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ABSTRACT

Handling Editor: Alex McBratney

Countrywide estimates of soil organic carbon stock (SOCS) are useful to set up national strategies for sustainable
land use management as well as to enhance the accuracy of global SOCS inventories. We appraised the spatial
distribution of SOCS at five depth layers (0–15 cm, 15–30 cm, 30–100 cm, 0–30 cm and 0–100 cm) in Cameroon
at 100 m spatial resolution, using a national harmonized legacy soil database (Camsodat 0.1) with 1432 georeferenced soil profiles. We assessed the prediction performances of random forest (RF) and generalized boosted
regression (GBR), combined with two hybridization approaches of spatial interpolation of the residuals using
ordinary kriging (OK) and inverse distance weighting (IDW). The estimates were compared to two global estimates derived from the Harmonized World Soil Database (HWSD) and SoilGrids250m. The SOCS distribution
across the country showed a moderate spatial heterogeneity at all depth layers with coefficients of variation
between 35% and 47%, and values ranging from 6 to 108 Mg C ha−1 at 0–15 cm, from 4 to 107 Mg C ha−1 at
15–30 cm, from 10 to 276 Mg C ha−1 at 30–100 cm, from 11 to 210 Mg C ha−1 at 0–30 cm and from 21 to
468 Mg C ha−1 at the 0–100 cm layer. Of the selected environmental covariates, terrain and climate attributes
were the most relevant to predict the SOCS spatial distribution at country level. The RF model outperformed the
GBR model, with about 10% improvement on prediction performance (R2) for most soil depths. The hybridization further slightly improved performance. However, OK was only slightly better than IDW in the overall
assessment. Compared to national estimates, SoilGrids overestimated the SOCS by 15% at 0–30 cm depth, while
HWSD underestimated SOCS by 26% at the same depth. Overall, about 5.7 Pg C are stored in the top 1 m of soils
in Cameroon, with about 50% of that in the top 30 cm. The national distribution of SOCS is consistent with the
pattern of agro-ecological zones. Our assessment provides baseline information for sustainable land management
and climate change mitigation, as well as for improving the understanding of the spatial distribution of SOCS in
Cameroon.
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1. Introduction
Soils hold the largest organic carbon stock in the global terrestrial
ecosystem (Lal, 2003) and therewith play a significant role in mitigating climate change (Guo et al., 2015). Soil organic carbon (SOC)
sequestration also contributes to maintaining and improving soil
quality and soil fertility. Supporting decisions for sustainable SOC sequestration requires a sound understanding of the distribution of soil
organic carbon stocks (SOCS), its importance and potential in order to
define efficient management approaches to reduce SOCS losses and/or
enhance its accumulation (Minasny et al., 2017). Mapping SOCS is thus
⁎

of high priority for assessment and monitoring purposes, because estimation of carbon stocks is also necessary in the broader context of a
carbon inventory for global circulation models and carbon economy
studies (Antle et al., 2003; Scharlemann et al., 2014). Countrywide
spatial assessment of SOCS has become a key issue over recent years, as
it provides relevant information for understanding soil carbon variation
(Mulder et al., 2016).
Despite its importance in influencing many agronomical, environmental, political and socio-economic issues, estimation of SOCS remains a big challenge, especially in countries with weak and sparse soil
data infrastructure and poor data availability. As SOCS displays
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complex variation patterns from field to global scales, it often requires a
high density of point data distribution to accurately infer spatial patterns (Goidts et al., 2009). The reliability of the assessment depends on
the density and quality of data and on the method used to upscale soil
profile point data to comprehensive spatial estimates (Martin et al.,
2011). According to Arrouays et al. (2017), new soil data collection is
cost-prohibitive and not justifiable in many countries, without first
having made optimal use of earlier collected data. Therefore, existing
legacy soil data are being rescued and processed into usable harmonized datasets (Arrouays et al., 2017; Batjes et al., 2016; Leenaars et al.,
2014) and made available as a reservoir of soil information, serving as
input for soil mapping, including SOCS assessment in many countries
(e.g., Adhikari et al., 2014; Akpa et al., 2016; Arrouays et al., 2001;
Chen et al., 2018; Ramifehiarivo et al., 2017; Vaysse and Lagacherie,
2017).
Notwithstanding the above soil data rescue and harmonization initiatives, the SOCS of many African countries remains poorly known.
The recent Global Soil Partnership (GSP) initiative on global carbon
stock mapping using a bottom-up approach reported a national contribution of only 20% of African countries (FAO, 2018). Therefore, information provided on carbon stocks of most African countries is
mainly inferred from global estimates, with SoilGrids (Hengl et al.,
2017a), and the Harmonized World Soil Database (HWSD) (Wieder
et al., 2014) as the most commonly cited sources worldwide (Deng
et al., 2018). These global estimates provide both information on the
total content and the spatial pattern of SOCS distribution for countries
worldwide. However, there is a growing awareness on accuracy limitations of such global models on estimating the carbon stock at national level (Tifafi et al., 2018), due to forcing a global model for local
prediction and the public unavailability of soil data for numerous
countries. In China, Liang et al. (2019) reported SoilGrids to overestimate and HWSD to underestimate the national SOCS. In France,
where soil data are not publicly available, SoilGrids substantially
overestimated the national SOCS, although the spatial distribution
pattern was adequately captured (Mulder et al., 2016). Such assessments remain scarce and the difference between national and global
estimates in Sub-Sahara African countries remains poorly explored. The
issue of accurately assessing national SOCS is now critical (Carvalho
et al., 2019; Kempen et al., 2019; Vitharana et al., 2019). Our essential
concern here is to make use of legacy soil data for the first national
estimate of SOCS in Cameroon and to investigate the accuracy of the
global estimates (SoilGrids and HWSD) on the national SOCS estimate
in Cameroon.
The recent development of new digital methods and technologies of
analysis has initiated a new era in soil mapping, which allows fulfilling
the increasing demand in spatial soil information (Lagacherie, 2008).
Amongst a range of techniques that have been used to predict and map
SOCS at multiple scales (farm, landscape, national, regional, continental and global), random forest and boosted regression models have
proven to be valuable methods for spatial SOCS assessment (e.g., Chen
et al., 2018; Hengl et al., 2017a; Ließ et al., 2016; Malone et al., 2009;
Ramcharan et al., 2018; Ramifehiarivo et al., 2017; Sreenivas et al.,
2014). In situations where there is a spatial structure in the model residuals, many studies have successfully applied residual kriging (kriging
hybridization) to improve the prediction performance (Chen et al.,
2018; Mulder et al., 2016; Ramcharan et al., 2018; Ramifehiarivo et al.,
2017). However, while the residual component is reported to have a
strong spatial dependence at field scale for small areas, it often exhibits
a moderate to weak spatial dependence for large areas (Vaysse and
Lagacherie, 2017). This raises the question whether inverse distance
weighting (IDW) interpolation, which is less complex to deploy (single
step procedure) as compared to kriging (which has several intermediate
steps and requires quantification of the residual spatial autocorrelation)
could provide comparable hybridization results for improving national
SOCS estimates.

In the context of Cameroon, studies on SOCS inventories have only
been of local character (Njomgang et al., 2011; Silatsa et al., 2018,
2015, Silatsa et al., 2017a; Tsozué et al., 2019) and cannot provide
reliable and spatially explicit estimates of SOCS at national level. With
issues raised by carbon sequestration for mitigating climate change and
enhancing economic benefits in developing countries, Cameroon is
currently embarked in many international initiatives for greenhouse gas
emission reduction such as REDD+ (Reducing Emission for Deforestation and forest Degradation and plus). However, little effort has
been done to assess the countrywide spatial distribution of SOCS. The
objectives of this study were thus to assess the countrywide distribution
of SOCS in Cameroon, using legacy soil data and hybrid machine
learning methods; and to compare the national SOCS estimates derived
from the most used global products. Specifically, we (i) appraised the
SOCS distribution at three soil depths intervals (0 – 15 cm, 15 – 30 cm
and 30 – 100 cm) and two derived soil layers (0 – 30 cm and 0 –
100 cm); (ii) compared the national estimates with SoilGrids and HWSD
estimates; (iii) compared hybrid random forest and boosted regression
modelling for national spatial SOCS estimation; and (iv) correlated
SOCS estimates with agro-ecological zones in Cameroon.
2. Materials and methods
2.1. Study area
Cameroon is located between longitude 8°30′ – 16°15′ E and latitude
1°30′ – 13°N in central Africa, and extends from the Gulf of Guinea in
the Atlantic Ocean to Lake Chad (Fig. 1a), covering an area of approximately 475,000 km2. Cameroon falls within the inter tropical
zone, with climate varying greatly from equatorial humid along the
coastal area through the tropical hot semi-arid northern plains, and the
arid Sahelian area in the far North (Guenang et al., 2016). The equatorial domain is characterized by abundant rainfall, high and stable
temperatures and degrading vegetation as one moves away from the
equator towards the North. The tropical area is characterized by high
temperatures and low rainfall, either Sudanian or Sahelian, marked by
very irregular rains. Yearly average temperatures are between 20 °C
and 32 °C, generally increasing from the South towards the North. The
topography also influences the temperature, with elevation increasing
from the coast to the uplands (Fig. 1c).
The Cameroonian vegetation is diversified and differs between the
equatorial zone and the tropical zone. The vegetation of the equatorial
zone is predominately forest that covers close to 45% of the country and
becomes progressively denser as one goes from the coastal zone towards the east of the country, with gallery forests along the rivers towards the North. The tropical zone is largely covered with diverse savannah types: the woody savannah of Adamawa is rich in shrubs; the
grassy savannah of the North and the steppe of the Far North poor in
trees and grass. Cameroon is thus divided into five agro-ecological
zones, whose distribution is shown in Fig. 1b, with the main characteristics presented in Table 1.
2.2. Data sources and processing
2.2.1. Soil data and SOCS calculation
Soil profiles data required for assessing SOCS include geographic
coordinates and soil depth, and for individual depth intervals, SOC
concentration, bulk density (BD) and volumetric coarse fragments
content. The soil profiles data used in this study were taken from
Camsodat 0.1, which is version 0.1 of the Cameroon Soil profiles
Database elaborated with profile data obtained from soil survey reports
and field research conducted in Cameroon (Silatsa et al., 2017b).
Camsodat was built on the basis of the model of the Africa Soil Profiles
Database, developed by ISRIC for the AfSIS project, using similar procedures for processing of soil data (Leenaars et al., 2014). Camsodat 0.1
2
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Fig. 1. Cameroon location in Africa (a); agro-ecological zones distribution in Cameroon (b); spatial distribution of soil profile data (SOCS) in Cameroon on a
topographical background (c).
Table 1
Characteristics of agro-ecological zones (AEZ) in Cameroon (Toukam et al.,
2009).
Zones

AEZ
Codes

I
II
III
IV

SSZ
HGSZ
WHZ
HFMR

V

HFBR

Names
Soudano-Sahelian
High guinea savanna
Western highland
Humid forest with
monomodal rainfall
Humid forest with
bimodal rainfall

Rainfall
(mm)

Elevation
(m.a.s.l)

Tmean
Range in
°C

500–900
1500–1800
1800–2400
2000–11,000

250–500
500–1500
1500–2500
0–2500

28
23
21
26

1500–2000

400–1000

25 (2.4)

BD =

100
OM
BDOM

+

100 OM
BDMin

(1)

where BD (g cm−3) is the bulk density, OM is the organic matter
content (%), BDOM is the organic matter bulk density
(BDOM = 0.224 g cm 3 ), and BDMin the mineral bulk density (g cm−3),
defined in Equation (2) as follow:

(7.7)
(6.4)
(2.2)
(2.8)

BDMin = 0.935 + 0.049Log(depth) + 0.0055Sa + 0.000065(Sa

38.96) 2
(2)

with Sa the sand content (%), and Log(depth) the natural log of the
corresponding soil depth (cm).
The SOCS was calculated for each individual profile using Equation
(3) as follows:

Tmean; average annual temperature, m.a.s.l; meters above sea level.

contains data for 1,432 georeferenced soil profiles, with 461 profiles
obtained from the Africa Soil Profiles Database version 1.2 (Leenaars
et al., 2014) and an additional 971 soil profiles collected for this study,
assembled from other survey reports in Cameroon. The 461 soil profiles
were included in SoilGrids, but not in the HWSD. Camsodat is the only
existing georeferenced and harmonized soil database in Cameroon to
which essential soil attributes are attached. The spatial distribution of
Camsodat 0.1 data across Cameroon is shown in Fig. 1c. The original
SOC content data were mostly determined by wet oxidation/digestion
using the Walkley Black method, while a few were measured using the
dry combustion method. In Camsodat, data obtained using Walkley
Black were then harmonized to the dry combustion method (Leenaars
et al., 2014). The coarse fragment data were mainly derived through
sieving and weighing and a few by visual estimation. Bulk density (BD)
data were mainly determined using the core sampling method. Unavailable measurements of BD were estimated using a pedotransfer
function (PTF). The one defined by Adams (1973) in Equation (1) was
used as recommended for tropical soils by Minasny and Hartemink
(2011).

SOCS (Mg ha 1) = C × BD × h ×

(100 CF )
× 10
100

(3)

where C is the organic carbon content (g kg−1) of the fine earth fraction, h is the thickness of the soil layer (m), CF is the fractional percentage (%) of coarse fragments (soil mineral particles > 2 mm in
size), and BD the bulk density of the fine earth fraction (g cm−3). The
vertical distribution of SOCS collected by soil horizons along the soil
profile was harmonized to three standard depths (0–15 cm, 15–30 cm
and 30–100 cm) using the mass preserving equal area quadratic spline
function (Malone et al., 2009). These depths are in agreement with
aggregated intervals as used by SoilGrids and the GlobalSoilMap
Working Group of the International Union of Soil Sciences (Arrouays
et al., 2014) and respond to a national need of topsoil information for
SOCS distribution and for agricultural applications. In order to also
present the results with the two international standard depths of SOCS
estimation, we then aggregated the three depth intervals to 0–30 cm
and 0–100 cm depths.
3
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Table 2
Environmental covariates used to fit the DSM models.
Code

Description

Resolution/Scale

Source

Citation

DEM
Temp
Rain
PWV
EVI
LTS
VBF
Slope
RED
NTO
BARL
Lform

Digital Elevation Model
Mean annual temperature
Mean annual rainfall
Precipitable water vapor
Enhanced Vegetation Index
Land temperature surface
Valley Bottom Flatness
Slope
Red reflectance, long term average
Negative topographic openness
Bare ground
Land form class

30 m
1000 m
1000 m
1000 m
1000 m
1000 m
30 m
30 m
1000 m
30 m
1000 m
1:2.5 M

STRM
Worldclim
Worldclim
WorldGrids
WorldGrids
WorldGrids
STRM
STRM
WorldGrids
STRM
WorldGrids
WorldGrids

(Rabus et al., 2003)
(Fick and Hijmans, 2017)
(Fick and Hijmans, 2017)
(Gao and Kaufman, 2003)
(Savtchenko et al., 2004)
(Wan, 2013)
(Danielson and Gesch, 2011)
(Danielson and Gesch, 2011)
(Hansen et al., 2013)
(Danielson and Gesch, 2011)
(Hansen et al., 2013)
(Sayre et al., 2014)

SRTM; shuttle radar topography mission.

2018; Guo et al., 2015; Heung et al., 2014; Ließ et al., 2012). Furthermore, RF also performs the evaluation of the importance of model variables and ranks the controlling factors of the covariate of interest.
Generalized boosted regression (GBR) algorithm is a procedure in
which a subset of the data is randomly selected to iteratively fit new
tree models to minimize the loss function. It provides greater predictive
performance compared to regression trees by aggregating several regression trees (Sindayihebura et al., 2017). GBR uses a specialized form
of stochastic gradient boosting as described in Friedman (2001). The
stochastic characteristic of the algorithm relies on the fact that only a
subset of the dataset is used for fitting the base learner on a given
iteration. The subset is produced in each iteration using a uniform
random draw without replacement (Martin et al., 2015), which improves the model prediction power and minimizes the overfitting risk.
Computing options are also available for deciding when to stop adding
base learners to the model. One of them, based on an internal crossvalidation, was shown to be the most efficient one for avoiding overfitting (Lawrence et al., 2004; Wang et al., 2017). Furthermore, GBR
provides valuable tools for interpreting the behaviour and characteristics of the models, such as the variable importance index for assessing
the contribution of covariates and partial dependence plots for assessing the relationships between covariates and the response variable
(Martin et al., 2015). In this study, SOCS for each depth interval was
modelled (RF and GBR) and predicted using the spm package in R (R
Core Team, 2019).
Although RF and GBR are both machine learning methods for prediction (regression or classification) by combining the outputs from
individual trees, there are some major differences between the two
methods. The boosting strategy for training in GBR takes care of the
minimization of bias which the random forest lacks. RF overfits a
sample of the training data and then reduces the overfit by simple
averaging the predictions, while GBR repeatedly trains trees or residuals of the previous predictions.

2.2.2. Spatial covariates
In addition to the soil profile point data, a wide range of environmental variables (covariates) provided information related to soil
forming factors. A total of 12 environmental data layers were used as
covariates in the modelling procedure (Table 2). Their selection was
based on criteria described by Chen et al. (2018) as follows: (i) derived
as much as possible from freely available geo-datasets; and (ii) having a
strong relationship with soil properties and especially SOCS according
to the literature. The covariates included a SRTM 30 m digital elevation
model (DEM) processed and used previously by Hengl et al. (2017b) for
Sub-Sahara Africa. From the STRM 30 m, other covariates, such as
slope, valley bottom flatness, and negative topographic openness were
derived. Mean annual rainfall and temperature data were acquired from
the global climate data platform (http://www.worldclim.org/). Spatial
layers obtained from WorldGrids (vegetation cover index, precipitable
water vapor, land temperature surface, RED reflectance, Landform, and
proportion of bare ground) have been extensively described and used
for soil modelling (Hengl et al., 2017b, Hengl et al., 2017a). Each of the
covariates was resampled to 100 m resolution. Not included, due to
unavailability at the Cameroon national level but with a logical relationship with SOCS, are covariates that represent parent material and
land cover/land use.
2.3. Modelling and spatial prediction
We first calculated SOCS at the profile locations using Equation (3)
and next performed the spatial prediction models of SOCS for harmonized soil depth intervals, followed by a hybridization step wherein we
interpolated the residuals. This was done for three depth intervals
(0–15 cm, 15–30 cm and 30–100 cm) and later summed to total stocks
over 0–30 cm and 0–100 cm and to national total SOC stocks.
2.3.1. Prediction models
Random forest (RF) is a nonparametric multivariate algorithm, developed as an extension of regression trees to improve prediction accuracy and reduce model overfitting (Breiman, 2001; Liaw and Wiener,
2002). In the training procedure, the RF algorithm produces multiple
trees. Each tree is independently constructed based on a unique bootstrap
sample (sample with replacement) from the original data set. RF has
several advantages over other prediction models and is fairly robust to
noise and irrelevant features, which makes it a favourable choice for soil
property modelling (Viscarra Rossel and Behrens, 2010). RF requires a
sufficiently large training set to calibrate the model, but this was not a
problem in this study given the amount of data we used (1432 profile
data). RF has been successfully applied in many soil assessment studies,
with demonstrated strong performance (Chen et al., 2018; Deng et al.,

2.3.2. Hybridization of prediction models by interpolation of residuals
Hybridization here is a process of combining at least two methods or
algorithms to form a new and different hybrid model for improving the
prediction of a variable. We applied ordinary kriging (OK) and inverse
distance weighting (IDW) as hybridization approaches on residuals
from RF and GBR models predictions using the gstat package in R (R
Core Team, 2019). Inverse distance weighting is likely to produce
comparable or better results than kriging when the data points are
uniformly distributed in space and short-distance spatial variation is
small (Zarco-Perello and Simões, 2017).
Ordinary kriging (OK) predicts the values at points in a region for
which a description of the spatial continuity of the data (variogram) is

4
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Table 3
Summary statistics of SOCS data (Mg ha−1).

i

Soil depth (cm)

Min
Mean
Median
Max
CV (%)
Skewness
n

0–15

15–30

30–100

0–30

0–100

4.4
35.2
30.7
121.5
67.0
0.2
1386

2.7
23.7
17. 9
118.7
91.0
0.3
1348

1.2
64.5
49.1
439.4
92.0
0.3
1201

7.0
58.7
24.3
139.3
91.0
0.3
1348

9.2
123.2
41.7
578.7
92.0
0.3
1201

i Z (si )

i

=1

, i = 1,

..,n
(6)

2.3.4. Prediction uncertainty
The spatial uncertainty of predicted SOCS was estimated by computing maps of the lower and upper limits of prediction intervals. We
verified that prediction errors (residuals) were sufficiently normally
distributed and derived the lower and upper limits by subtracting and
adding 1.96 times the kriging standard deviation to the kriging prediction maps. This approach only works for kriging, and was recently
described and applied in a number of SOCS uncertainty assessment
studies (e.g., Vitharana et al., 2019; Wang et al., 2019; Liang et al.,
2019).

(4)

n
i=1

1
dip

2.3.3. Assessment of prediction accuracy
The model performances were evaluated with 10-fold cross-validation, using commonly used accuracy metrics such as: mean error (ME),
mean absolute error (MAE), root mean squared error (RMSE), coefficient of determination (R2) and coefficient of efficiency (E1). The E1 is
an improvement over the R2 in that it takes differences in the means
and variances between observations and predictions into account
(Legates and McCabe, 1999).

n
i=1

n
i=1

where di is the Euclidean distances between the prediction location and
sampling location si , and exponent p is the power or distance exponent
value. In this study we used p = 2 based on cross-validation statistics.
Note that Equation (6) implies that the inverse distance weights
sum to 1.

known. Thus, it provides predictions at unobserved locations of a regionalized variable z, based on the weighted average of adjacent observations. The theory can be briefly described by considering z to be a
realization of a stationary random function Z, which has constant mean
and spatial correlation characterized by a variogram (Webser and
Oliver, 2007). The OK prediction of Z at an unsampled site so is defined
by:

Z (so) =

=

1
dip

(5)

where the i are weights assigned to each of the n observations and
derived from the variogram and the spatial configuration of the sampling and prediction locations. They are chosen such that the expected
squared prediction error is minimized, under the condition of unbiasedness. The nugget to sill ratio as described by Táany et al. (2009)
was used to analyze the spatial structure of the residuals. A variable is
said to have strong spatial dependence if the ratio is less than 0.25 and
has a moderate spatial dependence if the ratio is in between 0.25 and
0.75; otherwise the variable has weak spatial dependence.
Inverse distance weighting (IDW) method predicts the values of an
attribute at unsampled points using a linear combination of values at
sampled points weighted by an inverse function of the distance from the
point of interest to the sampled points. It is one of the simplest and most
popular interpolation techniques (Setianto and Triandini, 2013) and
calculated as in Equation (4). However, the weights are calculated
differently than in OK. They are defined in Equation (6):

3. Results
3.1. Soil organic carbon stock data
Table 3 shows summary statistics of SOCS data computed from the
Camsodat 0.1 database for the five soil layers. Coefficients of variation
vary from 67% in the topsoil to 92% in the subsoil, showing a high
variability of SOCS in each layer. SOCS values also show a large range
within each layer and a positive skewness with coefficients varying
between 0.2 and 0.3 at all depth. The mean of each variable is slightly
greater than the median. However, no transformation was done on the
SOCS data since the methods used are rather insensitive to slight shifts
from normality as shown in Fig. 2 (Nisbet et al., 2018).

Fig. 2. Histograms of SOCS data in Cameroon for various soil depths.
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Table 4
Prediction performances of the models derived using 10-fold cross-validation.
Models

GBR
GBR_IDW
GBR_OK
RF
RF_IDW
RF_OK

0–15 cm

15–30 cm
2

ME

RMSE

MAE

R

0.01
−0.04
−0.14
−0.24
−0.09
−0.21

14.55
13.90
13.76
13.27
13.13
13.04

10.58
9.77
9.65
9.20
9.13
9.06

52.87
56.96
57.79
60.79
61.62
62.08

30–100 cm
2

E1

ME

RMSE

MAE

R

35.20
40.09
40.82
43.62
44.03
44.43

−0.02
−0.04
−0.15
−0.16
−0.09
−0.18

12.72
11.61
11.57
11.18
11.10
11.07

8.52
7.27
7.38
7.16
7.03
7.13

57.19
64.30
64.54
66.93
67.35
67.54

E1

ME

RMSE

MAE

R2

E1

38.63
46.67
46.88
48.45
49.41
48.68

−0.03
−0.26
−0.49
−0.95
−0.55
−0.62

39.08
38.96
37.15
36.86
36.47
36.28

24.09
22.37
21.67
20.97
20.86
20.71

44.71
45.03
50.02
50.81
51.84
52.33

33.27
38.06
39.98
41.93
42.25
42.66

GBR; Generalized Boosted Regression, GBR_IDW; Generalized Boosted Regression and Inverse Distance Weighing, GBR_OK; Generalized Boosted Regression and
Ordinary Kriging, RF; Random Forest, RF_IDW; Random Forest and Inverse distance Weighing; RF_OK; Random Forest and Ordinary Kriging, ME; Mean error, MAE;
Mean absolute error, RMSE; Root mean square error, R2; Coefficient of determination and E1 = Legates and McCabe’s coefficient of efficiency.

Fig. 3. Empirical variograms (dots) and fitted variogram models (line) of residuals for RF and GBRM at various depths.

ha−1 of SOCS in the upper layers and varies between 36 and 39 Mg C
ha−1 in the subsoil. Overall, the combination of RF with OK performed
best, although performances are similar. Fig. 3 shows the empirical
variogram (dots) and the fitted variogram model (line) for each soil
depth. The nugget to sill ratios exhibited moderate to weak spatial
dependence of residual data (Table 5). Since the residual spatial correlation is weak, residual kriging did not lead to a large improvement
compared to just RGB or RF.
Each model selected terrain attributes, climate and vegetation indices as important covariates to predict SOCS. Terrain attributes (elevation; DEM, 46%) and climate variables (Precipitable Water Vapor,
PWV; 25%); Rainfall (Rain; 10%) and Temperature (Temp; 8%)) control
the GBR prediction outputs with about 89% of their relative influence
(Fig. 4). The RF model integrates the contribution of all covariates at
varying and more evenly distributed levels of importance (Fig. 4). In
addition to terrain attributes and climatic variables, vegetation indices

3.2. Prediction performance
Performances of the prediction models are presented in Table 4. All
models acceptably predicted SOCS distribution in the upper layers
(0–15 cm and 15–30 cm) by capturing at least 52% of the variation
based on the average over 100 repetitions of 10-fold cross-validation. In
the subsoil layer (30–100 cm), the R2 was slightly lower compared to
the upper layers and varied from 44% to 52%. The coefficient of efficiency (E1) exhibited prediction efficiencies varying from 35% to 49%
in the upper layers and between 33% and 43% in the subsoil layer. In
general, the R2 values suggest that approximately 60% of the SOCS
variability is explained by the models. The RF model and its hybrids
outperformed the corresponding GBR models at equivalent depths, with
on average 10% improvement on the R2 values. OK and IDW interpolation of residuals exhibited nearly similar results in terms of R2 and
E1, for all soil depths intervals. The RMSE ranged from 11 to 15 Mg C
6
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same trend is maintained for all other soil depths (Table 6 and Fig. 7).
The predicted SOCS shows a similar trend as the original data (Table 7).
A total of about 5.67 Pg of SOCS is contained in the first meter of soil in
Cameroon, of which 50% is stored in the top 30 cm soil layer.

Table 5
Nugget to sill ratios (%) of residual semi-variograms.
Soil depth (cm)

GBR
RF

0–15

15–30

30–100

89
75

70
75

35
40

3.4. Countrywide versus global estimates
In comparison to the results of this study, there is generally an
overestimation of SOCS by SoilGrids (Table 7), which decreases with
soil depth. SoilGrids has the highest SOCS overestimation for the upper
soil layer (0 – 15 cm), with about 22%, while it is 15% for the 15 –
30 cm soil layer and only 4% in the subsoil (30 – 100 cm). Considering
the whole soil profile at 1 m depth, in comparison with our results,
SoilGrids overestimates the SOCS by 9%. There is also a biased estimation of extreme values (min and max) by SoilGrids. The minimum
values are zero while the maximum values are very high. This suggests
a weakness of SoilGrids for local mapping of extreme values. Unlike
SoilGrids, HWSD appears to underestimate the soil carbon stock in
Cameroon. The underestimation increases with soil depth, ranging from
26% for the topsoil (0–30 cm) to 38% for the subsoil (30–100 cm).
While HWSD also has zero for the minimum SOCS, the maximum is
much lower than that of SoilGrids.

GBR; Generalized Boosted Regression RF; Random Forest.

(EVI) were also important for prediction with RF. The large spatial
heterogeneity of these factors across Cameroon led to a large predicted
spatial variation in SOCS.
3.3. Soil organic carbon stock in Cameroon
The spatial distribution pattern of SOCS based on the best prediction
model (RF_OK) are shown in Fig. 5. Maps of the predicted SOCS for the
three depth layers show similar spatial patterns of SOCS distribution
across the country, exhibiting moderate countrywide variability. Generally, the SOCS distribution pattern in the two derived layers (0 – 30
and 0 – 100 cm) tends to show a clear relation with agro-ecological
zones (Fig. 6). The SOCS gradually increases northwards from the
humid forest with a bimodal rainfall agroecological (HFBR) zone in the
south up to the high guinea savanna zone (HGSZ). A decreasing feature
of SOCS variation then shows the lowest values in the Soudano-Sahelian
agroecological zone (SSZ) in the far north of the country. The two
agroecological zones located in the west of the country (Western
highlands zone (WHZ) and humid forest with monomodal rainfall
(HFMR)) have the highest SOCS. Total SOCS in the 1 m soil layer
(Fig. 6b) under each AEZ showed the following sequence: WHZ
(203.9 Mg C ha−1) > HGSZ (173.6 Mg C ha−1) > HFMR (129.8 Mg C
ha−1) > HFBR (105.2 Mg C ha−1) > SSZ (70.6 Mg C ha−1). The

4. Discussion
4.1. SOCS modelling
SOCS modelling in this study has shown a strong dependence of
carbon stock distribution on covariates used, leading to fairly accurate
performances of prediction models (RF and GBR) with our legacy soil
dataset. In this context, the RF model outperformed the GBR model
with an average of 10% improvement on the R2 value at each depth.
This corroborates with other studies on predicting soil properties and

Fig. 4. Relative influence (%) of variables for GBR and variables of importance (% of increasing mean square error) for RF (DEM = Digital Elevation Model;
PWV = Precipitable water vapor; Rain = Mean annual rainfall; Temp = Mean annual temperature; EVI = Enhanced vegetation index; LTS = Land temperature
surface; VBF = Valley bottom flatness; RED = Red reflectance; NTO = Negative topographic openness; BARL = Bare ground; Lform = Land form class).
7
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Fig. 5. Maps of SOCS predictions with lower and upper limits of prediction intervals for three depth intervals in Cameroon.

other environmental variables, that consistently show the superiority of
RF over GBR (Akpa et al., 2016; Cutler et al., 2007; Deng et al., 2018;
Ließ et al., 2012). The performance of RF model could be ascribed as
reported by Akpa et al. (2016), to its capability in detecting and dealing

with nonlinear and hierarchical relationships between SOCS and predictive variables. However, Yang et al. (2016) in alpine plateau ecosystem and Wang et al. (2018) in semi-arid rangelands of eastern
Australia observed a contradicting trend and showed that, by
8
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Fig. 6. Spatial distribution of predicted
SOCS in the top 30 cm (a) and 100 cm (b)
of soil in Cameroon, with delineation of
agroecological zones in Cameroon:
Soudano-Sahelian zone (SSZ); High
guinea savanna zone (HGSZ); Western
Highland zone (WHZ); Humid forest with
monomodal rainfall (HFMR); Humid
Forest with bimodal rainfall (HFBR).

be powerful when there is a strong spatial autocorrelation. However, in
our study, the semi-variogram showed a moderate to weak spatial dependence of residuals. This is likely due to point data spacing density in
some part of the country where sample points were too far apart to
capture the locally occurring spatial autocorrelation, since SOCS and
other soil parameters usually exhibit short-distance spatial variation as
reported by Yemefack et al. (2005). Goidts et al. (2009) also recognized
the requirement of high density of point data distribution to detect the
spatial changing pattern as SOCS displays complex variation patterns,
from field to global scales. This result suggests the need to densify soil
sampling points in Camsodat for improved modelling of the spatial
autocorrelation of soil parameters and improving the performance of
prediction models. The current dataset could however allow the models
used to capture about 60% of the SOCS variability in the country. The
usefulness of legacy data thus confirms that new soil data collection
must be cost-prohibitive and justifiable after having made optimal use
of earlier collected data (Arrouays et al., 2017).

Table 6
Mean of SOCS predictions obtained with the RF_OK model in each agroecological zone.
AEZ

SSZ
HGSZ
WHZ
HFMR
HFBR

Area (×106 ha)

9.03
9.26
4.01
5.90
18.17

SOC stock (Mg ha−1)
Depth (cm)

Total storage (Tg)
Depth (cm)

0–15

15–30

30–100

0–15

15–30

30–100

20.68
47.35
55.31
37.82
33.63

13.72
38.80
40.71
22.80
21.83

36.22
87.45
107.85
69.20
49.69

186.89
438.54
218.54
223.35
611.15

124.03
303.76
160.88
134.66
396.78

237.39
809.85
425.90
408.67
902.92

AEZ; Agroecological zone, SSZ; Soudano-sahelian zone, HGSZ; High guinea
savanna zone, WHZ; Western highland zone, HFMR; Humid forest with
monomodal rainfall, HFBR; Humid forest with bimodal rainfall.

4.2. Spatial distribution of SOCS and environmental covariates
The RF and GBR models revealed that environmental factors controlling the variability of SOCS in Cameroon include terrain attributes
(elevation, valley bottom flatness) and climate variables (rainfall, precipitable water vapor and temperature). The influence of these factors
on the distribution of SOCS is well known and has also been recognized
in other studies at global, regional, and national scales (e.g. Adhikari
et al., 2014; Hengl et al., 2017a, 2015; Martin et al., 2011; Wiesmeier
et al., 2019). Kempen et al. (2019) reported the influence of elevation
and temperature on predicting SOCS for Tanzania. Akpa et al. (2016)
also showed the relevance of climate data (precipitation and temperature) on assessing the SOCS distribution in Nigeria using legacy soil
data compiled in the Africa Soil Profile database. From more local
studies in Cameroon, Silatsa et al. (2015) showed that elevation and
climate variables (rainfall, temperature, and insolation) better contributed to SOCS prediction in the shifting agricultural landscape of
Cameroon, while Tsozué et al. (2019) reported changes in SOCS along
the elevation gradient on Mount Bambouto, in the West Region of the
country.
It is well known that precipitation plays a key role in biomass
production, which in turn, determines litter input to the soil (Martin
et al., 2011). Meanwhile, temperature influences the decomposition of

Fig. 7. Average SOCS (Mg C ha−1) accumulation by soil depth (cm) for all
agroecological zones of Cameroon.

integrating high resolution spatial data in the model, GBR could surpass
RF performance in predicting SOCS in their respective sites.
Both OK and IDW interpolation of residuals exhibited similar performances at all soil depths and hybridization with the two approaches
yielded similar validation outcomes. Kriging interpolation is known to
9
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Table 7
National and global (HWSD and SoilGrids) estimates of SOCS in Cameroon (Mg C ha−1).
Soil depth (cm)

0–15
15–30
30–100
0–30
0–100

This study

SoilGrids

HWSD

Min

Mean

Max

CV

Total*

Min

Mean

Max

CV

Total

POD

06.2
03.9
09.5
11.1
21.3

36.2
24.2
62.1
60.4
122.5

108.1
107.4
276.4
210.1
467.9

35
41
47
37
41

1679
1121
2875
2799
5674

0.0
0.0
0.0
0.0
0.0

44.2
26.5
65.7
72.0
136.3

302.0
275.0
1244.0
571.0
1815.0

41
53
91
45
66

2045
1225
2990
3213
6203

22
9
4
15
9

*Total values are expressed in Tg, with 1Tg = 1012 g;

+

Percentage of overestimated difference;

−

+

Min

Mean

Max

CV

Total

PUD-

0.00
0.00
0.00

38.0
43.9
82.0

165.5
185.2
327.3

42
41
39

1782
2059
3841

38
26
31

Percentage of underestimated difference.

methods for cost effective data collection for quick updating of SOCS
maps, that were earlier estimated with legacy soil data.

litter in the soil as well as the organic matter mineralization rate. The
importance of elevation in SOCS estimation is likely caused by its strong
correlation with other factors such as temperature, parent material and
land cover (Chen et al., 2018). The decrease in temperature with increasing elevation reduces the organic matter decomposition rate, inducing therefore an accumulation of SOC (Choudhury et al., 2016).
Climate and vegetation in Cameroon vary more or less along the altitudinal gradient. That is why, all over the country, the difference in
SOCS spatial distribution between the altitudinal positions is explained
well by differences in temperature, which play a major role in the decomposition of deposited residues (Meliyo et al., 2016). However, as
suggested by Chen et al. (2018), the contribution of covariates should
be treated with caution, as covariates are cross-correlated and high
contributing covariates might represent contributions of less contributing covariates.

4.4. Agro-ecological pattern and SOCS distribution in Cameroon
The distribution of SOCS showed a pronounced trend correlating
with the agro-ecological zones (AEZ) across the country (Fig. 5). AEZs
are characterized in Table 1 with very pronounced differences in terms
of rainfall distribution and elevation. The strong correlation between
SOCS density distribution and agro-ecological pattern should also be
linked to the influence of climate and elevation as reported in Section
4.2 and by Sreenivas et al. (2014). Change in elevation is also associated with slope processes such as soil erosion (Schwanghart and
Jarmer, 2011; Tang et al., 2019), causing spatial heterogeneity of SOCS
at different scales.
Low SOCS were predicted in the northern parts of Cameroon
(Soudano Sahelian zone) (Fig. 7). These can be explained chiefly by a
semi-arid climate that does not favour SOC accumulation (Zhang et al.,
2013), and by anthropogenic effects for food crop and cotton productions by a very large population of small-holder farmers. Sreenivas et al.
(2014) reported in the semi-arid type of climate in Southern India an
average SOC density ranging between 30 and 40 Mg C ha−1 at 30 cm
depth. In this study, we recorded a comparable value of 34.4 Mg C ha−1
at the same depth.
The Western highlands agro-ecological zone (WHZ), with the
highest average SOCS of 96 Mg C ha−1 at 30 cm depth (Fig. 7), has a
sub-humid climate and accordingly, the growing period is longer and
favours SOC accumulation, which stock is also comparable to the 90 Mg
C ha−1 reported by Sreenivas et al. (2014) in a comparable AEZ in
India. In addition to SOC accumulation under high elevation and low
temperature, humidity and temperature decreases with altitude contribute also to a low rate of SOM decomposition at higher elevation
(Ramifehiarivo et al., 2017). Generally, mean temperature and annual
rainfall are usually strongly correlated with SOC accumulation.
The high Guinea Savanna zone (HGSZ) showed about 86.2 Mg C
ha−1 stored in the top 30 cm of soil. In this area, elevation varies between 500 and 1500 m above sea level, rainfall ranges between 1500
and 1800 mm, and the mean temperature is 23 °C. The climatic conditions are similar to WHZ. The zone is climatically in transition between WHZ in the west, SSZ in the north, and HFBR in the south. The
Humid forest with bimodal rainfall (HFBR) showed an average SOCS of
60 Mg C ha−1 at 0 – 30 cm and 117.4 Mg C ha−1 at 0–100 cm, values
that corroborate the findings by Akpa et al. (2016) in the humid forest
agroecology in Nigeria. Silatsa et al. (2015) estimated the average SOCS
under the shifting agricultural landscape of central Cameroon at 0 –
30 cm depth at only 44.5 Mg C ha−1, showing a SOCS loss of about
26%. This estimate corroborates the result from Guillaume et al.
(2018), who reported a SOCS loss of about 21% after forest conversion
into agriculture in the Sumatra-Rainforest, Indonesia. Yemefack et al.
(2006) also reported such dynamics of SOC content within the agricultural landscape mosaic systems in the forest area in Cameroon. This
leads to conclude, in agreement with Van Noordwijk et al. (1997), that

4.3. National estimates of SOCS in Cameroon
From our estimates, half of the total SOCS stored in the top 1 m is in
the top 30 cm. This agrees with the 45% and 52%, reported respectively
by Batjes (2008) for Central Africa and Henry et al. (2009) for African
soils in general. The total values of SOCS in Cameroon were 2.80 Pg and
5.67 Pg for 0–30 cm and 0–100 cm soil depth, respectively, a bit slightly
higher than to the values (2.4 and 5.1 Pg) estimated by Henry et al.
(2009) for Cameroon using the HWSD and soil profiles data from Africa.
Other studies have also reported the results from Henry et al. (2009) to
be a realistic estimate of the national SOCS in African countries (Akpa
et al., 2016; Kempen et al., 2019). For Tanzania, the national estimate
derived by Henry et al. (2009) was not very different from the one
derived from national datasets and advanced statistical modelling
(Kempen et al., 2019). This suggests that a modest national soil profiles
database could provide reasonable countrywide estimates of SOCS and
allow a quick update of the carbon stock estimate in African countries
with poor soil data infrastructures. However, such studies only provide
national estimates, while our approach also produces maps of the
spatial distribution of SOCS at a fine spatial resolution as a baseline for
sustainable land management and climate change mitigation, from
local to national scale.
The study showed that rescue of legacy soil data is a relevant and
efficient strategy for producing reliable national SOCS estimates, as
predictions become more reliable when large and adequately organised,
and quality-controlled soil profile databases are used for mapping
purposes. The accuracies obtained at national level are promising for
future national-scale digital soil mapping efforts in data-poor countries
such as Cameroon. However, as SOCS modelled in this study are based
on legacy soil data, some from decades ago, topsoil organic carbon
stock may have undergone changes due to anthropogenic influences or
other natural processes. Even though the creation of many protected
areas in Cameroon for the conservation of biodiversity, and the existence of large forested areas across the country could allow to reduce
SOCS loss over time as reported in Brazil (Carvalho et al., 2019), future
research in soil science and pedometrics should focus on developing
10
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conversion of natural forests to agriculture in the humid tropics leads to
a reduction in ecosystem carbon storage due to the immediate removal
of aboveground biomass and a gradual subsequent reduction in SOC.
This also confirms the importance of land cover and land use covariates
in SOCS predictions. Cameroon has a high diversity of soils within its
territory, which is to a large extent explained by the large diversity of
parent materials including volcanic deposits and deep deposits of high
activity clays (Van Ranst et al., 2019). The observed relationships with
AEZs may be further improved by an overlay with the major soils in the
country.

Compared to our results, SOCS were overestimated by SoilGrids and
underestimated by HWSD. We conclude that national predictions derived by global products should be used with caution, even though they
remain the only source of SOCS data for several countries in Africa. The
accuracies obtained at national level are promising for future nationalscale digital soil mapping efforts in data-poor countries such as
Cameroon, particularly considering the increasing demand for accurate
national SOCS estimates to assist policy making in terms of land management and sustainable food production as well as climate change
mitigation in Cameroon.

4.5. National versus global estimation

Declaration of Competing Interest

Our national SOCS predictions were compared with the two most
often used national SOCS estimates from global products SoilGrids
(Hengl et al., 2017a) and the Harmonized World Soil Database (Wieder
et al., 2014). Our national SOCS estimate was in between the two estimates (Table 4), following the generally reported trend that HWSD
underestimates while SoilGrids overestimates SOCS (Henry et al., 2009;
Liang et al., 2019; Mulder et al., 2016; Tifafi et al., 2018). In addition to
estimation errors in the order of 30% at the scale of the African continent, HWSD data on SOCS map make use of look-up tables assigning
SOCS values to specific soil polygons, ignoring the fact that SOCS is not
constant within a soil polygon, but varies with environmental covariates (McBratney et al., 2003; Liang et al., 2019).
The SOCS overestimation of SoilGrids may be explained by the
limited number soil profiles (Mulder et al., 2016). SoilGrids was calibrated using some 150,000 soil profiles from around the world, with
only a small portion (461 points) from Cameroon. Moreover, data distribution for SoilGrids were clustered towards the South of Cameroon,
with very few observation points in the North. In this study, we used
1,432 points, with a relatively better spread across the country. Thus, a
better inventory and harmonization of soil profile data, combined with
relevant environmental covariates included in the spatial prediction,
will have contributed to better predict SOCS in this study.
As for almost all national estimates of SOCS, the prediction accuracy
of the results reported here was constrained by the limited number of
available SOCS profile observations, and their inconsistent distribution
across Cameroon. There were also variations in the time of observation
(most of the samples were taken in different periods) and differences in
laboratory analysis procedures, as the samples were analyses in different laboratory using different laboratory methods. The reliability of
the estimates could further be increased by expanding the input data.
Likewise, all relevant soil forming factors were not included for spatial
modelling, since not all could be represented by generally available,
high-resolution covariates for Cameroon. Future work should address
how these other factors could contribute to improve SOCS mapping in
Cameroon.
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