2 of 0.83 and 
RMSE of 0.96 Mg/ha as presented in Table 8. This shows that combining Landsat 
8 and ALOS-2 PALSAR-2 parameters improved AGB estimates. This result is in 
line with the findings of research conducted by [17], where they pointed out that 
combining Landsat and SAR images can increase the accuracy of estimating AGB. 
In this study, Landsat 8 data could only be used to estimate cocoa AGB with mod-
erate accuracy, whereas ALOS-2 PALSAR-2 data alone would produce poor AGB 
estimates for cocoa AGB. Integration of Landsat 8 data and ALOS-2 PALSAR-2 
produced the highest AGB estimation; this shows that combining images from 
different sensors improves AGB estimation. 

4.6. AGB Mapping 

Table 9 displays the performances of the UK, OK, IDW, and RBF interpolation 
methods. 
 
Table 9. Performances of the interpolation methods. 

Interpolation 
Method 

Efficiency Error 

R2 IA P-value RMSE MAE 

UK 0.86 0.89 2.20 × 10−16 0.71 0.59 

OK 0.85 0.88 9.09 × 10−15 0.73 0.61 

IDW 0.71 0.81 1.21 × 10−11 0.95 0.77 

RBF 0.67 0.79 1.18 × 10−10 1.05 0.82 

 
Quantitative comparisons of these four interpolation methods, UK, OK, IDW, 

and RBF, are based on their efficiencies (R2, IA, P-value) and their errors (RMSE 
and MAE) associated with their predictions. Selection of the best interpolation 
method is based on the highest R2, the highest IA, the lowest P-value, and the small-
est error values. The R2 ranged from 0.67 to 0.86, with the UK having the highest 
value of 0.86 and the lowest, 0.67, obtained by RBF. The R2 performance of OK is 
0.85, which is very close to the UK. The IA has a minimum value of 0.79 for RBF 
and a maximum of 0.89 for UK. The lowest P-value of 2.20 × 10−16 is for the UK 
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and the highest value of 1.18 × 10−10 is for RBF. 
The RMSE ranged from 0.71 to 1.05 and MAE from 0.59 to 0.82, with UK and 

RBF obtaining the lowest and highest errors, respectively. In all aspects of the 
comparison, the performance of OK is close to UK (Table 9). The best interpola-
tion method based on R2, IA, P-value, RMSE, and MAE is UK, followed by OK, 
IDW and the least is RBF. The UK interpolation method was used to produce the 
final AGB map with total AGB in the range (4973833.80 - 5240128.92) Mg for 
cocoa plantations in the study area. 

4.7. Universal Kriging Trend Model, Variogram Selection and 
Cross Validation 

Universal kriging was used to model the AGB with satellite-derived predictors and 
the residual spatial component. The trend component was specified as a multiple 
linear regression of AGB on DVI and HV, expressed as AGB(s) = β0 + β1DVI(s) + 
β2HV(s) + ε(s), where ε(s) represents spatial residual component. Data set of 40 
observations was used in fitting the trend component; the fitted trend equation 
was AGB = 74.88 + 6.97 * 10−4DVI + 3.56HV, with R2 of 0.83. The residual semi 
variogram estimated from pairwise distances between observations and fitted us-
ing spherical, exponential and Gaussian models. The models were assessed using 
the residual sum of squared (RSS) differences and the model with the least RSS 
was selected. Model comparison based on the RSS differences identified the 
Gaussian model as the best-fitting candidate, although its advantage over the 
spherical model was small (Table 10). The fitted variogram indicated a relatively 
large nugget term and weak partial sill, suggesting limited residual spatial depend-
ence within the sampled area. Leave-one-out cross validation was used to evaluate 
the predictive performance of the model, whereby each observation was withheld 
sequentially and predicted from the remaining observations. The resulting cross-
validated RMSE was 0.98 Mg/ha, MAE was 0.79 Mg/ha, and cross-validated R2 
was 0.81. These results indicate good predictive performance, while the weak re-
sidual spatial structure suggests that most of the predictive information was pro-
vided by the DVI and HV trend component. 
 
Table 10. Model statistics. 

Model Nugget Partial sill RSS 

Spherical 0.8678 0.0001 0.134071 

Exponential 0.8678 0.0000 0.134071 

Gaussian 0.8662 0.0735 0.134054 

4.8. Estimates of AGB 

Equation (15), AGB = 6.97 * 10−4DVI + 3.56HV + 74.88, was used to predict AGB 
for 1273 plots and to develop a map of AGB for cocoa plantations in the study 
area (Figure 6). The AGB estimates ranged between 30.4 and 42.2 Mg/ha; the es-
timated AGB range is a little lower than the field AGB (Table 5). 
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Figure 6. AGB distribution map of cocoa plantations in Juaboso and Bia West Districts, 
Ghana. 

5. Conclusion 

The study developed regression models between AGB and satellite parameters of 
Landsat 8 vegetation indices and backscatter coefficients of ALOS-2 PALSAR-2 
data to predict AGB of cocoa plantations, which was used to produce an AGB map 
of cocoa plantations in the Juaboso and Bia West districts of Ghana. This map 
provides information on the spatial distribution of AGB of cocoa plantations in 
the study area, which is critical for national greenhouse gas inventories. The mod-
els developed in this study can quantify AGB and subsequently CO₂ emissions, 
which are crucial for estimating emission levels in cocoa plantations as part of the 
REDD + project within the cocoa landscape. Integration of Landsat 8 data and the 
ALOS-2 PALSAR-2 produced the highest AGB estimation; therefore, this study 
has confirmed that combining images from different sensors improves AGB esti-
mation. The results of this study have shown that the cocoa plantations have a 
substantial amount of AGB, which sequesters more carbon dioxide from the at-
mosphere and deposits it in their sinks as carbon; therefore, cocoa plantations 
provide a lot of climate change mitigation. 
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Appendix 

 
Cocoa plantation with sample plot delineated with caution tape 

 

 
DBH measurement of cocoa tree 
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