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Abstract

The preservation and augmentation of soil organic carbon (SOC) stocks is critical to designing
climate change mitigation strategies and alleviating global warming. However, due to the
susceptibility of SOC stocks to environmental and topo-climatic variability and changes, it is
essential to obtain a comprehensive understanding of the state of current SOC stocks both spatially
and vertically. Consequently, to effectively assess SOC storage and sequestration capacity, precise
evaluations at multiple soil depths are required. Hence, this study implemented an advanced

Deep Neural Network (DNN) model incorporating Sentinel-1 Synthetic Aperture Radar (SAR)
data, topo-climatic features, and soil physical properties to predict SOC stocks at multiple

depths (0-30cm, 30-60cm, 60-100cm, and 100-200cm) across diverse land-use categories in the
KwaZulu-Natal province, South Africa. There was a general decline in the accuracy of the

DNN model’s prediction with increasing soil depth, with the root mean square error (RMSE)
ranging from 8.34 t/h to 11.97 t/h for the four depths. These findings imply that the link between
environmental covariates and SOC stocks weakens with soil depth. Additionally, distinct factors
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driving SOC stocks were discovered in both topsoil and deep-soil, with vegetation having the
strongest effect in topsoil, and topo-climate factors and soil physical properties becoming more
important as depth increases. This underscores the importance of incorporating depth-related soil
properties in SOC modelling. Grasslands had the largest SOC stocks, while commercial forests
have the highest SOC sequestration rates per unit area. This study offers valuable insights to
policymakers and provides a basis for devising regional management strategies that can be used to
effectively mitigate climate change.
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1 Introduction

A recent report by the Intergovernmental Panel on Climate Change (IPCC) has sparked
worldwide concern surrounding the detrimental impact of cumulative carbon emissions

on global warming (Allen et al., 2019, Portner et al.,, 2022, Mariappan et al., 2023). To
reach the 1.5 °C target threshold advocated for by the IPCC, global climate interests have
shifted towards a concurrent reduction in carbon emissions and prioritization of significant
carbon storage reservoirs (Harper et al., 2018, Fuhrman et al., 2020, Wu et al., 2022).
Amongst these efforts, soil organic carbon (SOC), which represents one of the largest
terrestrial carbon pools, has emerged as an important mechanism for carbon storage and
sequestration (Kenye et al., 2019, Sahoo et al., 2019, Li et al., 2021c). Besides climate
change mitigation, SOC aids the retention of water and nutrients, thereby facilitating
microbial activity and regulating overall soil fertility and functioning (Lee et al., 2019,
Odehiri et al., 2023a). However, fluctuations in these stocks have the potential to disrupt the
global carbon cycle and influence vegetation growth through variations in the soil biological
and physicochemical properties (Xu et al., 2013, Sainepo et al.,, 2018, Lamichhane et al.,
2022). Commonly, site-specific factors such as climate, topography, land-use, and soil type
are known to influence SOC distribution and storage (Wiesmeier ef al., 2019, Venter et al.,
2021, Wang et al., 2021a). However, SOC is often not uniformly distributed amongst the soil
profile, and the depth at which SOC is stored can impact soil health and productivity (Jandl
etal, 2014).

Soil is typically categorized by a series of horizons, each with unique characteristics that
affect its function and nutrient cycling (Eilers et al,, 2012, Osman and Osman, 2013,
Kalev and Toor, 2018). The subsurface soil horizon is divided into three distinct layers;
the topsoil (0-10 cm), the subsoil (10-30 cm), and the substratum (>30 cm) (Eilers et al.,
2012, Osman and Osman, 2013, Kalev and Toor, 2018). The topsoil, also known as the

A horizon, is widely regarded as the most biologically active layer and often contains

the highest concentration of organic matter, nutrients and microorganisms (Eilers et al.,
2012), while the subsoil layer or B horizon, is typically considered less biologically active
than the topsoil, but can still contain a significant amount of SOC (Osman and Osman,
2013). The substratum or C horizon is the deepest layer and is generally thought to contain
the least amount of SOC (Avery, 1973, Eilers et al., 2012). Nevertheless, knowledge of
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SOC variability within the sub-soil and its dynamics remains relatively limited, as existing
studies have mainly focused on the topsoil’s SOC accumulation (Hobley and Wilson, 2016).
According to Rumpel et al. (2012) and Ngo ef a/. (2013), subsoil horizons may contribute
to more than half of the total soil carbon stocks, hence should be integrated into global
carbon estimates. In this regard, a comprehensive understanding of the vertical distribution
of SOC within the soil profile, and its variation across different land-uses, is necessary for
accurate prediction of SOC stocks, evaluation of soil fertility, and formulation of strategic
management initiatives for climate change mitigation and enhanced soil health (Wang et af.,
2016). Although literature (Don et al., 2011, Song et al., 2020, Li et al., 2023, Lin et al.,
2023) has explored SOC at different depths, there is a general lack of consensus surrounding
the dynamics of SOC storage at deeper depths (Lorenz and Lal, 2014, Scharlemann et al.,
2014). Furthermore, little is known about the influence of environmental factors (such as
climate, vegetation, soil type, mineral composition, soil texture, and topography) on regional
SOC variability and storage at greater soil depths (Saiz et al., 2012, Zhuo et al., 2022).

This understanding is further constrained by the variable nature of these factors, which can
differ among sites and are often subject to continuous change in both space and time (Van
Der Sande et al., 2023). Consequently, there is a large degree of uncertainty surrounding

the relative significance and interactions of the different mechanisms that regulate SOC
storage across diverse land-uses at various soil depths (Odebiri et a/., 2020). Thus, given

the evolving nature of present-day land-use change, it is imperative to regularly consider
the effects of biotic and abiotic factors on SOC stocks at deeper soil depths across diverse
land-uses (Zanella et al., 2018, Briassoulis, 2020), necessary for providing valuable insights
into the factors governing the long-term storage and cycling of SOC within the soil profile.

Remote sensing technologies have become increasingly popular in recent years for
estimating SOC stocks due to their non-destructive nature and large spatial coverage that
enable efficient periodic SOC measurements (Wang et al., 2018, Nayak et al., 2019, Zhang
et al., 2020, Odebiri et al., 2023a). However, different sensors and platforms have yielded
varying degrees of success in SOC estimation across diverse environments (Odebiri ef

al., 2023b). For example, Ayala lzurieta et al. (2022) and Vaudour et a/. (2019b) used
Sentinel-2 imagery (400-2500nm) to estimate SOC at different soil depths, achieving R?
values that ranged from 0.58 to 0.86. Whereas multispectral sensors such as Landsat and
Sentinel-2 are widely implemented for regional-scale SOC mapping, they have limited
spectral resolution and can be susceptible to atmospheric interference leading to decreased
accuracy (Taghizadeh-Mehrjardi et al., 2020). Alternatively, hyperspectral sensors such as
AVIRIS, HyMap, and PRISMA have higher spectral resolutions and can capture reflectance
in hundreds of narrow bands (Odebiri et al., 2021). For instance, Angelopoulou et al.
(2023) utilized both Hypex and PRISMA hyperspectral data to estimate soil organic matter
(SOM) in Northern Greece, obtaining R? values of 0.79 and 0.76, respectively. However,
hyperspectral sensors are often constrained by cost and a limited spatial coverage, rendering
them impractical for large-scale applications (Yang et al., 2019).

Although optical remote sensing technology has been effective in estimating SOC, the
emergence of platforms and sensors such as LiDAR and Synthetic Aperture Radar (e.g.
Sentinel-1) has provided promising alternatives (Odebiri et a/., 2021, Tripathi and Tiwari,
2022). These technologies offer distinct advantages, such as improved coverage and
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penetration through vegetation, as well as medium to high-resolution elevation data, making
them a viable and attractive option for SOC estimation (Odebiri et al., 2021). These
attributes are crucial for accurately estimating SOC, given that depth and volume are

key factors within this process. Studies such as Shafizadeh-Moghadam et a/. (2022) and
Sothe et al. (2022) have demonstrated the potential of SAR data in estimating SOC across
various depths. However, while remote sensing has been proven effective in predicting
topsoil SOC, subsoil SOC prediction remains largely unexplored due to challenges in direct
measurement and limited data for validation. Therefore, further research is needed to assess
the effectiveness of these methods across different soil types and regions.

To address this research gap, this study sought to evaluate the effectiveness of different
environmental variables and spectral indices in predicting subsoil SOC at various depths,
whilst simultaneously identifying important factors that may influence this relationship.
Through the incorporation of Sentinel-1 and SOC legacy data, this research sought

to provide a comprehensive understanding of depth-induced variations in SOC stock
distribution. Specifically, we sought to estimate SOC stock variability at four different
depths (0-30 cm, 30-60 cm, 60-100 cm, and 100-200cm) across four different vegetated
landscapes, namely natural forests, commercial forest plantations, croplands, and grasslands,
using SAR imagery (Sentinel-1), and a deep learning approach.

2 Methodology

2.1 Study site description

This study focused on the KwaZulu-Natal (KZN) province, located in the South Africa’s
eastern seaboard (Figure 1) and covers approximately 94,000 km? (Garnas et af., 2016).
The province has a subtropical climate characterized by high levels of rainfall and warm
temperatures, with mean annual temperature ranging from 15°C to 25°C and an average
annual rainfall of approximately 1000 mm (Ndlovu et af, 2021, Mashao et al., 2023).

The region has a rich diversity of vegetation types, including tropical and subtropical
forests, grasslands, and savanna (Mucina and Rutherford, 2006). The province’s vegetation
profile is dominated by a savanna with Acacia species, thicket, grasslands and forest
ecosystems. The region also exhibits a diverse topography, with elevation ranging from
sea level to approximately 3,482 meters above sea level (Carbutt, 2019). The province is
underlain by different rock formations that include sandstone, shale, and limestone (Norman,
2013, Nell and Van Huyssteen, 2014). The sandstone formations are largely composed of
quartz, feldspar, and lithic fragments, whereas the shale formations contain clay minerals
and organic matter (Mucina and Rutherford, 2006). The limestone formations are mainly
composed of calcium carbonate and exhibit karst topography. The region has a diverse
range of soil types due to its varied topography, climate, and geology, with six dominant
soil types found at different depths. These soil types include the coastal sandy soils, acidic
soils, clay soils, sandy loam soils, rocky soils, and alluvial soils (Mucina and Rutherford,
2006, Fey, 2010). Coastal sandy soils have low organic carbon content due to high leaching
and low nutrient retention, whereas acidic soils are characterized by high acidity and low
soil organic carbon content (Mucina and Rutherford, 2006, Fey, 2010). Clay soils have
high nutrient retention and high soil organic carbon content, while sandy loam soils have
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moderate nutrient retention and soil organic carbon content (Mucina and Rutherford, 2006,
Fey, 2010). Rocky soils have been documented to have a low soil organic carbon content
due to high erosion rates and low nutrient retention, while alluvial soils have both high
nutrient and soil organic carbon content (Mucina and Rutherford, 2006, Fey, 2010). Overall,
the biophysical characteristics of KZN, including its climate, soils, topography, and geology,
play a crucial role in shaping the region’s diverse ecological systems and landscapes.

2.1.2 Vegetative landscape description—This study investigates the SOC
concentrations across four major vegetation types in KZN, covering over 84% of the
province’s landscape: Natural Forests, Commercial Forests, Grasslands, and Croplands.
Natural Forests, known for their rich biodiversity including species like Yellowwood
(Podocarpus spp.) and Natal mahogany ( 7richilia emetica), contribute to high SOC levels
due to complex soil structures and species diversity (Gush et al., 2015; Fraser, 2012).
Commercial Forests, dominated by exotic species like Eucalyptus for timber, show SOC
fluctuations due to management practices (Dovey, 2014; Louw, 2016; Merino et al., 2004).
Grasslands (both natural and managed), featuring a variety of forbs, grasses, and scattered
trees, support carbon accumulation through extensive root systems and are vital for livestock
grazing (Mucina and Rutherford, 2006; Blair et al., 2014; Matthews et al., 2001; Mbaabu et
al., 2020; Ghosh and Mahanta, 2014). Croplands, mainly cultivated with crops like maize
and sugarcane, exhibit SOC variations with intensive farming practices affecting subsoil
SOC levels (Hitayezu et al., 2016; Vagen et al., 2005; Tiefenbacher et al., 2021). The
unique diversity of ecosystems and specific climatic conditions (such as high levels of
rainfall) found in the province can significantly influence SOC levels, highlighting the need
to explore potential variations in SOC stocks at different depths across these regions.

2.2 Soil data

This investigation analysed 707 soil profiles, providing critical insights into the SOC content
and bulk density at varying depths (0-30cm, 30-60cm, 60-100cm, 100-200cm) in KZN.
Among these profiles, 407 were sourced from the International Soil Reference Information
Centre (ISRIC), a non-profit organization that provide global, high-quality information on
soil properties, including SOC. The remaining 300 points were obtained from previous

soil investigations conducted by the Department of Agricultural Earth and Environmental
Sciences (SAEES) at the University of KwaZulu-Natal. The ISRIC soil database, last
updated in June 2022 (https://www.isric.org/), with over 200,000 sample points from 173
countries, incorporates different methods for determining SOC content and acquisition
times and locations (Batjes et a/., 2020). The ISRIC dataset has included corrections for
stoniness within the calculations of bulk density (Batjes and van Oostrum, 2023, Grossman
and Reinsch, 2002). To standardize the data, ISRIC developed harmonized procedures for
uniform soil profile data input (Hengl et afl, 2017, Venter et al., 2021), publicly available
via their website (https://www.isric.org/explore/wosis/accessing-wosis-derived-datasets). In
addition to the soil data from SAEES, the sample points covering the KZN Province, and
their equivalent SOC content were obtained from the ISRIC database. Formula (1) below,
devised by Pearson (2007), was employed to calculate the SOC stocks at various depths for
each point.
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SOC stock = Hx BD x OC x 10

@)

Where, His thickness of horizon (cm); BD, bulk density (g cm2); OC, soil organic carbon
concentration in bulk soil (g kg™1)

2.3 Image data acquisition

2.3.1 Sentinel-1 Data—The study utilized Sentinel-1 synthetic aperture radar (SAR)
satellite data from the European Space Agency (ESA) under the European Union’s
Copernicus Programme. Launched on April 3, 2014 (Peter et al., 2017), the Sentinel-1

is an active remote sensing system that transmits microwave pulses to the ground and
measures the strength and phase of the returning signal, which enables it to penetrate
through clouds and vegetation (Rodriguez-Veiga et al.,, 2017, Babaeian et al., 2019). This
attribute, along with its ability to operate continuously day and night, makes it suitable for
mapping different soil properties, including SOC and terrain features (Wang et af., 2021b).
Sentinel-1 has three imaging modes; the interferometric wide swath (IW) mode, which has a
spatial resolution of 5 meters and covers a swath width of 250 km, the strip map (SM) mode
with a spatial resolution of 5 meters and a swath width of 80 km, and the extra-wide swath
(EW) mode, with a spatial resolution of 20 meters and a swath width of 400 km (Nagler et
al., 2015, Kim and Han, 2023). In this study, SAR images were adopted due to their superior
capacity to map SOC stocks at greater depths. This is primarily attributed to their substantial
penetrative power beyond the topsoil, which exceeds that of optical data. Notably, despite
their potential, SAR images have seldom been adopted in digital soil mapping (Zhou et af,
2023).

The datasets were downloaded and pre-processed in the Google Earth Engine (GEE)
platform to produce SAR images for both VV and VH polarizations (Table 1). To pre-
process the Sentinel-1 data, the images were first imported into GEE and then filtered using
the filter function to include only those with ascending orbits and VVV and VH polarizations.
Since the soil data used in this study is a legacy dataset that spans several years, the images
were also filtered to include the median image of every image collection available from
2014 to the present. To remove the effects of topography, terrain correction was applied to
the filtered Sentinel-1 data. Subsequently, smoothening was applied to the terrain-corrected
images using the image-focal-median function with a window size of 5 pixels. To eliminate
the noise prevalent in radar data, the smoothed images were subjected to speckle filtering.
Specifically, the Refined Lee Speckle Filter, with a window size of 3 pixels, was applied
separately for VV and VVH polarizations (Qiu ef a/., 2004, Singh et al., 2021). A median
reduction function was applied to the speckle-filtered images to create composite images
for both VV and VH polarizations and stacked together into a single image for ease of
analysis and visualization. Finally, a Sentinel-1 Radar Vegetation Index (RVI) was generated
using the expression: 4*VH/(VV+VH), which represents an alternative to the Normalised
Difference Vegetation Index (NDVI), with low vegetated or bare areas indicating low RVI
while densely vegetated areas indicating higher RVI values (Mandal et a/., 2020). The
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images were then exported at 20m resolution and used for further analysis within the Python
environment.

2.3.2 Topo-climate metrics and soil physical properties—In this study, we
utilized eight influential terrain metrics (Table 1) previously identified in Odebiri et al.
(2023a) and Odebiri ef al. (2023b). These metrics comprise the Topographic Wetness Index
(TWI), Direct Insolation, Slope, General Curvature, Catchment Area, Profile Curvature,
Aspect, and Elevation (Table 1). These metrics were derived from a Shuttle Radar
Topography Mission (SRTM) Digital Elevation Model (DEM) using SAGA GIS (2.3.2)
and ArcGIS Pro 2.8 software. To improve the analysis, mean temperature and rainfall

data for province were incorporated from the Worldclim dataset (http://www.worlclim.org/),
which span over three decades of climate data. This information includes average annual
temperature and rainfall, as well as the wettest, driest, coldest, and hottest quarters and
months of the year. Both the DEM and Worldclim datasets were resampled to match the
spatial resolution of the Sentinel 1 data (20m) using the raster resample function in ArcGIS
Pro 2.8 (Abera et al., 2022, Price, 2023). Additionally, we incorporated other physical

soil properties that have a significant influence on SOC stocks distribution (Hengl et a/.,
2017, Batjes et al., 2020). These included: coarse fragments, clay content, sand content,

silt content, and soil type (Table 1). The soil type data was obtained from the Food and
Agricultural Organization (FAO) soil portal (https://www.fao.org/soils-portal/data-hub/soil-
maps-and-databases/faounesco-soil-map-of-the-world/en/), while other soil properties were
obtained from ISRIC using the GEE platform at four different depths (0-30cm, 30-60cm,
60-100cm, 100-200cm) to match our soil data.

2.4 The SOC Model

In this study, we utilized a Deep Neural Network (DNN) architecture to simultaneously
model SOC stocks at four different depths (0-30cm, 30-60cm, 60-100cm, and 100-200cm).
DNNs are a type of artificial neural network that consists of multiple layers of
interconnected nodes. Each node in a layer receives inputs from the previous layer, performs
a computation, and passes the output to the next layer (Emadi et a/., 2020). The final layer of
the DNN model produces the prediction for SOC stock content.

To achieve our objective, we used 18 input variables, which were standardized to have a
mean of zero and a standard deviation of one, to ensure equal contributions to the model. We
modified the architecture of the DNN model by adding four output nodes to the final layer,
one for each depth, to produce four outputs simultaneously, that represent the predicted
SOC stock for each depth. After performing hyper-parameter optimization using a train/
validation/test split, and a 10-fold cross-validation (Odebiri et al,, 2023b), the final model
utilized four hidden layers and a rectified linear unit (ReLU) activation function (with 100
epochs, and a batch size of 32). Moreover, an Adam optimizer, with mean squared error

as the loss function (which is standard for regression problems) was also implemented.

To prevent overfitting, a dropout regularization was added after each hidden layer with a
rate of 0.2. A linear activation function was used for the output layer, as predictions are
continuous values. The model was trained with early stopping to prevent any additional
overfitting. The analysis was performed using the Python programming language (version
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3.8) within the Jupiter notebook environment. A mathematical representation of the model
used in this study is provided in Figure 2 below, which shows the schematics of the model’s
architecture. In summary, the DNN model employed in this study is a powerful analytical
strategy for SOC mapping at different depths, as it can learn complex relationships between
input variables and SOC stocks through a series of nonlinear transformations.

y1,y2,y3,y4 = f(WAf(W3f(W2f(Wlx + bl)+ b2) + b3) + b4).

@

where x s the input vector of covariates, WZI-W4 are the weight matrices of the four layers,
b1-b4 are the bias terms, and 7 () is the activation function. The output variables y1, y2, y3,
and y4 represent the predicted SOC for the four different depths.

2.5 Model evaluation metrics

Three accuracy metrics, including the Root Mean Square Error (RMSE) and the Coefficient
of Determination (R2) were used to evaluate the fitting and generalization of the models
developed in this study. For the complete mathematical expressions of these metrics, see
Odebiri et al. (2022b). Additionally, the usefulness of each covariate was evaluated to
ascertain how much they contributed to SOC stocks variability at each depth. SHapely
Additive exPlanations (SHAP) technique, a methodology for explaining the predictions

of complex models, was adopted for this purpose. SHAP provides a unified approach to
explainability that can be applied to a wide range of models and data types (Shapley, 1953).
The key idea behind SHAP is to use Shapley values, a concept from cooperative game
theory, to attribute the contribution of each feature to the prediction for a specific instance
(Lundberg and Lee, 2017). SHAP can also be used to detect interactions and nonlinearity in
the data, and to diagnose model failures and biases. For this study, a variant of the SHAP
explainer (“DeepExplainer”) peculiar to deep learning models was implemented in “Jupiter
notebooks” to generate importance rankings for the DNN model.

3 Results

3.1 Summary statistics of SOC data

Table 2 displays the descriptive statistics of the soil data (n=707) at each of the four distinct
depths utilized in this study. Average SOC stocks in KZN ranged from 23.55t/h to 57.53
t/h. Interestingly, both average and maximum SOC stocks steadily decreased from a depth
of 0-30 cm to 60-100 cm, however, once a depth greater than 1 metre was reached, SOC
stocks increased considerably (Table 2). The topsoil data (0-30 cm) exhibited the lowest
SOC stock variance (29%), while all other depths had a noticeably higher SOC variance
(>40%). Furthermore, the SOC data displayed considerable skewness and kurtosis across
all depths. A natural logarithm transformation (Log10) was subsequently implemented to
generate new skewness and kurtosis values and provide a normal distribution of the data
(Table 2). Thereafter, a predictive analysis was performed on the transformed SOC data,
which was later transformed back to its original scale.
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3.2 Model evaluation and performance at each soil depth

Table 3 shows the performance of the DNN model across the four soil depths for SOC
stocks predictions simultaneously for both the train and test data using 18 covariates that
includes Sentinel 1 data, topo-climate and soil physical properties. For the 0-30cm depth
(topsoil), the DNN model achieved an RMSE of 7.34t/h and an R? of 0.74 for the train data,
indicating that the model explained 74% of the variance in the data. For the test data, the
RMSE increased to 8.34 t/h, but the R? values remained high at 0.68. At the 30-60cm depth
which signifies the start of the subsoil SOC stocks, the DNN model achieved an RMSE of
8.27 t/h and an R? of 0.69 for the train data, indicating a moderate level of explanation of the
data. For the test data, the RMSE increased to 9.85 t/h, and the R2 values decreased to 0.64.
At the 60-100cm depth, the DNN model achieved an RMSE of 10.59 t/h and an R? of 0.59
for the train data, indicating a lower level of explanation of the data compared to the first
two depths. For the test data, the RMSE increased to 13.75 t/h, and the R? values decreased
to 0.53. At the 100-200cm depth, the DNN model slightly performed better than the third
depth and achieved an RMSE of 10.05 t/h and an R2 of 0.61 for the train data, indicating

a moderate level of explanation of the data. For the test data, the RMSE increased to 11.97
t/h, and the R2 values decreased to 0.58. The results (R? and RMSE) depict a general
reduction in evaluation and accuracy metrics as the soil depth increases, thus indicating that
the interrelationships between the environmental covariates and SOC stocks decreases with
increase in soil depths (Table 3). Figure 3 depicts the correlation between the observed and
estimated SOC for the DNN model at each depth.

3.3 Assessment of variable importance at various soil depths

The SHAP technique was used to rank the importance of the different covariates for
predicting SOC stocks across the various soil depths (Figure 4). The analysis demonstrated
a notable shift in the most important variables as the soil depth increased, indicating that
the factors driving SOC stocks in the topsoil and deep soil are quite distinct. For the topsoil
(0-30 cm), the five most important variables were RVI, rainfall, elevation, clay content, and
VH. In contrast, for the second depth (30-60 cm), rainfall was the most important variable,
followed by clay content, temperature, elevation, and RVI. For the third depth (60-100 cm),
temperature, clay content, rainfall, elevation, and soil type were the most important. Finally,
at the last depth (100-200 cm), temperature was again the most important variable, followed
by clay content, rainfall, soil type, and elevation. Additionally, other variables such as silt,
VV, TWI, sand, and slope also contributed significantly to the model across all depths, even
though they were not ranked amongst the top five variables. Taken together, these findings
emphasize the relative importance of different soil properties and environmental covariates
on SOC stocks at different soil depths.

3.4 SOC storage potential across different soil depths and vegetation landscapes

The results showed that Grasslands ecosystem stored the largest amount of SOC across
all depth ranges, representing 46.43% of the total SOC stocks, followed by Cropland,
Natural Forest and Commercial Forest (Table 4). While Grasslands occupy the largest
surface area, contributing significantly to the total SOC stocks, it’s important to note that
Commercial Forest, despite covering a smaller area, accounts for a notable proportion of
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SOC stocks (10.47%). This suggests that Commercial Forest is particularly effective in SOC
sequestration. The vertical distribution of SOC stocks also varied across land-uses, with
Grasslands demonstrating the highest SOC stocks (16.29%) at a depth of 0-30 cm, which
decreased considerably to 7.15% at a depth of 60-100 cm. Similarly, the 0-30 cm depth
range showed the highest SOC stocks in Cropland, Natural Forest, and Commercial Forest.
Meanwhile the 60-100 cm depth range had the lowest SOC stocks for each land-use type.
Notably, once a depth of 1 metre was reached, SOC storage potential increased across each
of the land-uses. In general, the results suggest that both land use and soil depth have a
significant impact on Total SOC stocks.

Nevertheless, the study found that Grassland, Cropland, Natural Forest, and Commercial
Forest all exhibited unique SOC storage potential at various soil depths. Specifically, at a
depth of 0-30 cm, Commercial Forest and Natural Forest demonstrated the highest SOC
storage potential (Table 4), followed by Grassland and Cropland. At 30-60 cm depth,
Commercial Forest showed the highest SOC stocks, followed by Natural Forest, Grassland
and Cropland. Similarly, at a depth of 60-100 cm, Commercial Forest showed the highest
potential for SOC storage, followed by Natural Forest, Cropland and Grassland (Table 4).
Finally, at a depth of 100-200 cm, Commercial Forest once again exhibited the highest SOC
storage potential, followed by Grassland, Cropland and Natural Forest (Table 4). Overall,
the results indicate that Commercial Forest had the highest mean SOC content across all
depth intervals (Table 4). These findings underscore the significance of land-use type in
determining SOC storage capacity and highlights the potential of strategic Commercial
Forestry as an effective strategy for enhancing SOC stocks in KZN.

3.5 SOC geographical distribution across different soil depths and vegetation landscapes

The distribution of SOC stocks in the province exhibits a distinct pattern, with the majority
of SOC stocks concentrated within the Southwestern edge of the province, extending along
the central interior towards the Northen boundary (Figure 5). The SOC stocks for each
land-use type are predominantly located at a soil depth of 0-30cm, with Grasslands having
the highest amount of SOC, followed by Cropland, Natural Forest, and Commercial Forest
(Table 4). In Grasslands, SOC stocks are concentrated along the Southwestern edge of KZN
at the 0-30cm depth, but gradually decrease in concentration as the soil depth increases,
shifting to the West of the province, close to the Drakensberg mountains. Similarly,
Croplands have widely distributed SOC concentrations at the 0-30cm depth, but as the
thickness of the soil horizon becomes deeper, SOC stocks become more abundant along

the Southern coast, with isolated patches along the Northern coastal interior and Western
regions (Figure 5). Natural Forests, however, display a strip-like distribution of SOC stocks
along the coastal interior, with a cluster of SOC stocks located in the Central-Eastern

part of the province. These stocks become more isolated towards the Central parts of the
Eastern coastline as the soil depth increases. Finally, Commercial Forests have SOC stocks
predominantly located in the Central and Southern parts of the province at the 0-30 cm
depth, with isolated patches along the Northern regions (Figure 5). As the depth increases,
the SOC stocks in Commercial Forests drastically diminish and become concentrated within
isolated patches located along the Northern coastline, Southern regions, and the Central
Midlands (Figure 5).
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4 Discussion

4.1 Spatial and vertical distribution of SOC stocks across different vegetated landscapes
within KwaZulu-Natal

The findings of this study indicate that substantial portions of KZN’s SOC are distributed
across different soil depths, with approximately 35%, 19%, 15%, and 30% of SOC stored
from 0-200 cm. Although the highest concentration of SOC was discovered in the topsoil,
the deeper substratum layers (60-200cm) were found to store approximately 64% of the
total SOC stocks. These results correspond with Batjes (2008) who reported a higher
SOC stock value within Central African topsoil. This outcome is further supported by
Chaopricha and Marin-Spiotta (2014) and Gross and Harrison (2019) but contradicts
studies by Albaladejo et al. (2013) and Taghizadeh-Mehrjardi ef a/. (2016), who found
that SOC was primarily located in the topsoil, with SOC concentrations decreasing with
depth. According to literature, deep-rooted systems and bioturbation can contribute to the
accumulation of SOC in subsoils (Hussain et al.,, 2021, Marin-Spiotta and Hobley, 2022).
However, SOC composition can vary across different soil depths due to the erratic rates
of plant biopolymer decompaosition (Wang et a/., 2021c). For instance, plant biopolymer
substances, such as hemicellulose and pectin decompose faster than cellulose under aerobic
conditions (Lépez-Mondéjar et al., 2016, Hemati et al., 2022), resulting in variable rates
of plant litter decomposition within the thickness of the soil horizon. Furthermore, the
composition of subsoil carbon can be affected by the translocation of particulate and
dissolved organic matter (Derenne and Largeau, 2001, Lorenz and Lal, 2005, Lorenz et
al., 2007). Subsequently, the diversity and concentrations of available plant biopolymers
and compounds, as well as their rates of decomposition, significantly influence SOC
concentrations across diverse depths, which, in turn, can differ significantly among different
land uses (Lorenz and Lal, 2005).

The findings show that Grasslands had the largest SOC stocks at all depths, accounting for
approximately 46.43% of the total SOC stocks, with 35.11% stored within the topsoil. This
is consistent with previous studies reporting larger SOC stocks in Grassland ecosystems
(Lal, 2004, Kukal and Bawa, 2014, Chen et al., 2019). Grasslands, comprised of diverse
grasses, graminoids, and forbs, are found along the Northern and Eastern interior of KZN
(Smit et al, 1995, Palmer and Ainslie, 2005). Their large geographical extents mainly
contribute SOC stocks in KZN (Fornara and Tilman, 2008). Additionally, diverse microbial
communities in these ecosystems breaks down organic matter, releasing nutrients that
benefit plant growth and stabilizing soil aggregates, improving soil structure and water-
holding capacity at different depths (Farrell et a/.,, 2020, Edwards and Arancon, 2022).
Meanwhile, the region’s temperate and moist climate increases plant litter decomposition
and improves SOC storage. Moreover, extensive root biomass structure enhances SOM,
stabilizes soil, and promotes SOC within the subsoil structure (Bot and Benites, 2005,
Mensah, 2015). This supports the study’s findings that grasslands store the majority of their
SOC stocks (about 65%) below the topsoil (30-200cm), but contrasts a study by Lorenz
and Lal (2005). Finally, the sandy composition of some soils in KZN (Dlamini et al., 2011)
facilitates water and air movement, that promotes microbial activity, and facilitates SOC
storage at different soil depths (Kalev and Toor, 2018).
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Croplands in KZN, which occupy diverse soil types and terrain (Khumalo, 2016), accounted
for 21.64% of the total SOC stocks, with the majority located in the topsoil. This
corresponds to Assefa et al. (2017), Heikkinen et al. (2021), and Wiesmeier et al. (2014),
who revealed higher carbon levels in the topsoil of agricultural landscapes. Although high
temperatures and moisture levels in the region can reduce SOC storage by accelerating
organic matter decomposition, the area’s ample rainfall and rich soils create favourable
conditions for crop growth, leading to potential organic matter accumulation and SOC
storage. While Croplands can enhance SOC storage through fertilizer application and soil
cover (Follett, 2001), specific farming practices ultimately determine the level of SOC
storage.

Forest’s landscapes, such as commercial and natural forests, showed smaller SOC stocks
compared to grasslands and croplands due to their smaller geographical coverage, however,
they store more SOC per unit area. In KZN, topsoil storage rates average 62.44 t/h and 57.27
t/h, respectively, consistent with previous studies highlighting forests’ significant storage
accumulation potential (Paul et a/., 2002, Jandl et al., 2007, Barcena et al., 2014, Griineberg
et al., 2014). Commercial forests in KZN, particularly those with species like Eucalyptus
and Pinus (Peerbhay et al.,, 2013), play a vital role in SOC storage (Lai, 2004). Mature
Evergreen trees and Evergreen hardwoods contribute significantly to SOC accumulation,
especially in deeper soils, aided by the deeper rooting zones (Marin-Spiotta and Sharma,
2013, Zhou et al., 2017). The deep rooting zone of Eucalyptus trees (Dell et a/., 1983),

also contributes to SOC storage capacities and corresponds to our findings within the deep
soil. Sustainable management practices in commercial forests, such as erosion control and
reduced tillage, can further enhance SOC storage across soil depths (Alemu, 2014, Lorenz
and Lal, 2015). Natural forests in KZN, characterized by diverse evergreen trees, enhance
SOC sequestration through litterfall and root turnover, leading to higher SOC levels (Lal,
2005, Odebiri et al., 2023a). High species diversity aids in nutrient cycling and carbon
storage across soil depths, with different root systems affecting SOC distribution (Germon
et al., 2020). Indigenous tree species, such as yellowwood (Podocarpus spp.) and Natal
mahogany ( 7richilia emetica) (Gush et al., 2015), support deeper SOC storage and soil
quality through slow-decomposing litter and soil aggregation (Nair et a/., 2010, Osman and
Osman, 2013). The humid climate and low soil disturbance in Natural Forests promote SOC
storage, while the low occurrence of wildfires prevents carbon loss (Chen et al., 2018).
However, deforestation poses a threat, highlighting the importance of conservation efforts in
enhancing SOC sequestration (Odebiri et al., 2023a).

4.2 Performance of the SOC DNN model

This study found that the DNN model’s accuracy in predicting SOC stocks decreases with
soil depth. Specifically, model accuracy dropped from an RZ of 0.68 in the top 30cm (A
horizon) to 0.53 in the next 30cm (B horizon), indicating that environmental covariates’
relationship with SOC stocks diminishes deeper in the soil. This observation aligns with
previous research (Nussbaum et al., 2014, Li et al., 2023) and is possibly attributed to
varying soil properties like texture, structure, and moisture at different depths (Liang et af.,
1996, Coblinski et al., 2020). These changes reduce the correlation between environmental
factors and SOC stocks, as confirmed by the higher SOC stock variance observed at
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deeper depths (Table 2). Furthermore, increasing soil depth amplifies the complexity of soil
properties due to formation processes and biological impacts, affecting SOC relationships
(VVan Breemen and Buurman, 2002, Cornelis and Delvaux, 2016). For example, an increase
in bulk density with depth decreases the pore space for microbial activity, weakening
correlations between soil properties and SOC. This complexity, coupled with greater soil
heterogeneity, may hinder precise SOC predictions, leading to higher errors and reduced
model accuracy, a finding supported by Taghizadeh-Mehrjardi et a/. (2016).

This study shows that the DNN model, although trained on legacy data, still exhibited a
relatively high accuracy in topsoil SOC prediction (RZ = 0.68), attributed to the model’s
layered structure. This highlights the necessity of integrating climate, topography, and soil
attributes to predict SOC across various depths (Taghizadeh-Mehrjardi et a/., 2016, Tayebi
et al., 2021). Utilizing the SHAP technique, the research identified that the key predictors

of SOC vary by depth, with rainfall, clay content, temperature, elevation, and RVI being
crucial, albeit in differing orders, across depths (Figure 4). This variation underscores the
complex interplay of environmental factors affecting SOC at different soil layers, reinforcing
the critical need for comprehensive modelling that accounts for such diversity (Jobbagy and
Jackson, 2000, Albaladejo et al., 2013).

Rainfall was found to have a significant impact on SOC stocks in the 0-60 cm depth,
influencing litter input and decomposition, which aligns with previous studies (Sheikh

et al., 2009, Blanco-Canqui et al,, 2011). This is due to rainfall’s influence on biomass
productivity, soil moisture, hydrological processes, vegetation density, and decomposition
(D’odorico et al., 2003), which is crucial for SOC storage at this depth. Rainfall is also
recognized as an indicator of water availability and soil moisture in different biomes and
affects litter input and decomposition. Meanwhile, temperature plays a key role in SOC
dynamics at deeper depths (Gross and Harrison, 2019), with lower temperatures decreasing
microbial activity and promoting SOC accumulation (Ge et al., 2022). However, temperature
variations can affect soil moisture levels and microbial activity differently across depths,
influencing SOC storage (Grosse et al., 2011). However, this effect is not uniform across
all depths, as other factors such as soil texture, water availability, and microbial community
composition can play a more substantial role in SOC dynamics (Hamarashid et a/., 2010).

Apart from climate, soil texture, particularly clay content, was found to be pivotal in
determining SOC at various depths (Mao et al,, 2015). Soil texture is determined by the
relative amounts of sand, silt, and clay in a soil, and impacts several key soil properties
that affect SOC storage and dynamics (Wiesmeier et al., 2019). In KZN, Clay and Alluvial
soils are notable for their high nutrient content, excellent water retention capacity, and for
promoting vegetation growth and SOC accumulation (Mucina and Rutherford, 2006, Fey,
2010). Soil with higher clay contents enhances SOC storage by increasing the surface area
for organic matter adsorption, especially crucial in lower soil depths where water infiltration
can mobilize dissolved organic matter (Wiesmeier et al., 2015). Conversely, Coastal sandy
and Rocky soils in KZN, with low nutrient retention and high erosion rates, typically have
lower SOC content due to limited water-holding capacity and organic matter (Mucina and
Rutherford, 2006, Fey, 2010). Histosols, prevalent in coastal regions and wetlands in the
province, hold significant SOC due to high organic matter content, with Batjes (1996)
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estimating that they hold approximately 65% of their SOC up to a depth of 2m. Thus,
understanding soil texture is essential for assessing SOC at different depths since it offers
insight into the potential for SOC storage in the soil and the conditions that influence the
decomposition and mineralization of the organic matter.

Topography significantly affects SOC stocks, with elevation and slope influencing soil
moisture, temperature, and vegetation (Liu ef a/, 2011), thereby impacting SOC content
(Chen et al.,, 2016). Additionally, remote sensing data like Sentinel-1 VH and V'V, and the
RVI, play a crucial role in SOC estimation across soil depths. VH and V'V, known for
their soil moisture estimation capabilities, and RVI, sensitive to vegetation properties, help
in estimating SOC, especially in topsoil where most organic matter accumulation occurs
(Srivastava et al., 2006, Kornelsen and Coulibaly, 2013). Overall, remote sensing variables
offer a valuable tool for estimating SOC at different soil depths by indirectly estimating
factors that influence SOC accumulation and decomposition, highlighting the need for
further research into their interplay and overall impact on SOC prediction (Sharma et al.,
2022).

However, SOC stock models exhibit some uncertainty due to below-optimal profile datasets
and inherent uncertainties in the data sources used (Owusu et a/., 2020). Although legacy
soil data presents opportunities for digital soil mapping in data-scarce regions, it also poses
challenges resulting from its uneven spread and age, which can lead to wide prediction
intervals of estimated SOC stocks (Owusu et al., 2020). Furthermore, the uneven distribution
of data across land use types can impact the accuracy of predicted variables. To address
these issues, future research could improve sampling schemes by targeting areas with

wide prediction uncertainty and employ more advanced deep learning and remote sensing
techniques to estimate SOC at different soil depths. Incorporating advances in remote
sensing technology, such as combining Optical and Radar data with high spatial and spectral
resolutions, as well as ancillary datasets, can provide detailed information necessary for
predicting SOC content at deeper soil depths. Overall, integrating remote sensing and deep
learning techniques holds great promise for advancing our understanding of SOC dynamics
and improving the accuracy of SOC stock and flux estimation.

5 Conclusion

In conclusion, this study highlights the importance of reliably assessing SOC stocks

at multiple depths across different vegetated landscape categories for effective climate
change mitigation and sustainable soil management. The study implemented an advanced
Deep Neural Network (DNN) model incorporating remote sensing data and soil physical
properties to predict SOC stocks at various depths in the province of KwaZulu-Natal,

South Africa. The results indicate a general decline in the predictive accuracy of the

model with an increase in soil depth, underscoring the significance of integrating depth
variations in soil properties when developing SOC models. Additionally, discernible factors
were found to drive SOC stocks across distinct layers of topsoil, subsoil, and substratum,
emphasizing the need for a comprehensive assessment of SOC stocks at various depths.
Notably, Grasslands had the largest SOC stocks, while Commercial Forests demonstrated the
greatest SOC sequestration capacity per unit area in KZN. These outcomes can facilitate the
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development of regional land management strategies that effectively tackle the ramifications
of localized climate change in KZN. Future studies can build on the findings of this

study by exploring the applicability of the developed DNN model in other regions with
different soil properties, land-use categories, and climatic conditions. Moreover, to obtain

a more comprehensive understanding of SOC stocks and its potential for sequestration,
future research should investigate the influence of other environmental factors such as
vegetation cover, soil moisture, and future land-use changes on SOC stocks at varying

soil depths. Furthermore, exploring the impact of management practices such as tillage,
cover cropping, and fertilization on SOC stocks can provide insights into effective soil
management practices that promote SOC sequestration. Lastly, incorporating socioeconomic
factors such as population growth and land tenure can help design management strategies
that are socially, environmentally, and economically sustainable.
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The location of KwaZulu-Natal province in South Africa (A) with (B) showing the spatial
spread of soil samples (black dots) superimposed across the four vegetation types.

Catena (Amst). Author manuscript; available in PMC 2024 August 01.

Page 26
29'q‘0'E 30‘(!'0"5 31’01'0"5 32'0.'0'8 33°0'0"E
B
A N
. {3, ,
< ! °
3 _ S
& &
44 i
Northern Cape =3 o
> o B
o ©
™~ ™~
' Eastern Cape
Western Cape
e o 34
o | =
e 4
& &
4 o
o Legend o
[0 B
g Il Grassland g
[] Cropland
[ Natural Forest
g [JCommercial Forest g
o7 []Others o
- -
" 0 30 60 120 180 240 <
Kilometers
29°0'0"E 30°0'0"E 31°0'0"E 32°0'0"E 33°0'0"E
Figure 1.




s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Odebiri et al.

Page 27

Input layers

kernel (128«64)
bias (64

>— Hidden layers

SOC stocks SOC stocks SOC stocks SOC stocks
(100-2000cm) (60-100cm) (30-60cm) (0-30cm)

J
|

Output layers

Figure 2. Deep neural network architecture with four output nodes for each soil depth. See text
for details.
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100-200 cm, respectively.

stocks, with A, B, C, and D denoting soil depths of 0-30 cm, 30-60 cm, 60-100 cm, and
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Figure 4.

Variables importance ranking for SOC stocks distribution across four depths with A, B,
C and D representing soil depths of 0-30 cm, 30-60 cm, 60-100 cm, and 100-200 cm,
respectively.
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Figure 5.
Distribution of Soil Organic Carbon (SOC) stocks across different soil depths and land uses

in KwaZulu-Natal, South Africa. The SOC stocks are expressed in t/h for each land-use
category (Grassland, Cropland, Natural Forest, and Commercial Forest) at for four different
soil depth intervals (0-30cm, 30-60cm, 60-100cm, and 100-200cm).
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Table 1

Predictors covariates and their description/formula.

Page 31

Covariates Description/formula Reference Temporal Period
Sentinel 1 SAR data
VV Polarization Ascending IW swath mode, 20m resolution ESA 2014 - 2022 (medium
image used)
VH Polarization Ascending IW swath mode, 20m resolution ESA 2014 - 2022 (medium
image used)
Radar Vegetation Index (RVI) 4*VH/(VV+VH) Kumar et al,, (2013) 2014 - 2022 (medium
image used)
Topo-climate
Elevation (DEM) Ground height Davy and Koen (2014) 2020
Slope The steepness of the ground Li et al., (2014) 2020
Aspect Slope direction Rezaei and Gilkes, (2005) 2020
Topographic wetness index Steady state wetness index Lang et al., (2013) 2020
(TWI)
General curvature (Gen Curv) Curvature both horizontally and vertically Li etal., (2014) 2020
Direct Insolation (Dir Ins) Potential Incoming insolation Rodriguez et al., (2002) 2020
Profile curvature (Pro Curv) Vertical rate of change of slope Ritchie et al., (2007) 2020
Catchment Area Runoff velocity and volume Kasai et al., (2001) 2020
Rainfall Mean annual precipitation Odebiri et al., (2020b) 1960-2018
Temperature Mean annual temperature Odebiri et al., (2020b) 1960-2018

Soil physical properties

Coarse fragments

Clay content

Sand content

Silt content

Soil type

Primary soil particle larger than 2 mm in nominal

diameter
Mineral particles smaller than 2 microns

Natural granular material made up of finely
divided rock and mineral particles

Very small particles left as water sediment

Soil classification based on the percentage of
sand, silt, and clay in its composition.

Hengl et al., (2017)

Hengl et al., (2017)
Hengl et al., (2017)

Hengl et al., (2017)
FAO soil data portal

1950- June 2022

1950- June 2022
1950- June 2022

1950- June 2022
1950- June 2022
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Table 2
Summary statistics of SOC stocks data (t/ha); new skewness and kurtosis indicated in
brackets.

SOC depths(cm) Min Max Mean Standard deviation Coefficient of variation (%) Kurtosis Skewness
0-30 26 149 5753 16.84 29 59(042)  1.4(0.10)
30-60 12 147 2945 12.31 42 34.7(1.30)  4.0(0.19)
60-100 8 128 2355 11.10 47 34.1(1.70)  4.2(0.44)
100-200 20 290 44.80 27.50 61 29.57(1.20)  4.2(0.60)
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Table 3
Summary of the SOC stocks DNN model results at four different soil depths (0-30cm,

30-60cm, 60-100cm, and 100-200cm), for both the train and test data

SOC depths(t/h) Train data Test data
RMSE R2 RMSE R2

0-30cm 7.34 0.74 8.34 0.68
30-60cm 8.27 0.69 9.85 0.64
60-100cm 1059  0.59 13.75 053
100-200cm 10.05 0.61 11.97 058

s1dLIOSNUBIA JoLINy sispund JINd 8doin3 g

s1duosnuBIA Joyiny sispund JINd edoin3 g

Catena (Amst). Author manuscript; available in PMC 2024 August 01.



syduosnuelA Joyiny sispun4 DA @doing ¢

syduasnuel Joyiny sispund JINd adoin3 ¢

Odebiri et al. Page 34

Table 4

Soil organic carbon (SOC) content and stocks by each vegetated landscape (Grassland, Cropland, Natural
Forest, and Commercial Forest) and soil depth (0-30 cm, 30-60 cm, 60-100 cm, and 100-200 cm). The table
shows the area covered by each landscape, the total SOC stocks expressed in percentage, the minimum, mean,

and maximum SOC content for each depth range. The significance letters (& 2

% reflect statistically significant differences among land use groups for mean SOC based on Kruskal-Wallis
and post-hoc testing. The letter ‘@ implies that there is no major difference between commercial and natural
forests. The letter ‘®* applied to cropland shows no substantial difference from natural forest, but considerable

differences from grassland and commercial forest. The letter “’, peculiar to grassland, denotes substantial
distinctions from all other categories. There were no significant changes noted in the minimum and maximum
SOC levels among land uses at each depth.

Vegetated landscapes | Total SOC Area (%) Min SOC (t/h) Mean SOC(t/h) Mean SOC  Concentration Max SOC (t/h)
(dgrkg)

0-30cm SOC

Grassland 46.36 26.56 53.81¢ 182.80 144.45

Cropland 21.50 26.01 51.70° 195.87 142.32

Natural forest 21.33 27.67 57.272 220.05 149.68

Commercial forest 10.81 28.69¢ 62.44 2 259.17 147.00

30-60cm SOC

Grassland 46.12 12.24 26.29¢ 89.12 141.00

Cropland 21.71 12.11 22.65°P 105.26 105.93

Natural forest 21.66 15.01 29.122 111.36 147.99

Commercial forest 10.51 13.04 32.092 99.07 127.94

60-100cm SOC

Grassland 46.02 8.17 21.62°¢ 57.91 128.00
Cropland 21.89 7.44 23.19° 57.89 91.47
Natural forest 22.03 9.65 24782 67.11 127.99
Commercial forest 10.06 8.04 25.712 68.09 111.05

100-200cm SOC

Grassland 46.92 20.53 47.66°¢ 46.60 290.20
Cropland 21.65 20.50 47.320 42.10 206.55
Natural forest 21.17 22.04 47.122 50.13 289.98
Commercial forest 10.27 22.56 51.952 55.12 251.33
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