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ABSTRACT

Handling Editor: David Laird

Despite the importance of tropical forest carbon to the global carbon cycle, research on carbon stocks is incomplete in major areas of the tropical world. Nowhere in the tropics is this more the case than in Africa, and
especially Central Africa, where carbon stocks are known to be high but a scarcity of data limits understanding of
carbon stocks and drivers. In this study, we present the first nation-wide measurements and determinants of soil
carbon in Gabon, a nation in Central Africa. We estimated soil carbon to a 2-m depth using a systematic, random
design of 59 plots located across Gabon. Soil carbon to a 2-m depth averaged 163 Mg ha−1 with a CV of 61%.
These soil carbon stocks accounted for approximately half of the total carbon accumulated in aboveground
biomass and soil pools. Nearly a third of soil carbon was stored in the second meter of soil, averaging 58 Mg ha−1
with a CV of 94%. Lithology, soil type, and terrain attributes were found to be significant predictors of cumulative SOC stocks to a 2-m depth. Current protocols of the IPCC are to sample soil carbon from the surface 30 cm,
which in this study would underestimate soil carbon by 60% and underestimate ecosystem carbon by 30%. A
nonlinear model using a power function predicted cumulative soil carbon stocks in the second meter with an
average error of prediction of 3.2 Mg ha−1 (CV = 915%) of measured values. The magnitude and turnover of
deep soil carbon in tropical forests needs to be estimated as more countries prioritize carbon accounting and
monitoring in response to accelerating land-use change.
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1. Introduction
Tropical forests contain > 50% of the world's forest carbon stocks
(Pan et al., 2011), as documented by thousands of forest inventory plots
(Lewis et al., 2009; Saatchi et al., 2011). The contribution of soil organic carbon (SOC) to this tropical forest carbon pool is, however,
poorly quantified. Early research pegged soil carbon stocks in low-latitude tropical forests to be larger than aboveground biomass carbon
stocks (Dixon et al., 1994; Jobbágy and Jackson, 2000). Some studies
have suggested that above and belowground carbon stocks of tropical
forests are approximately equal (Malhi et al., 1999; Lal, 2005). Other
studies have estimated tropical forests hold from 30 to 68% of carbon
stores in SOC stocks (Pan et al., 2011; Henry et al., 2009). Precise estimates of soil carbon in the tropics are hampered by a lack of spatially
explicit ground-based measurements, and a notable absence of both
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legacy data and current research (Verbeeck et al., 2011; Kearsley et al.,
2013). Observational data is particularly problematic for the 1.7 million km2 of tropical forests in Central Africa, where regional-scale studies of SOC have relied on remote sensing, ecological models, and
historic data on surficial layers (< 30 cm) from earlier decades
(Schwartz and Namri, 2002; Batjes, 2008; Akpa et al., 2016).
Deep mineral-bound SOC may comprise a large pool of carbon in
tropical forests, raising the question of whether soils are being sampled
to adequate depths to accurately estimate SOC stocks. In humid tropical
lowlands, high temperatures acting in concert with low activity minerals are believed to limit SOC stabilization by driving rapid rates of
carbon mineralization and recycling (Malhi et al., 1999). However, this
high temperature – low SOC idea overlooks the potential of subsoil
horizons storing high proportions of SOC stocks at depth (Richter and
Babbar, 1991). Deeper SOC stocks have slower turnover times due to
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soil mineralogical and chemical factors, the mechanisms behind which
remain unclear (Jackson et al., 2017; Rumpel and Kögel-Knabner,
2011). While there is no single-parameter control on subsoil SOC, clay
minerals and iron oxides are known to play key roles in SOC stabilization at depth (Eusterhues et al., 2003).
The historic focus of soil carbon studies on surficial soils (Richter
and Markewitz, 1995; Richter and Yaalon, 2012), while prehaps appropriate for the questions of those studies, has nevertheless limited our
understanding of whole profile SOC dynamics. Across 360 studies of
how land use affects SOC, 90% of these studies sampled soil to a depth
of 30 cm or less and 50% of these studies to a depth of 15 cm or less
(Richter and Billings, 2015; Mobley et al., 2015). In a meta-analysis,
one that examined the impact of harvesting on forest soil carbon, only
2% of soil measurements in 112 studies sampled soil at 60 cm or deeper
(James and Harrison, 2016). A review of the impact of land use on
tropical soil carbon found that the average sampling depth among 158
published studies was 39 cm, while another analysis found an average
sampling depth of 14.6 cm across 80 studies (Don et al., 2011; Powers
et al., 2011). Many studies of tropical forest carbon budgets exclude soil
carbon stocks altogether (Houghton et al., 2000; Gibbs et al., 2007;
Lewis et al., 2009). Such sampling has not promoted understanding of
the properties and dynamics of whole soil profiles and estimates of a
vast amount of SOC.
Deep soil carbon is arguably the least well-understood and mostoverlooked component of the terrestrial carbon pool, with uncertainties
about its magnitude and dynamics (Rumpel and Kögel-Knabner, 2011;
Harrison et al., 2011). It is estimated that in the majority of soils, nearly
40% of 2-m SOC stocks are stored in the second meter (Lorenz and Lal,
2005). Yet soil carbon reservoirs deeper than 1 m are not typically estimated in global carbon budgets (Dixon et al., 1994; Lal, 2003; Pan
et al., 2011; FAO et al., 2012). In soil mapping, it is common practice to
estimate soil carbon storage from a nonlinear decay function, the
parameters of which are derived from environmental variables
(Minasny et al., 2006). In recent years, studies have begun including
SOC down to a meter as more as evidence is demonstrating that subsurface carbon may be dynamic on decadal time scales (Don et al.,
2011; Poeplau et al., 2011; Mobley et al., 2015). Incorporation of fresh
carbon at depth, a possible effect of land-use and agricultural practices,
may stimulate decomposition of ancient SOM at depth (Fontaine et al.,
2007; Mobley et al., 2015). More direct measurements of subsoil carbon
(> 30 cm) are needed to assess the conditions under which deep carbon
stocks originate and persist.
Threat of increasing land-use pressure on Central Africa forests
brings urgency to the estimation and monitoring of soil carbon stocks.
While gross CO2 sources in the temperate zone are mainly diminishing
in the 20th century, gross sources of CO2 in the tropics due to deforestation and agriculture have tripled during the past century (Richter
and Houghton, 2011). Tropical deforestation accounts for about
10–20% of all anthropogenic CO2 emissions (IPCC, 2000; van der Werf
et al., 2009; Verhegghen et al., 2012). In Central Africa, land-use
change and forestry account for 55% of CO2 emissions from the region
(FAO, 2011). Across West and Central Africa, 56 million ha of forest are
held in logging concessions, amounting to 30% of the total tropical
moist forest area (FAO, 2016). The effects of logging on tropical forests
vary widely depending on harvest intensities and forest composition,
with reductions in tree biomass ranging from 4 to 48% (Medjibe et al.,
2013) and with significant increases in coarse woody debris (Carlson
et al., 2016). A growing demand for palm oil and other agricultural
products may well increase deforestation rates in Central Africa (Austin
et al., 2017). The conversion of moist tropical forests to oil palm
plantations is estimated to result in the release of 155 Mg C ha−1 over a
plantation's 25-year life cycle due to reductions in tree biomass alone
(Burton et al., 2017). Given these land-use pressures, comprehensive
estimates of SOC are needed to inform policies on the reduction of
carbon emissions and climate mitigation in Central Africa.
In Gabon, Central Africa, soil carbon stocks are expected to be

dynamic in response to ongoing woody plant encroachment in savannas
as well as selective logging. In a space-for-time study of forest encroachment of savannahs, Chiti et al. (2017) documented quite large
changes over decades to centuries of forest encroachment. Beyond this
study, information on Gabon's soil carbon stocks is reliant on global soil
databases. In the Harmonized World Soil Database, the most recent
global soil database created by a consortium of research institutions,
half of the African continent is re-interpreted from the 1970s FAO/
UNESCO map and considered to be of low reliability (Nachtergaele
et al., 2012). Soil taxonomic information on Gabonese soils is more
extensive and considered to be more reliable than data on soil organic
carbon stocks (Martin, 1981; Jones et al., 2013).
In this first nationwide soil carbon inventory of a tropical African
country, soil carbon was estimated to a 2-m depth in 59 sites across
Gabon. The Gabonese Republic is the most densely forested country in
Africa, with forest cover estimated at 88.5% (Sannier et al., 2014).
Gabon also has many logging concessions, with 62% of its forested land
designated for logging, suggesting that forest carbon stocks are vulnerable to future land-use change (World Resources Institute, 2017). In
summary, the objectives of the present study were: (1) estimate the
magnitude of Gabon's soil carbon stocks; (2) develop a model for the
spatial and vertical distribution of soil carbon; and (3) examine the
extent to which environmental variables correlate to soil carbon stocks.
2. Materials and methods
2.1. Study area
Gabon, situated on the Atlantic coast of equatorial Africa, covers
267,700 km2 and has one of the lowest human population densities in
Africa at 6.4 inhabitants per km2 (United Nations, 2017). The country
has an equatorial climate, with high year-round temperatures and two
wet seasons from March–May and September–December (Saatchi et al.,
2011). Average temperature is 25 °C with a high of 26 °C in January and
a low of 23 °C between June and August. Precipitation is much more
variable, its fluctuations aided by the ITCZ, and consequently drives
vegetation distribution and seasons. The duration of wet-dry seasons
varies from the wet coastal northwest (3200 mm) to the drier interior
southeast (1300 mm) due to a longitudinal precipitation gradient
(Leonard and Richard, 1993). Gabon is also the second most forested
country in the Congo Basin with 23 million ha of dense equatorial
evergreen forest (de Wasseige et al., 2012). Gabon contains the majority
of the Ogooué River Basin, which in total covers 203,500 km2 and is the
fifth largest river basin in Africa (Mahe et al., 2013). Land cover of the
country is dominated by the Guineo-Congolian rain forest (76%), followed by cropland (10%), grassland and savanna (7%), and flooded
broadleaved forest (5%) (World Resources Institute, 2017). According
to the FAO, the dominant land cover class in Gabon is evergreen and
semi-deciduous forest (Fig. 1), which is the forest cover estimated to
hold the greatest amount of carbon stock in the Congo Basin
(Verhegghen et al., 2012). Among tropical countries, Gabon is second
only to Malaysia in terms of average density of forest-biomass carbon
(164 Mg C ha−1 to 179 Mg C ha−1) (Saatchi et al., 2011).
The lithology of eastern Gabon is largely metasedimentary and
metaigneous rock, forming part of the Congo Shield, an ancient, stable
landscape that has long undergone intense weathering. Western Gabon
is a mosaic of carbonate and non-carbonate rock minerals, then dominated by sandy alluvium along the coast (Sayre et al., 2013). Soil orders
reflect these lithologic differences (Fig. 2). Xanthic Ferralsols and ferralic Cambisols align with granite plateaus in central and northeastern
Gabon. In the arid southeast, iron-rich Plinthosols support the country's
largest swath of grassland, savanna and shrubland. Along the coast are
Ferralic Arensols and Calcaric Fluvisols (Jones et al., 2013).
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Fig. 1. Location of the 59 1-hectare plots in Gabon sampled in this study in relation to vegetation type. Plots are a subset of the plots that make up Gabon's National
Resource Inventory. Vegetation type classes are from Verhegghen et al. (2012) using the standardized Land Cover Classification System by the FAO.

Fig. 2. Maps of surficial lithology (left) and soil mapping units (right) in Gabon, shown with location of 59 plots. 90-m resolution surficial lithology was taken from
GEOSS (Global Earth Observation System of Systems, Sayre et al., 2013). Soil mapping units were taken from a 1981 OSTROM (Office de la Recherche Scientifique et
Techniques d'Outre-Mer) soil classification map of Gabon (Martin, 1981). Soil mapping units with hatch lines were omitted from the spatial prediction models of SOC
(Mg ha−1) due to insufficient class size.
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2.2. Sampling sites

module. Each sample was analyzed twice, once without dispersion (dry,
without Calgon) and once after overnight dispersion in 5% sodium
hexametaphosphate (with Calgon). Samples were analyzed by the instrument for 60 s at a pump speed of 7.2 L min−1. Light scattering
patterns were deconvoluted by the instrument software (Beckman
Coulter LS-13320 ver. 6.01) following the Mie theory and the suspension, imaginary, and real refractive indices set to 1.332, 0.2, and 1.53
respectively (Eshel et al., 2004; Özer et al., 2010; Bieganowski et al.,
2018) to provide PSDs consisting of volumetric particle concentrations
(% v/v) in 116 diameter classes where the midpoint of each class is
logarithmically distributed from 0.4 to 200 um. Specific surface area
(SSA) of each PSD was calculated from each PSD by the instrument
software as follows:

In 2012, the Gabonese government initiated a national resources
inventory (NRI) to measure and manage its forest resources, with a
focus on forest carbon stocks (see also Carlson et al., 2016; Poulsen
et al., 2017). The NRI consists of a network of one-hectare inventory
plots arranged in a systemized, randomized design across the country.
To assess the contribution of soil carbon to overall carbon stocks, 57 of
the NRI plots were sampled for both aboveground and belowground
carbon (Fig. 1). The location of the plots represented the principal
ecosystems in Gabon, including Aucoumea (evergreen forest), Congolian (semi-deciduous forest), and coastal forests, as well as forests in
the forest-savanna ecotone. Two adjacent forest stands in the Aucoumea
forest within Ngounie Province that were slated for conversion to a
palm oil concession were also sampled, bringing the total plot count to
59 (Burton et al., 2017). Four teams of five forestry technicians from the
Gabon Parks Agency (Agence Nationale des Parcs Nationaux, ANPN)
inventoried the plots for trees and lianas (large woody vines), and
sampled soils. Each plot was classified as old-growth (not disturbed by
land use), selectively logged, and secondary forest (with signs of previous disturbance). Of the 57 plots, 27% were classified as old-growth,
39% as successional, and 31% as selectively logged.
In each 1-ha plot, three soil pits were dug in the northeast, southeast, and southwest plot corners. Soil pits were excavated to a 1-meter
depth to allow enough room to extract bulk density cores, and the pits
were augured to 2 m. Depth-integrated soil samples were taken from
the pit walls at 0–10 cm, 10–30 cm, 30–50 cm, 50–75 cm, and
75–100 cm depths, and at 100–150 cm and 150–200 cm with the soil
auger, and subsequently passed through a 1-cm sieve in the field. Soil
samples from the three pits were then mixed and composited by depth.
The northwest plot corner was used as an alternative sampling site
when rocks or equipment failure obstructed sampling in one of the
three soil pits. Of the 59 plots, 12 were sampled only to a 1-m depth due
to underlying rocks or equipment failure. Bulk density was sampled
across the first five soil depth increments (0–10 cm, 10–30 cm,
30–50 cm, 50–75 cm, and 75–100 cm), using a 200 cm3 volume core
and averaged from three replicates for each depth. Bulk densities for the
100–150 cm and 150–200 cm soil depths were not directly measured,
and instead were estimated to equal the bulk density of the 75–100 cm
depth. Given that bulk density increases with soil depth, SOC stocks in
the second meter are unlikely to be inflated with respect to measured
values. Bulk density cores were screened for the > 2-mm fraction, and
oven-dried at 105 °C before estimating the final weight (Blake and
Hartge, 1986). Data on aboveground biomass carbon (Mg ha−1) was
acquired for each plot from the Gabon national resource inventory
(unpublished data, Gabon NRI).

SSAi =

Sd·(Cd, i /100)

where Sd,i is the specific surface area (in cm2 cm−3) of a spherical
particle in diameter class d as calculated by the midpoint of diameter
class d, Cd,i is the volumetric concentration (in % v/v) of particles in
diameter class d of PSD i, and SSAi (in cm2 cm−3) is the specific surface
area of PSD i. SSA was therefore a purely physical calculation based on
the particle size distribution curves. Degree of aggregation in the fine
Earth fraction of each sample was indexed as the percentage increase in
SSA after overnight dispersion with 5% sodium-hexametaphosphate. To
elaborate, the SSA calculated from the PSD of the dispersed soil was
subtracted by the PSD of the dry soil, and then converted to a percentage. Previous studies have found poor correlations between data from
the pipette method and LD method, with the latter yielding a smaller
clay fraction in increasingly clay rich soils (Eshel et al., 2004). In this
study, correlations between pipette data and the LD data also revealed
the latter to significantly underestimate the < 2 μm fraction. However,
the utility of the LD data for this study was in the SSA values, which
were calculated from a continuous PSD curve and not discrete texture
classes.
Mineralogical analysis was carried out on a subset of subsoil
(50–75 cm) samples in order to decipher the importance of clay mineralogy for specific surface area. The 50–75 cm depth was chosen in
order to minimize confounding influences of surficial environmental
covariates, whereas the 10–30 cm depth was selected for particle size
analysis in order to maximize the interactions of mineralized carbon
and soil texture. Given the high correlation of percent clay between
these two layers (R2 = 0.95, df = 28 p < 0.0001), mineralogy and SSA
between the two layers should similarly be related. Zincite (ZnO) at
10 wt% was used as an internal standard (spike) to monitor machine
drift and provide a reference against which to compare integrated intensities of unknown minerals. Samples were homogenized in an agate
ball mill at a ratio of 3:4 to water, and then oven dried at 75 °C for 24 h.
Mineralogical composition was determined via X-ray Diffraction (XRD)
using Cu Kα (1.79 Å) radiation (45 kV, 40 mA) on a Panalytical X'Pert
PRO Vertical goniometer. Samples were scanned from 2° < θ < 70° at
a step size of 0.1° 2 θ and step collection time of 0.3 s using a randomly
oriented powder mount. The diffractometer was adjusted with a 1/32°
divergence silt and measured with a 1/2° divergence silt. Evaluation
was performed using the X'Pert Highscore Plus V 3.0 (PANalytical)
software, wherein semi-quantitative analysis was carried out by visual
estimations of peak height and area.
Comprehensive soil chemical analysis was carried out on about half
of the soil profiles (n = 30) from 4 depths: 0–10 cm, 10–30 cm,
50–75 cm, and 100–150 cm (Table 2). The subset of soil profiles was
identical to the subset selected for texture as previously described. Soil
samples were measured for pH, exchangeable cations, trace metals, and
extractable phosphorus at the University of Georgia Soil, Plant and
Water Laboratory. Soil pH was measured in 0.01 M CaCl2. Extractable
P, K, Ca, Mg, Na, Mn, Zn, Fe, and trace metals were determined using
the Mehlich-I extraction method, and were analyzed simultaneously on
an Inductively Coupled Plasma Spectrograph following standard

2.3. Analysis of carbon stocks
Samples were passed through a 2-mm sieve to remove the coarse
fraction, and subsamples were pulverized for total carbon and nitrogen
analysis by dry combustion with an automatic C/N analyzer (PerkinElmer 2400 Elemental Analyzer). All surficial layers (0–10 cm, n = 57)
and half of the 10–30 cm (n = 30), 50–75 cm (n = 32), and 100–150 cm
(n = 28) layers were analyzed for texture using the pipette method
(Carter, 1993), with 50 g/L (NaPO3)6 (Calgon) with a pH of > 9.5 and a
vortex mixer to disperse samples. Soils were classified according to FAO
soil texture definitions: fine-textured (> 35% clay), coarse-textured
(> 65% sand), and medium-textured (intermediate proportions of clay,
silt, and sand). The subset of 10–30 cm, 50–75 cm, and 100–150 cm
samples analyzed for texture were chosen by selecting an equal number
of fine, coarse and medium-textured 0–10 cm soils, then selecting the
corresponding deeper depths of those sites. The particle size distributions (PSD) of the aforementioned 30 samples from the 10–30 cm depth
were estimated by laser diffraction (LD) with a Beckman Coulter LS13320 multi-wave particle size analyzer connected to an aqueous liquid
239
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methods (Kissel and Sonon, 2008).
Carbon stocks were estimated using:

Table 2
Average pH, concentration of exchangeable cations, base saturation, and extractable phosphorus for 30 of the 59 sites at 0–10, 30–50, 50–75, and
100–150 cm depths.

CM = CF × BD × V
where CM is total carbon by mass (Mg ha−1), CF is the fraction of
carbon, BD is the fine-fraction (< 2-mm) soil bulk density (Mg m−3),
and V is volume of the soil layer (m3 ha−1).

Depth (cm)

Means
0–10
10–30
50–75
100–150

2.4. Modeling SOC depth functions
Nonlinear mixed-effect functions were fit to the depth profiles of
SOC concentrations and cumulative SOC stocks at 42 of the 59 sites.
Mixed-effect models allow for idiosyncratic variation due to individual
differences between plots by including a random effect. In this, plot was
treated as a random effect. Depth was treated as a predictor of SOC
concentration and cumulative stock. When there was not enough plotlevel variation to warrant adding an additional plot-level effect to explain variation, the models were left as fixed-effect models with depth
as the predictor. Within the nlme package in R, the mixed effect models
were written as: carbon ~ function (depth) ~ depth | plot. Models built
from these depth functions were then used to test the ability to quantify
SOC percentages and stocks at depth. Cumulative SOC stocks for each
depth interval were calculated by the addition of SOC stocks in shallower depths to the SOC stocks of the particular depth interval (i.e.
adding 0–10 cm, 10–30 cm to the 30–50 cm depth). Forty-two plots had
mineral soils with complete profiles to a 2-m depth. Depth was treated
as a predictor of SOC concentration and cumulative stock, and plot was
treated as a random effect. The four non-linear functions tested were:

4.10
4.25
4.38
4.51

Exchangeable (cmolc/kg)a

BS (%)b

Ca

Mg

K

Na

CEC

0.39
0.29
0.18
0.21

0.26
0.19
0.14
0.16

0.11
0.07
0.05
0.05

0.05
0.04
0.03
0.04

16.4
13.5
13.3
12.6

5.6
4.9
10.0
11.2

90.4
127.9
97.0
119.3

68.4
79.5
120.9
106.1

37.1
41.3
38.1
47.4

40.3
34.8
50.9
61.2

88.1
94.3
254.4
231.0

Coefficients of variation (%)
0–10
6.8 148.3
10–30
5.9 202.8
50–75
4.8 113.1
100–150
4.1 116.2

Ext. Pc (μg/g)

9.08
5.50
2.95
1.34

(4.41)
(1.73)
(0.69)
(0.54)

241.6
341.5
374.4
215.7

a

Extractable cations determined by Mehlich-I extraction.
Cation exchange capacity (ECEC) was estimated by summing the exchangeable acidity and exchangeable base cation concentrations. Base saturation (BS) was calculated as sum of exchangeable base cation concentrations
divided by ECEC, expressed as percentage.
c
Median values for Ext. P are shown in parentheses.
b

In order to test the ability of these functions to predict subsurface
SOC, the four functions were fit to individual depth profiles of SOC
concentration and cumulative content to a depth of 50 cm and 1 m.
Each of the four functions were fit to 42 complete soil profiles, generating individual a and b parameters for four functions at each profile.
Using these plot-specific fitted functions, SOC concentrations and cumulative content were then predicted for the 50–75, 75–100, 100–150,
and 150–200 cm depths.

a logarithmic function (Johnson et al., 2011):

C = a + b ln(D)
a Type III exponential function (James et al., 2014):

2.5. Environmental datasets

C = a exp(b/ D)

A suite of environmental covariates were used to predict and map
the spatial distribution of SOC in Gabon (Table 1). A digital elevation
map, at a 30-meter resolution, was obtained from the Satellite Remote
Sensing (SRTM) project and subsequently used to generate maps of
slope and topographic convergence index (TCI). Country-wide mean
annual precipitation, temperature, and potential evapotranspiration
data at 1-km2 resolution were taken from WorldClim (Hijmans et al.,
2005). Precipitation was characterized by mean annual precipitation,
precipitation of wettest month, and precipitation of driest month.
Geospatial layers of surficial (0–10 cm) soil organic carbon content and
bulk density at 250-meter resolution were obtained from the International Soil Reference and Information Centre (ISRIC), as part of the
Africa Soil Profiles database (AfSIS). The maps are predictions based on
an automated mapping framework with soil point observations and
continental environmental covariates (Hengl et al., 2015). Of the soil
point observations in the database, 46 out of roughly 18,500 profiles

a power function (Bennema, 1974):

C =aD

pHw

b

and the first-degree inverse polynomial function (James et al.,
2014):

C = D/(a + bD)
where C is SOC concentration or cumulative SOC stock at a particular depth (D), and a and b are fitted parameters for each function.
These functions were chosen because they are flexible, simple, and
independent of total carbon stocks and allow prediction of SOC
concentration and stocks at depth. The quality of the models was
assessed by AIC estimates and the distributions of residuals.
Table 1
Environmental covariates used to predict SOC content in Gabon.
Variable

Description

Mean (SD)

Elevation
MAP
MAP, wet
MAP, dry
MAT
PET
Bulk density, AfSIS
SOC, AfSIS
NDVI
Surficial lithology
Soil mapping units

Meters above sea level (m)
380 (216)
0–1072
Mean annual precipitation (mm y−1)
1852 (255)
1366–3204
Mean precipitation of wettest month (mm y−1)
326 (53)
245–564
Mean precipitation of driest month (mm y−1)
9.4 (11.1)
0–55
Mean annual temperature (°C)
24.5 (1.02)
20.5–26.7
Potential evapotranspiration
1631 (669)
533–6554
0–10 cm bulk density (fine earth, kg m−3)
1251 (74)
981–1540
0–10 cm soil organic carbon (fine earth, g kg−1)
20.0 (4.0)
6–136
Normalized difference vegetation index (NDVI) from 1981 to 2015
166.9 (22.2)
92–190
Classes: carbonate, non‑carbonate, metasedimentary, metaigneous, alluvium
Classes: ferralitic, calcareous, coastal sedimentary sand, ridgetop, hydric, sandstone ridges, mangrove, Bateke and Wonga Wongue sand
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Table 3
SOC concentration (%), stocks (Mg ha−1), soil organic nitrogen (SON), bulk density (BD), and soil texture for 57 sites in Gabon.
Depth

SOC

SOC

cm

Mg ha

0–10
10–30
30–50
50–75
75–100
100–150b
150–200b

21.9
28.1
19.9
19.8
16.8
32.2
25.4

a
b

−1

(49)
(52)
(52)
(56)
(58)
(94)
(96)

SON
−1

mg g

22.7 (69)
14.3 (147)
10.6 (193)
8.62 (217)
7.45 (227)
7.64 (273)
5.90 (245)

1.77
1.10
0.82
0.70
0.62
0.56
0.49

BDa

C/N

(40)
(51)
(56)
(60)
(61)
(87)
(86)

Sand
3

Silt

Ratio

g/cm

%

12.5
11.9
11.5
11.0
10.7
10.9
10.2

0.99 (24)
1.17 (17)
1.21 (17)
1.23 (21)
1.22 (22)
–
–

41.3 (54)
39.7 (62)
–
37.4 (61)
–
43.3 (54)
–

(32)
(44)
(52)
(56)
(66)
(69)
(61)

Clay

20.4 (63)
19.3 (71)
–
17.3 (68)
–
14.1 (75)
–

38.2 (48)
41.0 (50)
–
45.3 (43)
–
42.6 (48)
–

Bulk density at 1–2 m was estimated to equal bulk density at 75–100 cm.
SOC (Mg ha−1) for 100–150 cm and 150–200 cm was calculated using bulk density estimates from 75 to 100 cm.

Table 4
Soil texture and mineralogy for selected soil profiles. Specific surface area (SSA) and percent aggregation (Aggreg.) are shown for the 10–30 cm layer. Texture and
mineralogy (present or absent) are shown for the corresponding 50–75 cm layer. For mineral abundances, I = important and Tr = trace. For mineral names,
Kaolin. = kaolinite, Goeth. = goethite, Gibb. = gibbsite, Smect. = smectite.
Profile #

10–30 cm
SSA

9
10
7
2
28
80
79
30
8
58
110
91
35
24
56
131
87
88
117
43
73
106
97
75
107

50–75 cm
Aggreg.

Sand, %

Clay, %

Quartz

779
616
4353
25,923

0
0
63.0
68.0

19,457
22,774
28,930
29,377
31,099
45,121
35,702
26,455

83.1
87.5
76.2
72.7
84.1
93.0
88.7
83.8

29,905
41,585
30,560
48,977
38,427
36,734
56,317

89.8
93.4
75.4
95.4
94.2
86.6
89.0

41,623
47,437
54,256

91.3
90.6
95.5

99.5
99.3
83.7
39.7
63.4
59.6
50.0
28.6
15.9
37.6
39.2
24.5
21.2
39.4
34.2
37.0
12.0
36.4
33.9
13.5
11.6
26.9
24.4
11.5
19.7

0.3
0.5
10.1
25.5
26.8
28.3
40.9
42.6
44.7
48.9
51.0
52.3
52.7
53.2
53.6
54.2
54.5
57.3
58.5
59.9
61.4
63.8
64.4
70.5
72.7

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

Kaolin.

Slope
Elevation
MAT
MAPwet
PET
Lithology
Soil class
Bulk density
SOC
Soil class: SOC

I
I
I
I
I
I
I
I
I
I
I
I
I

Tr
Tr
Tr

I
I
I
I
I
I
I
I

Model summary
F
Adj. r2
p-Value
RMSE, Mg ha−1
(validation
errors)

10 cm

30 cm

1m

2m

X*

X**
X*
X
X*

X*
X**

X**

X*
X**
X***
X*

F8,45 = 4.231
0.34
0.0008
7.6

Gibb.

Mica

Smect.
Tr

I
I
I
I

X*
X**

X*

X
X**

X
X*

X**
X*
X
X
X*

F16,37 = 2.089
0.24
0.032
14.2

F10,43 = 2.847
0.26
0.008
25.5

F13,26 = 4.26
0.52
0.0008
29.9

Tr
Tr

Tr
Tr
Tr
Tr

Tr
I
I
I
I
I

Anatase

Tr

Tr
Tr
Tr

Tr

Feldspar

Dolomite

Tr
Tr

Tr
Tr

Tr
Tr
Tr
Tr
Tr
Tr

Tr

fall within Gabon, indicating considerable uncertainty with these surface-soil maps. Surficial lithology and landforms (6 classes: smooth
plains, irregular plains, escarpments, hills, breaks, low mountains, high
mountains/deep canyons) at 90-meter resolution were obtained from
GEOSS - the Global Earth Observation System of Systems (Sayre et al.,
2013). Vegetation classes using the FAO land cover classification
scheme at 300-m resolution were taken from Verhegghen et al. (2012).
Normalized difference vegetation index (NDVI), averaged over 35 years
at 0.5° spatial resolution, was taken from the MODIS Land Products
MOD13Q1 dataset, and used as a proxy for vegetation density (Didan,
2015). Finally, soil mapping units were derived from a 1981 OSTROM
(Office de la Recherche Scientifique et Technique d'Outre-Mer) map,
which at 1:2,000,000 scale remains as the country's most contemporary, detailed soil classification map (Fig. 2, Martin, 1981).
Geospatial analyses were conducted using ESRI software ArcGIS 10.1,
2011.

Table 5
Multiple regression models for cumulative SOC (Mg ha−1) at 4 depths with
environmental covariates. Significance denoted at 0.05 (*), 0.01 (**), and <
0.001 (***).
Variable

Goeth.

2.6. Statistical analysis and spatial modeling of SOC
A series of bivariate and multiple linear regressions were performed
to assess controls on the depth-dependence of SOC and to predict spatial
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observed and predicted SOC stocks were used to calculate mean estimation error (MEE) and root-mean-square error (RMSE).
ANOVA and Tukey post hoc tests were used to estimate differences
in soil carbon concentrations and stocks across different texture classes
and land-use designations. Because distributions for SOC were positively skewed, both the mean and the median values of SOC concentrations and stocks are presented. All calculations and statistical
analyses were performed in R (R Core Team, 2015).
3. Results and discussion
3.1. Soil carbon stocks and key soil properties
Gabon's estimated SOC stock to a 2-m depth was 163.4 Mg ha−1
(median = 146 Mg ha−1, CV = 60.6%). Whole-profile SOC stock had
high variability, ranging from 655.5 Mg ha−1 in a seasonally flooded
site within the northwest Pongara National Park to 39.3 Mg ha−1 in a
secondary forest in the savannah forests of the arid south. The first
meter
contained
106.6 Mg ha−1
(median = 100.2 Mg ha−1,
CV = 51.2%), and the second meter contained 57.8 Mg ha−1
(median = 45.9 Mg ha−1, CV = 93.6%). By meters, the top meter held
67% of total SOC (CV = 15%), and the second meter 33% (CV = 31%).
Bulk SOC concentrations were highest in the first soil layer
(mean = 22.7 mg g−1, CV = 69%), and declined continuously with
depth (150–200 cm: mean = 5.9 mg g−1, CV = 245%). Mean C/N ratio
decreased with depth, and did not change significantly below 50 cm.
Soil texture was highly variable across plots in the surface and
subsurface (Table 3). Clay concentration ranged from 0.7% in soils of
coastal sediments to 74.6% in eastern ferralitic soils. Average clay
content increased marginally from 38% (CV = 48%) in the first 10 cm
to 45% (CV = 43%) and 43% (CV = 48%) at 50 cm and 1 m. Soil
profiles were highly acidic, with mean pHw of 4.1 (CV = 6.8%) at
0–10 cm to 4.5 (CV = 4.1%) at 100–150 cm (in dilute CaCl2). Cation
exchange capacity (CEC) and base saturation were both low (12 to
16 cmolc kg−1, 5% to 10% respectively), suggesting a clay mineralogy
dominated by low-activity mineralogy, e.g., kaolinites. Soil profiles
were low in extractable phosphorus (P), with the major exception of
one site in Loango National Park that had 120 ppm and 60 ppm extractable P in the surface and subsurface (Table 2).

Fig. 3. Depth distribution of SOC stocks (Mg ha−1) in Gabon by percentage
(left-hand column in parenthesis) and cumulative percentage (brown rectangles). Total SOC and AGC shown, as well as cumulative percent in dark gray
on the x-axis. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

distributions of SOC across the country. First, a series of bivariate linear
regressions of aboveground biomass, soil texture, precipitation, temperature, and elevation were performed on soil carbon concentrations
and stocks. These predictor variables were chosen because either direct
measurements (aboveground biomass and soil texture) or geospatial
data were available (precipitation, temperature, and elevation).
Relationships between soil carbon and predictor variables were analyzed in soils from 0 to 10 and 10–30 cm and in subsoils from 50 to 75
and 100–150 cm in order to capture dynamics in both surface- and subsoils.
Multiple regression models were built to predict cumulative SOC
stocks to five depths (0 to 10, 0 to 30, 0 to 50, 0 to 100, and 0 to
200 cm) using the environmental covariates in Table 1. Categorical
variables were built into the models as dummy variables with multiple
levels. Models with a backward, stepwise approach based on the lowest
Akaike Information Criterion (AIC) and models were tested for significance (p < 0.05) using ANOVA in order to obtain the most parsimonious model. Residuals of all regression models were checked for
normality and homoscedasticity to satisfy the assumptions of regression
models, and variance inflation factors were verified to be < 10 to
minimize multicollinearity between environmental covariates. A 10fold cross validation approach was used to estimate model prediction
performance (Martin et al., 2010; Mishra and Riley, 2012). Briefly, the
entire dataset was partitioned randomly into calibration and validation
datasets ten times. After the model was fit to the calibration dataset, it
was evaluated on the validation dataset. The differences between

3.2. Vertical distribution of soil carbon stocks
Subsoil carbon reservoirs contained a significant portion of Gabon's
soil carbon stock, with one-third of Gabon's soil carbon in the second
meter compared with the first (Fig. 3). The deepest depth increment,
150–200 cm, contained approximately as much SOC as the top 10 cm,
averaging 24.9 and 20.4 Mg ha−1, respectively. These observed subsoil
SOC stocks confirm what previous estimates have modeled or predicted
from relatively small databases, that deep SOC stocks account for about
a third of 2-m SOC stocks in tropical forests (Jobbágy and Jackson,
2000; Batjes, 1996).
The logarithmic function had the best fit for overall SOC concentration and cumulative content, with the lowest AIC and most uniform distribution of residuals (Fig. 4). Root mean square error was the
lowest for the logarithmic function (0.49%), although the difference
was slight (0.51, 0.51, and 0.52% for power, Type III exponential, and
first-degree inverse polynomial, respectively). The four functions had
similar fits for overall SOC cumulative content (Fig. 4). Root mean
square error was again lowest for the power function (37.7 Mg ha−1) in
comparison to the other functions (39.8, 40.1, and 38.2 Mg ha−1 respectively for logarithmic, Type III exponential, and first-degree inverse
polynomial). Including plot as a random effect changed conclusions
about the best-fit mixed effect model by accounting for significant plotlevel variability in function parameters. The first-degree inverse polynomial had the best fit for SOC concentration with the lowest AIC and a
root mean square error of 0.34% (Fig. 5). For the other functions,
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Fig. 4. Depth profiles of SOC concentration (left) and cumulative content (right). Colored lines show average fitted models using the four functions.

Fig. 5. Predicted vs. measured SOC (%) based on four functions fit to 42 profiles with depth as a fixed effect and plot as a random effect. Clumps of points at discrete
depth levels occur when random effects were not significant, and SOC concentration was instead predicted using depth as the sole predictor.

random effects were not significant and thus model predictions were
solely based on the fixed effect of depth. For SOC cumulative content,
the logarithmic and Type III exponential functions had the lowest AIC
(Fig. 6). Root mean square error was 15 Mg ha−1 for the logarithmic
function, and 13.3 Mg ha−1 for the Type III exponential.
The ability to predict SOC concentration and cumulative content at
depth varied between the four functions. The power function, which
was the best-fitting overall model (using only depth as a fixed effect

without plot as a random effect), was the best predictor of subsoil SOC
(Fig. 7). The power function had significantly lower prediction error for
SOC content than the other three functions. With the power function,
prediction errors of SOC content at the 1–2 m depth did not change
when using the upper 50 cm versus the top 1 m. Overall, the power
function had an average predictive error of 3.2 Mg ha−1
(SD = 29.3 Mg ha−1) for subsoil cumulative SOC content. Based on
these results, the power function is the best model for predicting SOC
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Fig. 6. Predicted vs. measured cumulative SOC (Mg ha−1) based on four functions fit to 42 profiles with depth as a fixed effect and plot as a random effect. Clumps of
points at discrete depth levels occur when random effects were not significant, and cumulative SOC was instead predicted using depth as the sole predictor.

Fig. 7. Predicted versus measured SOC (cumulative Mg ha−1) based on the four functions fit to a 50 cm depth (left) and a 1 m depth, and then used to predict SOC
below 50 cm (left) and 1 m (right).

content in the subsoil. This modeling exercise, while limited in scale, is
a flexible, straightforward method for making estimates of deep SOC
stocks using surficial soil layers. Major deviations were observed in
several plots that had organic-rich paleosols buried below colluvium.

concentrations at 50–75 and 100–150 cm, respectively. This correlation
was significant at p = 0.053 and 0.056 for surficial horizons, as climatic
and biotic factors likely diluted the stabilizing effects of clay. Past
studies have found clay minerals to be the most significant stabilizing
agents with subsoil organic carbon (Dick et al., 2005; Rumpel and
Kögel-Knabner, 2011), due to physical and chemical complexation and
aggregation (Six et al., 2002).
Clay concentrations were also correlated with specific surface area
(SSA) and aggregation based on laser diffraction data (p < 0.05). Finetextured soils with > 35% clay averaged more than six times the surface area of coarse-textured soils with > 65% sand. X-ray diffraction
patterns of 25 samples that ranged widely in texture were found to be

3.3. Controls on soil carbon stocks
Of the environmental covariates analyzed in this study, texture
proved to be the only significant control on SOC concentration (Fig. 8).
Texture controls on SOC concentrations that were weakly present in
surficial horizons became much more pronounced with depth (Fig. 8).
Clay concentration explained 34% and 60% of the variation in carbon
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30 cm, are believed to store more stable organic matter with slow
turnover rates on the order of centuries and millennia (Jobbágy and
Jackson, 2000; Fontaine et al., 2007), time scales over which organic
inputs from forests have evolved in response to Late Holocene climatic
and human-imposed forcings (Oslisly et al., 2013). Precipitation from
paleoclimates from mid-Holocene climates have been found to explain
greater variation in SOC stocks than contemporary climates (DelgadoBaquerizo et al., 2017). These long-term legacies in SOC stocks mask
above and belowground carbon linkages.
3.4. Spatial predictions of SOC stocks
SOC stocks were correlated with predictors tied to lithology, soil
classes, and climate. Using these predictors, SOC can be spatially predicted across Gabon, from the eastern plateaus atop granitic rocks to the
coastal low-lying sediments (Table 5). While these models are constrained in their accuracy due to limited sample sizes (n = 57 for 10 cm,
30 cm, 1 m; n = 42 for 2 m), there are several important patterns. Each
depth had surficial lithology, soil class, or both as significant factors
alongside bulk density and soil organic carbon from ISRIC's AfSIS database. Terrain attributes of slope and elevation were also significant at
multiple depths. The strong control by precipitation reflects Gabon's
climatic gradient, which varies threefold from the wet northwest to the
arid southeast. Precipitation has direct control on promoting or inhibiting microbial respiration and decomposition, a regulator of soil
carbon storage (Richter and Babbar, 1991). Greater annual precipitation is associated with increased soil carbon stores, as wetter climates
slow down decomposition and promote leaching of SOC to subsoil
layers (Jenny, 1980; Post et al., 1982).
Predicted average SOC stock for 2-m profiles was 165 Mg ha−1
(CV = 24.6%), which was slighted higher than the average of
163 Mg ha−1 for the 42 plots in this study. While variability in cumulative SOC stocks increased with depth, adjusted r2 (0.52, p < 0.001)
was highest for the 2-m profile SOC model (Table 5). The results suggest
that 2-m SOC stocks are greatest in northeastern Gabon and the main
delta of the Ogooué River in central Gabon.
Several lithologic and soil classes were omitted from the spatial
modeling (black areas in Fig. 11), due to limited sample size. Based on
samples from plots that were measured in these areas, some may have
particularly large or small SOC stocks. For instance, mangrove and
hydric soil units were excluded from the spatial analysis because only
one plot was sampled in these areas. The hydric soil that was sampled
had the highest SOC stock in the study, 655 Mg ha−1. On the other
hand, coarse-textured Arensols (Bateke and Wonga Wongue sand) were
not mapped because only one plot was sampled. Soil in this plot had the
lowest SOC stocks in the study, 39.3 Mg ha−1.

Fig. 8. Linear regressions of SOC (%) to clay concentration (%) with depth.
Darker gray indicates overlapping points. For the depths: n = 54 (0–10 cm),
n = 31 (10–30 cm), n = 30 (50–75 cm), and n = 28 (100–150 cm).

Fig. 9. Selected X-ray diffraction patterns of fine soil (< 2 mm) with labeled dspacings (Å) of minerals. Q = quartz, K = kaolinite, G = goethite,
M = montmorillonite, O = oxides, K/M = kaolinite/mica.

3.5. Implications for land use and carbon management

primarily quartz, kaolinite, and highly weathered iron and aluminum
oxides (Table 4). Peak height and area indicated trace concentrations of
2:1 clay minerals in these profiles (Fig. 9).
Aboveground biomass carbon (AGC) was not a significant predictor
of SOC concentrations or stocks. Gabon's terrestrial carbon stocks were
evenly partitioned between mineral soils to a 2-m depth and aboveground biomass in 57 plots. Average SOC stock was 163 Mg ha−1 to 2m depth (CV = 60.6%) and average aboveground biomass carbon
(AGC) was 155.6 Mg ha−1 (CV = 41%). A paired-sample t-test indicated no significant difference between SOC stocks to a 2-m depth
and AGC (t = 0.27, df = 44, p = 0.79). AGC stocks were not correlated
to SOC concentrations at any of the depths examined (0–10, 10–30, and
50–75 cm), nor were AGC stocks significantly related to SOC stocks at
any depth (Fig. 10). While not a focus of this study, it is worth noting
that land use was not a significant predictor of SOC in Gabon.
Lack of a positive association between above and belowground
carbon can be attributed to several factors. Subsoil layers, below the top

More studies are needed to specifically measure changes in these
SOC stocks in order to better evaluate land-use effects on SOC. The
United Nations Framework Convention on Climate Change (UNFCCC)
and its program of Reducing Emissions from Deforestation and forest
Degradation (REDD) depend on rigorous estimates of carbon stocks to
validate the effectiveness of national policies and projects to reduce
carbon loss. Land-use changes have been shown to reduce subsoil SOC
stocks, which have been found to be highly dynamic on decadal time
scales (Guo and Gifford, 2002; Mobley et al., 2015; Chiti et al., 2017).
However, changes to deep SOC stocks below 30 cm are often unsampled, due in part to assumptions about increased stability of SOC
with depth in addition to the difficulties in sampling at depth (Schwartz
and Namri, 2002; Harrison et al., 2011; Shi et al., 2013). Given that
Central Africa has one of the highest potentials for agricultural development in the world, future studies are needed to monitor land-use
impacts on SOC stocks (Megevand, 2013).
245

Geoderma 341 (2019) 236–248

A.M. Wade et al.

Fig. 10. Comparison of SOC and AGC contents for 57 of the 59 sites. SOC is broken into 0–1 m and 1–2 m depths. The site composed primarily of peat is marked with
an *.

Fig. 11. Predicted cumulative SOC stocks (Mg ha−1) in Gabon for 0–10 cm, 0–30 cm, 0–1 m, and 0–2 m. Grayed areas were omitted from the regression model due to
limited representation in the study.
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4. Conclusion
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This first countrywide sampling of soil carbon in the tropics demonstrates that Gabon's soils store considerable stocks of carbon. Total
carbon budgets in Gabon would underestimate carbon stocks of the
country's tropical forests by half if full profile SOC stocks (in this case 0
to 2-m depth) were omitted. Furthermore, shallow sampling of soils
could underestimate the total SOC stocks in tropical forests by a third. A
much more expansive network of soil carbon samples, particularly in
Central Africa, is needed to decrease large uncertainties surrounding
estimates of carbon stocks and fluxes. Among the environmental variables analyzed, clay concentration was the strongest predictor of SOC
concentration, accounting for over 60% of variability in subsurface
depths. The models, with important caveats, predict high variability in
whole-profile SOC stocks across the country that is tied to differences in
lithology, soil type, and terrain. While direct sampling of subsurface
SOC is preferred, predicting these subsurface SOC stocks with measurements from the upper 50 cm was shown to be a viable option. Given
their contribution to overall ecosystem carbon stocks, subsurface SOC
stocks cannot be overlooked in future studies on carbon inventories and
accounting in Central Africa.
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