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Abstract

Limited use has been made of spatially explicit modelling of soil organic carbon
(SOC) in highly complex farmed landscapes to advance current mapping efforts.
This study aimed to address this gap in knowledge by evaluating the spatial pre-
diction of SOC content in the 0-75mm soil depth in hill country landscapes in
New Zealand (NZ) using point-based training data, along with topographic co-
variates and Sentinel 2 spectral band ratios using an automated set of machine
learning (AutoML) tools in ArcGIS. Subsequently, it also focused on quantifying
the effects of spatial data resolution (i.e., 1, 8, 15, and 25m) in terms of predicted
map accuracy. Farmlets with contrasting phosphorus fertilizer and sheep graz-
ing histories located at the Ballantrae Hill Country Research Station, NZ were
selected to conduct the research. Six candidate algorithms incorporated in the
AutoML tools (i.e., XGBoost, LightGBM, linear regression, decision trees, extra
trees, random forest) and ensemble model were utilized to model the spatial
pattern of SOC content. The results show that the ensemble model that com-
bine predictions of various algorithms applied for 1m data resolution enables
the highest performance and accuracy (i.e., R*=.76, RMSE =0.66%). Among the
predictive variables used in the model, slope, wetness, and topographic position
indices were found to be the most important topographical features that explain
SOC patterns in the study area. Inclusion of spectral indices derived from remote
sensing, including surface soil moisture and clay minerals ratio, made further
improvement to the SOC content prediction. The study reveals that a decrease in
the resolution of the geospatial data does not substantively affect the mean SOC
content estimation of a farm-scale modelling. However, using coarser resolution
data reduces the ability of the model to predict changes in the spatial pattern of
SOC content across a hill country grassland landscape.
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1 | INTRODUCTION

Soil organic carbon (SOC) is an important component of
soil health playing a key role in supporting soil structure
through plant growth (Bronick & Lal, 2005; De Graaff
et al., 2006; Herrick & Wander, 2018; Lal, 2004; Van Cleve
& Powers, 1995). Improvements in soil health achieved by
increasing SOC content, when depleted, can increase ag-
ricultural productivity, contribute to carbon storage, and
enhance the resilience of agricultural systems to extreme
weather events (Hontoria et al., 2016; Jayaraman et al.,
2021; Manns et al., 2016; Pramanick et al., 2021; Stevenson
et al., 2016). The storage of carbon in the soil is also an
important part of the global carbon cycle and therefore a
key component of any global climate change mitigation
strategy (Khan et al., 2021; Ryals et al., 2015). Increases
in SOC stocks offer an option for offsetting agricultural
greenhouse gas (GHG) emissions (Huang et al., 2011;
Paustian et al., 2016; Smith, 2016). Studying the spatial
and temporal patterns of SOC content and stocks is essen-
tial to provide information for managing soil health and
mitigating the effects of climate change.

Modelling and mapping SOC content has been rel-
atively well studied at regional and national scales (Ait-
kenhead & Coull, 2016; Kaczynski et al., 2017; Minasny
et al., 2013; Whitehead et al., 2021), whereas limited use
has been made of spatial modelling at farm level to ad-
vance SOC mapping options. The ability to quantify the
spatially explicit pattern of SOC in a complex farmed
landscape provides a picture of SOC content across space,
and this information can be utilized to prioritize target
areas for soil carbon management towards maintaining
and enhancing soil health. Some studies have applied
straightforward interpolation techniques or down-scaling
approaches to produce farm level SOC map information
(Dewage et al., 2020; Malone et al., 2017; Van Huynh
etal., 2022). However, these methods are not very effective
in describing the pattern of SOC in areas with heteroge-
nous landscapes.

Soil organic carbon can vary significantly across space
depending on physical settings that include a wider vari-
ety of topographical features and land use and manage-
ment practices (Doetterl et al., 2015; Mackay et al., 2018;
Roman-Sanchez et al., 2018; Senthilkumar et al., 2009).
Among various types of land use land cover (LULC)
classes and ecosystems, grasslands in New Zealand (NZ)
store a significant amount of the national sequestered

organic carbon stocks (Stockmann et al., 2013). A large
proportion of grassland in NZ is in hill country grass-
lands, which is defined as “land with slopes above 15°
and located below an altitude of 1000 m above sea level”
(Cameron, 2016). This landscape is highly heterogenous,
with a diversity of soils, slopes, aspects, and altitude can
be found over short distances (Cumberland, 1941). As
such, the spatial pattern of SOC content and stock pat-
terns in this landscape can be highly variable (Hedley
et al., 2015).

At the farm level, SOC distribution may differ signifi-
cantly over short distances, even within a land unit or a sin-
gle paddock (Franzluebbers et al., 1999; Qiu et al., 2011).
The traditional method of reporting on SOC content in-
volves in-situ point measurement of selected locations in
the landscapes. This approach provides the most accurate
farm-scale SOC information, however, can be both time-
consuming and expensive (Acharya et al., 2022; White-
head et al., 2012). This limits the opportunity to obtain
enough samples to be able to describe changes in SOC
patterns in complex grassland landscapes.

The development of geospatial technologies, including
remote sensing and advanced spatial statistics and ma-
chine learning and/or deep learning, enable point source
SOC information to be used to add a spatial dimension
(Angelopoulou et al., 2019; Emadi et al., 2020; Minasny
et al., 2013; Paul et al., 2020). This has the potential to pro-
duce a more accurate picture of the SOC pattern across a
landscape than using just traditional regression and geo-
statistical methods. Using remotely sensed data in com-
bination with in-situ point source data to estimate SOC
over a large area creates the opportunity to add value
to the investment in the in-situ point source approach,
by providing timely and low-cost data with continuous
surface coverage and repeated capturing over time (Xu
et al.,, 2017). Machine learning and deep learning algo-
rithms utilizing advanced statistical and data-mining
methods (Keskin et al., 2019; Shen et al., 2022; Wang,
Guan, et al., 2022; Zhou et al., 2020) add another capa-
bility to identify patterns and relationships which have
the potential to add further improvement to SOC models
(Odebiri et al., 2021).

Despite these successes and contributions, gaps in the
literature remains. It is recognized that SOC mapping
studies carried from global to catchment scales (Chartin
etal., 2017; Gray et al., 2022; Heil et al., 2022; Holmquist
et al., 2018; Sanderman et al., 2018) still offer limited
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information on SOC patterns and dynamics suitable for
forming land use planning and management practices at
the farm level. This can be explained in part by the fact
that the spatial resolution used at national and regional
scales does not capture the micro topographical and
biophysical pattern in highly complex landscapes, that
can vary widely in landforms, slope, soils and vegeta-
tive cover types (Burkitt & Bretherton, 2022; Manderson
& Palmer, 2006). Lemercier et al. (2022) found that the
ability to predict soil properties, including SOC content,
well increased from global to national to regional digital
soil mapping products, but none of the products tested
were able to predict satisfactorily at the most local scale
(1:25,000). At the farm scale, understanding the spatial
resolution required that best utilizes in situ point source
data and maximizes the value advanced spatial statis-
tics and machine learning offers in developing spatial
mapping products, would be invaluable. This is because
the quality of information obtained from a spatial model
has a direct impact on the development and efficiency
of on-farm options to offset agricultural GHG emissions
(e.g., Reisinger et al., 2017).

The aims of this study were to (1) evaluate the poten-
tial value of geospatial technologies, including remote
sensing and advanced spatial statistics and machine
learning and/or deep learning, combined with point
source SOC data to map SOC content in the 0-75mm
soil depth and (2) quantify the effect the resolution
geospatial data layers has on the spatial accuracy and
pattern of the SOC content predictions in a grassland
hill country landscape. We used farmlets with contrast-
ing phosphorus fertilizer and associated sheep man-
agement histories in landscapes with a complex mix of
soils, slopes, and aspects, located on the Ballantrae Hill
Country Research Station (Mackay et al., 2021) as a case
study.

2 | MATERIALS AND METHODS

21 | Study area

The study was conducted at AgResearch's Ballantrae Hill
Country Research Station, located in Southern Hawke's
Bay, New Zealand (Figure 1). The study site covers an
area of 32.8 ha of pasture, with altitude ranging between
196 and 359m above sea level (Figure 1b). The study
area is typical of hill and steep land landscapes with a
prevalence of slope classes greater than 25° (58.5%) and
between 15 and 25° (21.8%) (Figure 2a). It forms part of
a long-term (1975-2023) phosphorus (P) fertilizer and
sheep grazing experiment, adding the influence of widely
different P fertilizer and sheep grazing practices to the
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management of these landscapes (Mackay et al., 2021).
The landscapes are highly heterogenous with different
soils, landforms, and topographical features (Mackay
et al., 2021). Soil groups covered in the study area vary
from Andic Dystrochrept (Ngamoka silt loam soils, i.e.,
Ng, NgR), Typic Dystrochrept (Ngamoka hill and steep-
land soils, i.e., NgHA, NgHB, NgSR, NgSRA; Whetukura
hill soils, i.e., WtHR, WtHB; and Mangamahu steepland
soil, i.e., MmS), Andic Haplumbrept (Makara steepland,
i.e., MkS), through to an Aquic Hapludand (Raumati
silt loam soil, i.e., Rt) (Figure 2k). The four farmlets in
the study area have very different P fertilizer and sheep
management histories dating back to 1975. One farmlet
has a history of receiving 125kg single superphosphate
ha~'year™' (LF), one has a history of receiving 375kg
single superphosphate ha™'year™' (HF), and two farm-
lets both with a history of no P fertilizer input (NF) since
1980 have been combine as part of this study (Figure 21).
The annual nominal mean stocking rates are 6.0, 10.6,
and 16.1 SU ha™! for the NF, LF, and HF farmlets, re-
spectively (Hoogendoorn et al., 2016).

2.2 | Dataused

2.2.1 | Soil carbon data

In this study, we used SOC data collected from the field
survey previously reported by Mackay et al. (2021). The lo-
cations of the sites for assessing SOC content in the topsoil
(0-75mm) (Figure 1a) were based on three criteria: slope
(low, medium, and high), aspect (Northeast, Northwest,
and Southwest), and previous P fertilizer and sheep graz-
ing histories (NF, LF, and HF). Soil carbon data used in
this study were collected in September 2021. Soil samples
to a depth of 0-75mm were taken from all 72 sites. For a
detailed description of soil sampling process, see Mackay
et al. (2021).

2.2.2 | Soil carbon predictors

This study utilized remotely sensed, land and environ-
mental data variables for mapping the SOC content (see
Table 1). The DEM data with original spatial resolutions
of 1, 8, 15, and 25m were used to derive a wide range of
topographical variables. These are slope, aspect, Topo-
graphical Wetness Index (TWI), Terrain Ruggedness
Index (TRI), and Topographic Position Index (TPI) at
each resolution (Figures 2a-d). For detailed informa-
tion on the definition and method for calculating these
topographical indices, see Chowdhury (2023). ArcGIS
topography/surface analysis tools were employed to
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FIGURE 1 (a)Location of the study site in New Zealand, (b) digital elevation model (DEM), and (c) paddock numbers and soil sampling

locations.

calculate topographic indices from DEM data. The land-
forms were classified following the approach proposed
by Schmidt and Hewitt (2004). Types of landforms are
hilltops, ridges, hill slope, valley, and flat areas. Hill
slope includes concave surfaces (hollow/drainage) and
convex surfaces (spur).

Cloud-free surface reflectance Sentinel 2 data covered
the study site and were acquired through the climate
engine web portal (https://app.climateengine.com/).
The mean values of images acquired in September 2021

(i.e., the month SOC content was sampled) for near in-
frared, red, short-wave infrared, and blue bands were
downloaded and used for calculating surface biophysical
indices. These indices are Normalized Difference Vege-
tation Index (NDVI), Normalized Difference Moisture
Index (NDMI), Bare soil index (BSI), and Clay Minerals
Ratio (CMR) (Figures 2f-i). For the classification of the
pattern of pasture clusters in the study area (Figure 2j),
monthly time-series NDVI images from 2016 to 2021
and time-series clustering tool in ArcGIS Pro (version

FIGURE 2 Spatial pattern of SOC content predictors in the study area: (a) slope, (b) aspect, (c) topographical wetness index (TWI), (d)
terrain ruggedness index (TRI), (e) topographic position index (TPI), (f) normalized difference vegetation index (NDVI), (g) normalized
difference moisture index (NDMI), (h) bare soil index (BSI), (i) clay minerals ratio (CMR), (j) pasture clusters, (k) soil group, and (1)

management practices.
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TABLE 1 Prediction variables used for landscape modelling of soil organic carbon content.

Data Description
Topographical data
DEM Digital elevation model
Slope Calculated from DEM
Aspect Calculated from DEM
Topographical wetness index  Calculated from DEM
Terrain ruggedness index Calculated from DEM
Topographic position index Calculated from DEM
Sentinel 2 data
Normalized difference ISR
vegetation index NRTR
Normalized difference Eﬁ;—m

moisture index

Bare soil index _SWIRL+R)-(NIR+B) o 100 4+ 100

(SWIRI +R) + (SWIR1 + B)

Clay minerals ratio DWIRYE
SWIR2

Time-series NDVI data

Pasture clusters
Soils Soil groups

Land management practices

Super phosphate fertilizer inputs and

Source/reference

1, 8, 15, and 25m DEM were acquired from Ballantrae,
LINZ, University of Otago, NZLRI, respectively

Rouse et al. (1974)

Klemas and Smart (1983)

Rikimaru et al. (2002)
Carranza and Hale (2002)

Ballantrae datasets

Ballantrae datasets

sheep grazing histories (including HF,

LF, and NF farmlets)

Abbreviations: HF, high P fertilizer input; LF, low P fertilizer input; LINZ, Land Information New Zealand; NF, no P fertilizer input; NIR, R, SWIR, B refer to
the near infrared, red, short-wave infrared, and blue bands of Sentinel 2; NZLRI, New Zealand Land Resource Inventory.

3.0) were used. This tool uses clustering algorithms (e.g.,
k-medoids) to classify time-series NDVI data to different
clusters based on their similarity (Barazzetti et al., 2022).
Because the spatial resolution of Sentinel 2 data is 10m,
these images were resampled, using Empirical Bayes
Kriging interpolation, to be consistent with the DEM
resolutions. Soil data and phosphorus management prac-
tice histories were obtained from the Ballantrae database
(Mackay et al., 2021). These data layers originally stored
in shapefile (vector) format were converted to raster
datasets using the data conversion tool in ArcGIS Pro
(Figure 2k,l). Four levels of spatial resolution for output
raster data were assigned (1, 8, 15, and 25m) and the ex-
tent of these data were adjusted to match the cell align-
ment of the topographical and spectral data.

Figure 3 and Table 2 illustrate changes in spatial pat-
terns and proportion of slope and aspect classes resulting
from different resolutions of DEM data. A change in data
resolution results in a large difference in the area and dis-
tribution of the lowest and highest slope classes. For in-
stance, areas with slope values <15° increase 2-3 times,
from 6.5ha (19.8%) to 16.8ha (51.2%), 15.5ha (47.4%), and
12.3ha (37.3%) for 1, 8, 15, and 25m, respectively. Steep
slope areas that have slope values >35° decrease substan-
tially concurrent with a change from fine to coarse resolu-
tions. For example, the 1 m DEM data has 10.6 ha (32.4%
of the total area) of slopes >35° which is much higher

than that of the 8, 15, and 25m data, which are 0.1ha
(0.4%), 0.2ha (0.7%), and 2ha (6.1%), respectively.

2.3 | Automated machine learning

We used automated machine learning (AutoML) avail-
able in ArcGIS Pro version 2.9 to predict SOC content.
This software provides a user-friendly and effective tool
for spatially explicit machine learning, making it ideal for
spatial modelling of SOC content. AutoML incorporates
major steps of the machine learning process into an in-
tegrated and iterated framework (Zoller & Huber, 2021).
These steps include data pre-processing and engineering,
model training, hyperparameter tuning, and model evalu-
ation (Figure 4). This is an iterative process, and the opti-
mal model is often only reached after multiple iterations
and experiments. In practice, identifying the model that
best fits the data takes time, effort, and expertise in the
machine learning process. The AutoML tools automate
this workflow and identify the best algorithm with the best
set of hyperparameters that fit the data. The tool supports
an automated machine learning application through two
steps: (1) Train using AutoML and (2) Predict using Au-
toML. The machine learning algorithms that are used in
this tool include extreme gradient boosting (XGBoost) al-
gorithm (Chen & Guestrin, 2016), light gradient-boosting
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FIGURE 3 The digital elevation model (DEM) at a resolution of (a) 1m, (b) 8m, (c) 15m, and (d) 25m and the corresponding slope
(e-h), and aspect (i-1), respectively, derived at each of the four spatial resolutions.

machine (LightGBM) algorithm (Ke et al., 2017), decision
trees (Quinlan, 2014), linear regression, extra trees (Geurts
et al., 2006), random forest (Liaw & Wiener, 2002), and
ensemble model (Yang, 2016). Ensemble approaches com-
bine the results of various models by applying different
weights to the outputs. Bagging and boosting are common
strategies used for creating an ensemble which combine
the outputs from the models belonging to the same algo-
rithms. Techniques, for example, stacking, use the out-
puts from different algorithms (Caruana et al., 2004). The

Auto-ML tools in ArcGIS utilize both types of ensembles.
This is an automated process in which the tools combine
outputs from models using the same algorithm or diverse
models to achieve the best results. See ESRI (2022) for de-
tailed description of these machine learning algorithms
and the ensemble process.

For the selection of soil samples to train the machine
learning models, we cleaned and de-noized the data
which may significantly affect the model's performance
(Soh & Singh, 2020). This included removing points that
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TABLE 2
study area.
1m Sm

Resolution Area % Area

Slope
0-8° 2.0 6.1 8.4
8-15° 4.5 13.7 8.4
15-20° 34 10.5 9.1
20-25° 3.7 11.3 4.1
25-35° 8.6 26.1 2.7
>35° 10.6 324 0.1

Aspect
North 6.3 19.1 6.8
Northeast 5.5 16.8 7.3
East 5.6 16.9 6.7
Southeast 4.1 12.6 4.0
South 2.8 8.6 2.8
Southwest 2.0 6.2 2.4
West 2.4 7.2 1.8
Northwest 4.2 12.8 1.1

Influence of the changes in the resolution of DEM on the area (ha) and percentage (%) of each slope and aspect class in the

Source: Calculated from DEM data.

Feature selection

. Data collection
& processing

Problem definition

Model evaluation

; ) — Model training
& engineering \

15m 25m
%o Area % Area %
25.7 7.4 22.6 5.9 17.8
25.5 8.1 24.8 6.4 19.5
27.7 8.8 27.0 4.4 13.4
12.5 5.3 16.2 6.5 19.7
8.3 2.9 8.7 7.7 23.5
0.4 0.2 0.7 2.0 6.1
20.5 6.4 19.5 6.8 20.7
22.3 7.2 22.1 7.0 21.3
20.3 5.5 16.9 5.5 16.8
12.1 4.4 13.3 5.0 15.2
8.5 2.3 7.1 2.8 8.6
7.3 2.2 6.6 2.1 6.4
5.4 2.3 7.1 1.5 4.6
3.5 2.4 7.3 2.1 6.3
Hype_rpe_zran_weter === Prediction
optimization
Analyzing
information
; Applications &

AutoML Implications for

practices

FIGURE 4 Typical steps of an application using machine learning (adapted from ESRI, 2022). The steps in the grey box can be
automated by AutoML, data collection, and processing step is done by utilizing GIS and remote sensing, and the analysis of model outcomes

is carried out by GIS tools and methods.

are spatial outliers and inconsistent with the descrip-
tion of sampling sites and data derived from a LiDAR
DEM. For the spatial outlier's detection, a local outlier
is identified as a soil sample point that is further away
from its neighbours than would be expected by the den-
sity of points in the study area. In terms of the inconsis-
tency between the field and GIS data, if a sample site is
labelled as low slope but the slope value derived from
the DEM falls within a high slope, the sample from this
site was removed. In total, eight samples or sample sites
were removed. This ensures that the prediction algo-
rithms used in the model can be effectively trained and
learned from the training sample sites. After this stage,

47 sample sites were selected to train the SOC content
prediction models in the study area. A set of 17 sam-
ples that were not involved in the training process (~25%
of total samples) were then used as a validation set to
assess the prediction performance independent of the
training data. The purpose of the independent sample
was to reveal how effective the AutoML model for pre-
dicting SOC in nearby landscapes.

AutoML tool provides several indicators for evaluat-
ing prediction performance. These are the coefficient of
determination, i.e., root square (R?), root mean squared
error (RMSE), mean absolute error (MAE), mean
squared error (MSE), and mean absolute percentage
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error (MAPE) values. Of those indicators, AutoML used
RMSE to optimize model output (i.e., prediction perfor-
mance). This is a common indicator employed in model
assessment studies, to evaluate the SOC content predic-
tion performance among machine learning algorithms
(Christie & Neill, 2021). Root mean squared error is a
measure of the differences between values predicted by
a model, or an estimator and the values observed (Will-
mott, 1981). It indicates how far predictions fall from
measured true values using Euclidean distance. In ad-
dition to RMSE, we used R” to compare the prediction
performance of different models. The best model for
SOC content prediction is one with the lowest RMSE
and highest R? values. The output from the best models
was used for further analysis of the spatial variation of
SOC predictions and the effects of the spatial data res-
olution of input data for spatially predicting SOC con-
tent. In addition to the model performance information,
we used permutation feature importance measure to
understand the importance of each explanatory variable
used in SOC content prediction model. This approach
measures feature importance by observing changes in
model performance (i.e., a decrease in prediction per-
formance) when each predictor variable is randomly
shuffled (Gomez-Ramirez et al., 2020). AutoML tools
produce a table containing permutation feature impor-
tance for the best SOC content prediction model. The
table shows the variable importance scores, in which
higher values represent the more important SOC con-
tent predictors.

2.4 | Spatial analysis of SOC content
Spatial clusters of high, low, and non-clustered SOC con-
tent were identified using hot spot analysis by Getis-Ord
Gi* method (Getis & Ord, 1992). The predicted SOC con-
tent data obtained from the best prediction model (i.e.,
the most accurate SOC content prediction) were used as
the input for hot spot analysis. Getis-Ord Gi* is a method
to measure spatial clustering of values, in this case SOC
content. Hot spots are areas that have high SOC content
and are surrounded by high SOC content values. Cold
spots are low SOC content surrounded by low SOC con-
tent values. Non-clustered areas may have high or low
values but are not surrounded by like values. When a
cluster of SOC content values is larger or smaller (hot or
low) than the global mean, and the difference is greater
than would be expected by random chance, the cluster
is identified as statistically significant within intervals
of 90%, 95%, and 99% confidence. This provides a better
understanding of the spatial distribution of SOC content
in the study area.

and Management

Because higher spatial resolution data would be ex-
pected to better capture patterns of topography (Maleki
et al., 2020; Vaze et al., 2010), we used 1 m spatial resolu-
tion data as a benchmark from which to evaluate the effect
of different resolutions (i.e., 8, 15, and 25m) on predicted
SOC content. The deviations were computed using the fol-
lowing equation:

SOC - SOC
SOCiifference = coglgec L %100 (@)
1m

where SOCgiserence 1S the percentage difference (i.e.,
percentage increase or decrease) in SOC content value
between two maps at different spatial resolutions and
SOCparse is the SOC content value associated with the
comparator resolution (i.e., 8, 15, or 25m). The equation
used therefore provides a quantitative measure of how
resulting SOC maps differ from the benchmark 1m res-
olution model. The change in SOC prediction is repre-
sented as a percentage. Negative values (i.e., a percentage
decrease) mean that predicted SOC content using coarser
data is lower than ones using the 1 m data (i.e., an under-
estimation), whereas positive values (i.e., a percentage in-
crease) indicate that predicted SOC content using coarse
data is higher than that obtained using the 1m data (i.e.,
an over-estimation).

3 | RESULTS

3.1 | Model performance for SOC content
prediction

Information on the model's ability to predict SOC
content with 1, 8, 15, and 25m data resolutions and
candidate machine learning algorithms (Table 3) dem-
onstrates that the ensemble model combining predic-
tions from several algorithms outperformed individual
models (i.e., the ensemble model had the lowest RMSE
and highest R* values). In terms of resolution, mod-
els using finer resolution data to predict SOC content
achieved better performance. Among individual ma-
chine learning algorithms, Xgboost and random forest
often had superior efficiency than the others in SOC
content prediction.

The 1m data resolution had the closest fit with the
field data, shown by a mean R* of .76 and mean RMSE
of 0.66 (Figure 5). Soil organic carbon content predic-
tion using coarser resolution datasets (i.e., 8-25m) had
significantly lower R* and higher RMSE values, ranging
from .34 to .51 and from 0.94 to 1.09, respectively. Re-
sults also demonstrate that the SOC content prediction
tends to be reduced with a decrease in data resolution
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2o | wiLey-
. o R P TABLE 3 Mo<.:1e1.'s perf'orma'nce in
ML SOC content prediction using different
algorithms RMSE R* RMSE R* RMSE R’ RMSE R data resolutions.
XgBoost 0.68 .74 0.98 46 1.10 32 1.15 .26
Linear 0.98 48 1.10 31 1.28 .09 1.18 .23
LightGBM 0.78 .67 1.04 .39 1.14 .28 1.24 .14
Decision tree 0.77 .67 0.99 45 1.19 21 1.24 .14
Extra tree 0.87 .58 1.06 37 1.17 24 1.16 .25
Random forest  0.73 71 1.03 40 1.14 27 1.10 .32
Ensemble® 0.66 .76 0.94 .51 1.08 .35 1.09 34

Abbreviations: R?, the coefficient of determination, i.e., root square; RMSE, root mean square error.

“Ensemble model structure: 1 m (XgBoost and Random Forest), 8 m (Decision Tree, Random Forest, and
Extra Tree), 15m (XgBoost, Random Forest, and LightGBM), 25m (XgBoost and Random Forest).

(i.e., the R* decreased and the RMSE increased when the
data resolution decreased). Results from the validation
data set also demonstrated similar trends, in which the
R?values were .62, .44, .41, .20, and the RMSE were 0.75,
0.91, 0.93, 1.09 for the 1, 8, 15, and 25 m data resolutions,
respectively (Figure 5). Given that it had the best pre-
diction performance, the ensemble model was used to
predict and map the spatial SOC content in the study
area and results obtained from using this model were
used for further analysis.

Slope is the topographical variable contributed most
to the SOC content prediction, indicating by the high-
est variable importance value (Table 4). Topographical
wetness and position indices were also important vari-
ables that contributed substantially to the prediction of
SOC content. Spectral indices including soil moisture
(NDMI) and clay minerals ratio (CMR) were the top sur-
face biophysical variables that substantially impacted
the SOC prediction. In the study area, soils, pasture clus-
ters, aspect, and P fertilizer and associated sheep man-
agement history were found to be less important than
the topographies and surface biophysical variables in
predicting the SOC content.

3.2 | Change in the pattern of predicted
SOC content using different spatial
resolutions

The mean SOC content for the 0-75mm soil depth mod-
elled using the 1, 8, 15, and 25m data were 5.2%, 5.1%,
4.9%, and 4.8%, respectively. Using the spatial data at 1 m

resolution (Figure 7a) resulted in the most accurate pre-
diction, showing that the mean SOC content calculated
from the model aligned with the mean SOC value of 5.2%
from the field measurements. Not only was the mean
value close to the field value, the ensemble model with
the 1m resolution was able to better quantify the spatial
pattern of SOC distribution, which is highly heterogene-
ous across the study area. For example, the lowest SOC
content level (SOC content <4%) that appeared in the pre-
dominantly high slope areas in the northern part of the
study site at the 1 m resolution (Figure 6a), that aligns very
closely with the field observations, no longer exists at the
25m resolution (Figure 6d). Also, the high SOC content
zone (SOC content >6%) seen in several areas in the low
and medium slope areas in the southern region of the
study area (Figure 6a) are not observed in the 15 and 25m
resolution data (Figures 6b-d).

Table 5 provides additional information about the im-
pact of the resolution of the spatial data on SOC content
calculated by the model. A substantial change is shown in
the area and proportion of SOC content resulting from the
change in data resolutions. For instance, at 1 m resolution,
the SOC content of 4.0%-4.5% occupied the largest area
(8.7ha, ca. 26.5%). However, at 8, 15 and 25 m resolutions,
the SOC contents that occupy the largest area are higher
ranged from 5.0% to 5.5%, 4.5% to 5.0% and 5.0% to 5.5%,
respectively.

The mean SOC content values calculated using the en-
semble model with the data of varying resolutions at the
paddock level showed that SOC varies between paddocks
and that variation is also affected by the spatial data reso-
lution. For example, paddocks with the highest mean SOC

FIGURE 5 The SOC content obtained from the ensemble models using (a) 1m, (b) 8m, (c) 15m, and (d) 25 m resolutions data against
SOC content in the 0-75 mm soil depth from the 47 field sampling sites (model set), representing the linear relationship between field and
predicted SOC (black lines), bounded by 95% confidence (dashed lines), and 95% prediction intervals (grey lines). The remaining 17 field
sampling sites were used as the validation set and assessed against a 1:1 line (dash lines) in predicted versus measured graph (solid lines).
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content (e.g., P15, P23, and P27) were about 1.5 times higher
than those with the lowest value (e.g., P33, P34, and P35).
In addition, the mean SOC content value for any given pad-
dock was up to 9% lower (e.g., P3) or 11% higher (e.g., P23)
when the data resolution decreased from 1 to 25m.

The results obtained from ensemble model were utilized
to evaluate the effects of changing data resolution on map-
ping SOC content. The spatial pattern and distribution of the

TABLE 4 Top five variables contributing to the final SOC
content prediction model (i.e., ensemble model).

Variable
SOC content predictors importance
Slope 0.678
Normalized difference moisture index 0.243
Topographical wetness index 0.174
Clay minerals ratio 0.069
Topographic position index 0.010

percentage change in SOC content resulting from changes
in data resolution, calculated using Equation 1, is presented
in Figure 7. Compared with the SOC content modelled at
a 1 m resolution, the use of 8, 15, and 25m resolution data
resulted in significantly lower SOC content levels in the flat
areas and valley floors, while higher levels were observed
in steeper areas (e.g., hill slopes) located in the north and
southwest of the farm. In other words, the prediction val-
ues were substantially underestimated in flat areas (i.e., low
slope) and overestimated in steep slopes.

Figure 8 presents the mean percent change in SOC
content using 8, 15, and 25m resolution data to 1m
modelled data for slope, landform, and aspect. By slope
class, the mean value of modelled SOC content using
coarser resolution data decreased substantially (i.e., un-
derestimation) in areas with slope <15°. The percentage
change in SOC prediction in this case was about 9.5%-
11.1% lower than the result from 1 m data. In contrast,
using coarser resolution data on the prediction of SOC
content in slopes >25° (i.e., steep-lands) revealed an

(@)

SOC (%)
<40

4.0-45
45-50
5.0-5.5
5.5-6.0
>6.0

SOC (%)

<4.0
40-45
[ 145-50
[ 150-55
[ 155-6

>60

(©)

SOC (%) SOC (%)

4.0-45
45-5.0
5.0-55
5.5-6.0

FIGURE 6 Spatial pattern of SOC
content generated by the ensemble model
using (a) 1m, (b) 8m, (c) 15m, and (d)

25m resolution data.
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TABLE 5 The effects of changing from 1, 8, 15, and 25m data on the area (ha) and percentage (%) of the soil organic carbon (SOC)
content calculated using the ensemble models in the study area.

1m Sm 15m 25m

SOC content Area % Area % Area % Area %

<4 5.8 17.8 6.9 21.0 2.3 6.9 n/a n/a
4.0-4.5 8.7 26.5 4.5 13.6 4.2 12.7 11.0 33.5
4.5-5.0 6.8 20.8 5.9 17.9 11.9 36.1 6.0 18.1
5.0-5.5 4.1 12.6 10.2 30.9 11.3 34.3 10.7 32.7
5.5-6.0 3.5 10.7 4.1 12.5 3.3 10.0 5.1 15.7
>6.0 3.8 11.7 1.3 4.0 n/a n/a n/a n/a

(b) (c)

0 120 240 Meters Percentage change in SOC prediction (%)
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FIGURE 7 Percentage changes in the spatial pattern of the SOC content derived from (a) 8 m, (b) 15m, and (c) 25m when compared

with the 1 m data resolutions. The pie charts present area and percentage (values in bracket) of SOC difference.
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FIGURE 8 Mean percentage change in SOC content derived at 8, 15, 25m when compared with the 1 m data, based on (a) slope class,

(b) landforms, and (c) aspect.

overestimation effect (e.g., up to 15.1% of SOC difference
compared to 1m-based information). It is interesting
that the effect of using lower resolution DEM on SOC
content prediction had no effect in areas with slopes of
15-20°, showing a very low value in the rate of predic-
tion difference (e.g., 0.3%-1%). In terms of aspect, the
changes from fine to coarser resolution often resulted
in an increase in SOC content, however, the magnitude
of this change was relatively small, with a percentage
change in SOC level of less than 5%. Moreover, the effect
was found to be larger in the north and southwest as-
pect, whereas there was no difference among the other
aspects. With landforms, the effects of coarser data res-
olution on predicting SOC content were an overestima-
tion in hillslope and an underestimation in valley floors
and flat areas. The effects were relatively low in other
landform types. Among the different levels of coarse res-
olution, SOC content obtained from 8 m data presents
the least difference compared to that of 1 m data.

3.3 | Insights into the SOC content
pattern across the study area

Results described above demonstrate the highly vari-
able nature of modelled SOC content across space and

substantially different amounts of SOC level as a result of
modelling with different spatial data resolutions. Given
that 1m data provides the most accurate SOC pattern
with ensemble model, this model is used to provide fur-
ther insight into spatial variation of SOC content in the
study area. Figure 9 illustrates modelled SOC pattern for
different types of topographical and biophysical features.
Figure 9a shows that SOC content decreases with increas-
ing slope. SOC content is highest in areas with slopes less
than 15°, and decreases substantially on the steeper lands,
and reached the lowest value in the slope greater than 35°.

Patterns of SOC content by different levels of NDMI,
TWI, and CMR are similar to those of slope classes but
in an inverse trend. In general, SOC content increased re-
markably followed by the rising in surface soil moisture
(NDMI), topographic wetness (TWI), and clay mineral
ratio (CMR). Among other factors, the SOC content varies
considerably with landforms (Figure 9d) and soil groups
(Figure 9g). For example, flat areas, valley floors, and hill-
tops are landforms with high SOC content in which the
mean SOC is about 1.2-1.4 times higher than other land-
forms such as hillslopes and ridges. Similarly, SOC con-
tent in Ng soil is much more than that of MmS soil (i.e.,
5.7% and 4.2%, respectively). The variation in SOC con-
tent across aspects is negligible, showing that the mean
SOC values for all aspects were mainly between 4.8% and
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FIGURE 9 The SOC content calculated using the ensemble model using different clusters of topographical and biophysical factors:

(a) slope classes, (b) normalized difference soil moisture index (NDMI), (c) topographical wetness index (TWI), (d) landforms, (e) aspect,

(f) clay minerals ratio (CMR), (g) soil groups, and (h) management practice histories (HF, high phosphorus; LF, low phosphorus; NF, no

phosphorus). The box plots present maximum (upper fence), median (horizontal line inside the box), mean (the plus sign), minimum (lower

fence), and the middle 50% of SOC content values (the rectangle box).
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5.0%. Similarly, the difference because of P fertilizer and
sheep grazing histories are not as important as topograph-
ical features and other factors, with the mean SOC con-
tent values of 5.0%, 4.8%, and 4.7% for the HF, LF, and NF
farmlets, respectively. Among three farmlets, the variation
in SOC content in HF farmlet is lower than that of LF or
NF farmlets. Notably, it is found that variation in SOC con-
tent within a particular category of topography, environ-
mental factor, or management history could be significant
and was higher than that of variation between categories/
groups. For example, the difference between the aspects
with lowest and highest mean SOC content (i.e., North-
west and East, respectively) was only 0.3%. However, the
variation within the East aspect was much greater (i.e.,
1.4%). This is further illustrated in Figure 10, showing
that the SOC content not only differs between landforms
but also varies within a single landform. The difference
between low and high SOC content within a hilltop, valley
floor, or hillslope area is notably higher (e.g., 1.5-2 times).

Hot spot and cold spot patterns of SOC content in the
study area are presented in Figure 11. This map reveals
clustered areas in the landscape where SOC content is
statistically higher, lower, or not significantly different to
mean SOC for the study area. Overall, cold spots (clus-
ters of SOC lower than the mean) of SOC content occupy
46.2% total land area, a higher proportion than hot spots
of SOC content (clusters of SOC higher than the mean)
which occupy 33.9%. It is shown that high SOC content
cluster areas (in red) occur mainly in the low and medium
slope areas in the west, southeast, and southwest of the
study site. The low SOC content cluster areas (in blue) are
found in the predominantly high slope areas located in the
northern part, central south, and the south of the study
area. The area with SOC content that is not significantly
clustered (in grey) accounts for 19.9% and is distributed
widely across the study site.

4 | DISCUSSION

4.1 | Impacts of spatial data resolution
on prediction of SOC content

The study revealed that the spatial resolution of explana-
tory variables significantly impacts the accuracy with
which is possible to model and predict SOC content and
patterns in a hill country grassland landscape. Of the four
levels of data resolution examined in the modelling of the
spatial pattern of SOC content in the study area, 1 m data
provided the closest fit to the field data based on a linear
regression output and RMSE (Figure 5). Using model
output from the 1 m data as a benchmark, coarser spatial
resolution DEM derived data and remotely sensed data

limited the capability of the model to describe and predict
variation in SOC content across the landscape. Similar ef-
fects were reported by Lemercier et al. (2022) who found
that the ability to predict SOC significantly increased as
the scale of the digital soil mapping products progressed
from global to national and regional data; however, it was
still poor at predicting at the local level.

Results from this study showed that modelling SOC
content with coarser spatial resolution progressively re-
duces the mean value of the modelled SOC content from
5.2% to 5.1%, 4.9%, and 4.8% for the 1, 8, 15, and 25m
datasets, respectively. While these differences are small,
the study shows that the spatial resolution of the explan-
atory variables impacts significantly on the ability of the
model to predict the spatial distribution and variation of
the SOC content in the study area (Figure 6). The finer
resolution data in capturing microtopographic pattern
and variation in surface biophysical factors (e.g., changes
in slope, surface roughness, and aspect) was better able to
capture the influence of the most important variables, in
this case slope, on SOC content. With coarser spatial res-
olution data, the topographical patterns are generalized,
and landscape complexity is diminished (Figure 3). The
net effect is the numerous small areas of low slopes with
high SOC content level (e.g., slopes 0-8°) slowly merged
into higher slope classes containing lower level of SOC
content (Table 2), resulting in an underestimation of SOC
content, as resolution is coarser.

4.2 | Spatial variations in SOC content
across the study area

In general, the SOC content quantified in this study (Fig-
ure 6) was strongly aligned with the patterns of topo-
graphical and surface biophysical features (Figures 1-3,
6 and 10). Of those features, SOC content across slope
classes, level of soil moisture (NDMI), topographic wet-
ness (TWI), clay mineral ratio (CMR), and landform is
seen more variable than others. This strongly aligns with
the information obtained from the model output which
reveals the top variables contributing to SOC content pre-
diction (Table 4). The SOC content level was high in low
and medium slope areas of the southern paddocks of the
study area that were also had high soil moisture levels.
Most of the low SOC content areas were in the predomi-
nantly hill and steep-land areas with low soil moisture
content and high bulk density located in the north, cen-
tral south, and the south of the study site. These condi-
tions also explain the variations in SOC content, as also
reported in several other studies (Kerr & Ochsner, 2020;
Patton, Lohse, Seyfried, Godsey, et al., 2019; Patton,
Lohse, Seyfried, Will, et al., 2019). In addition, steep-land
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FIGURE 10 Study area showing the variation in soil organic carbon content by (a) landforms classification and soil carbon content by
(b) convex hillslope, (¢) concave hillslope, (d) hilltops, (e) valley floor, and (f) flat area.

areas have been much more affected by soil erosion and
this is a major contribution to the reduction of SOC
stock in hill country (Lambert & Roberts, 1976; Schip-
per et al., 2011) since the high soil C content in topsoil
take a long time to rebuild in the exposed subsoil after

the topsoil is lost (Basher et al., 2018). The SOC content
also varied among landforms, indicating that a high SOC
level was mainly in flat landscapes including hilltops and
valley floors, whereas a low level of SOC was observed
in steeper landforms such as hillslope areas. Our finding
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FIGURE 11 The statistically high (hot spot) or low (cold spot) soil organic carbon (SOC) content clustering pattern of the study area,
based on the Getis & Ord Gi* index.

is in line with the conclusion from research published Our study demonstrated that SOC content can be
by others (Patton, Lohse, Seyfried, Godsey, et al., 2019;  highly variable within a short distance and within a spe-
Wang, Li, et al., 2022) that highlighted the topographic cific landform, slope class, soil, aspect, or a land manage-
drivers of SOC content and stocks. ment. The reason for the difference in SOC content across
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space can be attributed to the micro-variations in topog-
raphy and biophysical conditions of the land surface. In
this highly heterogenous landscape SOC content is there-
fore not simply impacted by a single variable but a prod-
uct of a combination of complex interactions between
the multiple underlying factors and ecological process
(Basher et al., 2018; Mackay et al., 2018; Roman-Sanchez
et al., 2018; Vos et al., 2019). For instance, SOC content
differed significantly in areas even with similar land man-
agement practice history (e.g., high P fertilizer) because
of variation in slopes. In this case, the impact of slope on
SOC level is more significant than that of P fertilizer and
sheep management history, so this topographical factor
controls the SOC variation. The complexity of this pattern
and variation may be difficult to observe when simply
using the mean value of SOC content. Mapping spatially
explicit SOC information in which the SOC content is vi-
sualized in a continuous surface is therefore advantageous
compared with using information obtained from limited
number of point source samples. The successful applica-
tion of remotely sensed data and topography in predicting
agricultural SOC has been demonstrated in research at the
regional, national, and global scale (Dvornikov et al., 2021;
Meng et al., 2021; Paul et al., 2020; Zhou et al., 2020). Our
study is one of the first attempts to demonstrate that an
integrated approach combining remote sensing, GIS, and
advanced machine learning, coupled with point sourced
data provides comprehensive spatial information of on-
farm SOC content in hill country grassland landscapes.

4.3 | Implications for soil C
modelling and management practices

Results from our study demonstrate that integrating pre-
diction capabilities from several machine learning al-
gorithms and using a wide range of explanatory factors,
in combination with point sourced data, is an effective
method to improve SOC modelling in complex pastoral
farmed landscapes, in line with several recent studies
(Mishra et al., 2020; Nguyen et al., 2022; Tajik et al., 2020).
Our study provides evidence supporting the use of ad-
vanced machine learning to extend the learning from the
current in situ single sampling site method. Automated
machine learning integrated into a GIS enables users,
especially those without technical expertise, to reap the
advantage of advanced geospatial technologies (a com-
bination of GIS, remote sensing, and advanced machine
learning) to spatially quantify and visualize SOC con-
tent at multiple scales (i.e., from a per-pixel level to farm
scale). People who are not experts in machine learning
can focus on applying their domain expertise to a specific
business problem or domain application, rather than on

and Management

the machine learning workflow itself (Hutter et al., 2019).
Spatial modelling and assessment of on-farm SOC pro-
vides a comprehensive understanding of the SOC pattern
across space and reveals insights in the relationship be-
tween SOC pattern and underlying topographical and en-
vironmental factors that may not be achievable via a more
traditional approach (e.g., point sample-based analysis).

Of the machine learning algorithms evaluated within
the study areas, the ensemble method and its ability to in-
tegrate multiple machine learning algorithms accounted
for more of the variation in SOC content and was mostly
closely correlated with the SOC content in the 0-75mm
soil depth measured in the 47 field sampling sites. Given
that the prediction performance often varies between ma-
chine learning algorithms and may differ between study
areas (Keskin et al., 2019; Nguyen et al., 2022; Pham
et al., 2021; Shirazi et al., 2023), we recommend the use
of ensemble model that integrates different machine
learning algorithms to obtain the better SOC prediction
results. Doing so allows the most accurate prediction to be
acquired and results from this step can be effectively used
for further analysis.

Our study revealed that moving from finer to coarser
data has a significant effect on mapping the spatial pattern
of SOC content across the farmed landscapes. Given that a
decrease in data resolution reduces the ability of the model
to capture the changes in spatial pattern of SOC content
in complex landscape, we suggest that SOC modelling
and mapping practice needs to consider this effect so that
information obtained from the model can be interpreted
appropriately and with a certain level of confidence. Spe-
cifically, we recommend the use of high spatial resolu-
tion data to obtain the most detailed and accurate SOC
pattern, and this can therefore be generalized to different
levels of management (e.g., 1-ha, sub paddock, paddock).
Whist high-resolution DEM such as 1m LiDAR data is
not widely available, current studies and mapping prac-
tices often use DEM data with the spatial resolution >30 m
for SOC modelling (Ahmed et al., 2022; de Castro Padilha
et al., 2020; Dharumarajan et al., 2021; He et al., 2021). As
such, it is important that uncertainty in SOC information
achieved from these data needs to be quantified. In other
words, sensitivity analysis should be carried out to define
the level of confidence in SOC prediction so that the re-
sults will be interpreted and applied appropriately.

Considering that SOC pattern varies across space
and strongly relates to the pattern of topography, land
surface features, soils, and land management, it is im-
portant that these factors are considered in identifying
the sites for sampling SOC, especially in highly complex
topography landscapes where variation in SOC content
is significant. Given that SOC sampling can be costly,
especially in the complex landscape often found in hill
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country, an insight into the influence of the number and
location of the in situ point source data had in the de-
velopment of the algorithms would be invaluable. For
instance, the effects of topography and surface biophys-
ical factors on mapping SOC content where more signif-
icant than soil groups and management practice history
a greater number of samples would be allocated to these
locations. Therefore, we suggested the design of a strat-
ified and probability-based soil carbon sampling regime
by statistically and spatially interrogating multiple data
layers to better capture SOC pattern in NZ hill country
landscapes. This will provide better in situ data for spa-
tial model.

Spatially modelling SOC content provides the scientific
basis to achieve one of the key objectives of soil carbon
study, which is to identify potential areas within a farm
where soil C sequestration is most likely to be achievable
or where soil C loss risk is greatest. Also, quantified spa-
tial SOC information (i.e., mapped SOC content) provides
a valuable tool for developing farm management strate-
gies that can help maintain and improve SOC content
and therefore enhancing soil health. A SOC content map
with multiple sources of information, such as topography,
land use and land cover (LULC), and pastoral production,
can help develop targeted management strategies that are
tailored to specific areas within a farm. For instance, in
steep-land areas with low level of SOC content and low
pasture productivity, tree planting rather than soil man-
agement practices (e.g., biochar and tillage practices)
should be applied to improve future carbon stock. In addi-
tion, spatial information on the variability of SOC content
is also useful for developing variable-rate fertilizer appli-
cations to target areas with low SOC content. Having spa-
tially explicit SOC information enables the application of
multiple levels of management, including location-based
and paddock-based management, to ensure that manage-
ment practices are targeted to the specific needs of each
area. This is an advantage, given that most of the current
management practices at the farm scale are often devel-
oped based on average information for the paddock or
land management unit.

4.4 | Limitations of the study

Our study focuses on mapping SOC patterns under a
long-term permanent pasture. We did not consider the
influence of perturbations, such as cultivation, an ero-
sion event, or an extreme livestock treading event, that
could have impacted on SOC content across the landscape
over time. The ability to quantify temporal, in addition to
spatial changes in SOC content is important as it allows
the development of more effective SOC management

strategies. For instance, knowing the areas where SOC
content is declining, or increased overtime would be valu-
able information to identify targeted management areas
and suitable management practices to optimize carbon
sequestration over time.

In this study, we utilized an existing field SOC infor-
mation from soil samples collected from varying slopes,
aspects, and areas with different management histories. It
is important to recognize that these samples may not cap-
ture the full range of soils and landscape conditions or ad-
equately represent the spatial variability within the study
site. It is important that future studies assess the effects
of sampling methods on the performance on spatial mod-
elling of SOC. Furthermore, integration with a process-
based model that accounts for nutrient transfer by grazing
animals would be useful to capture the full complexity of
SOC dynamics. In our study, different spatial resolutions
of remotely sensed data were obtained by resampling from
Sentinel 2 data with a native resolution of 10 m. It should
be acknowledged that resampling the imagery data to
match the DEM data resolutions is not the same as using
imagery with resolutions in their original or native spa-
tial resolution. As such, it would be helpful to use remote
sensing data acquired from different sensors so resulting
from data resampling is minimized.

5 | CONCLUSIONS

We assessed the effect that geospatial data resolution
has on the prediction performance of a range of models
utilizing machine learning, to describe and predict the
pattern of SOC content in topographically complex grass-
land landscape. Results from this study demonstrate the
effectiveness of the applied machine learning approach,
showing that (1) ensemble-based learning that combines
prediction results from several algorithms outperformed
an individual model in the estimates of pastoral SOC con-
tent; (2) the use of multi-sourced data that include a wide
range of predictors covering topographical features, sur-
face biophysical pattern, and soils and land management
practices, enables better prediction outcomes; and (3) an
increase in spatial data resolution results in significant
improvements in the prediction and measured spatial
pattern on the change in spatial pattern (i.e., distribution
and variation) of SOC content in complex hill country
landscapes.

Our results indicate that by applying advanced digital
and machine learning technologies, the spatial pattern of
agricultural SOC can be quantified from existing in situ
samples collected from a small number of sites. This pro-
vides important information to better understand SOC
pattern at the required scale and can be used to undertake
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spatial monitoring and management of soil carbon. The
ability to quantify the spatially explicit pattern and evalu-
ate the effects data quality used has on estimates of SOC
in a complex farmed landscape is invaluable. Utilizing
spatial-based information leads to the development of
more effective and sustainable carbon management and
adaptation strategies at a farm scale that can contribute to
the improvement of soil health and abatement of agricul-
tural GHG emissions.
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