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A B S T R A C T

In South Africa, the only soil resource available with full spatial coverage is the national resource inventory.
Disaggregating this polygon-based inventory, is thus a logical step to create more detailed soil maps covering the
entire country. The polygons are large in area encompassing complex soil-terrain patterns and research into
disaggregation techniques has been limited. This study aimed to compare 10 algorithms, implemented through a
modified DSMART (“Disaggregating and Harmonizing Soil Map Units Through Resampled Classification Trees”)
model, in their ability to disaggregate two polygons into soil associations in two environmentally contrasting
locations. One site had high relief and strong catenal sequences (eastern KwaZulu-Natal Province) and the other
site had low relief and a strong geological control of soil types (northern Eastern Cape Province). The algorithms
compared were based on previous studies which included k-nearest neighbour, nearest shrunken centroid,
discriminatory analysis, multinomial logistics regression, linear and radial support vector machines, decision
trees, stochastic gradient boosting, random forest, and neural networks. The method involves stratifying the
polygons with landform elements, randomly sampling the landform elements, allocating the soil classes based on
the resource inventory, and predicting soil associations across a stack of covariates. This was done in an iterative
process, creating multiple realisations of the soil distribution. The performance of each algorithm was based on
their kappa and uncertainties. It was found that in general, robust linear models which either utilise an em-
bedded feature selection or regularise covariates, performed best. In the area with high relief and clear topo-
sequences, nearest shrunken centroid was the top performing algorithm with a kappa of 0.42 and an average
uncertainty of 0.22. In the area with relatively low relief and complex geology, the results were unsatisfactory.
However, a regularised multinomial regression was the top performing algorithm, achieving a kappa of 0.17 and
an average uncertainty of 0.84. The results of this study highlight the versatility of a technique to disaggregate
South Africa's national resource inventory, where algorithms can be chosen on expert knowledge, model aver-
aging can be performed, the top performing algorithm can be chosen, and algorithm parameters can be opti-
mised.

1. Introduction

A large focus of digital soil mapping research in South Africa has
been on disaggregating a single polygon in the Land Type Survey (LTS).
The LTS covers the whole of South Africa and each polygon consists of
an area with a relatively uniform climate, geology, topography and
well-defined soil catena giving information on agriculture potential.
However, the LTS consists of large soil-terrain polygons with very few
georeferenced soil observations specified. These polygons were

developed at a 1:250,000 scale, which is too coarse to inform land use
management.

Disaggregation of soil data involves extracting the spatial location of
each soil type from soil legacy data consisting of polygons with many
soil types, thereby creating a more detailed soil map (Odgers et al.,
2014; Thompson et al., 2010). This involves no or very few georefer-
enced soil observations to train models. There have been studies that
compare several algorithms trained on point observations to predict soil
type (Brungard et al., 2015; Heung et al., 2016). In contrast, there has
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been little research comparing algorithms used to disaggregate national
resource inventories in different environmentally contrasting areas.
This is surprising as these inventories are seen as a wealth of in-
formation that often cover much, if not all, of a country.

Developed by Odgers et al. (2014), DSMART has become a popular
disaggregation model because it predicts all soil types simultaneously
and the predictions are not bound to the legacy polygons. Additionally,
it is a stochastic approach which predicts the likelihood that a parti-
cular soil type is at a location, instead of concrete soil type boundaries.
DSMART re-samples soil polygons, assigns the samples to a soil type
based on the legacy data, and trains a decision tree on covariates. This
creates multiple realisations of the soil distribution. The final product is
a specified number of probability class rasters. It also produces spatial
uncertainties (confusion) between the first and second most probable
class rasters.

Decision tree based approaches have become popular in dis-
aggregation models (Bui and Moran, 2001; Nauman and Thompson,
2014; Silva et al., 2016; Subburayalu et al., 2014). This is because
decision tree algorithms can imitate the “mental model” of soil scien-
tists and can handle either discrete or continuous data (Bui et al., 1999;
Bui and Moran, 2001; Odgers et al., 2014). Decision trees can also
handle non-linear relationships making them powerful classifiers
(Breiman et al., 1984). One criticism of decision trees is that they are
subject to overfitting (Grunwald, 2009) and therefore, other studies
such as Häring et al. (2012), Nauman et al. (2014), Chaney et al.
(2016), Vincent et al. (2016), and Møller et al. (2019) have used
random forest to bypass such limitations (RF; Breiman, 2001). Random
forest is also known for increasing model performance by reducing the
variance (Buhlmann and Yu, 2002; Strobl et al., 2009). However, it was
found that, when implemented through DSMART, a regularised multi-
nomial logistics regression performed better than decision trees and RF
when disaggregating LTS polygons at the farm-scale into a depth class
map in South Africa (Flynn et al., 2019).

In the LTS legend, terrain information is specified as the percent
area of landform elements on each land type. Specific landform ele-
ments found on each land type, are known as terrain morphological
units (TMUs). Terrain morphological units were manually delineated
from 1:50,000 topographic sheets and have five units. These TMUs
include crest, scarp, mid-slope, foot-slope, and valley. Soil information
is displayed as local soil series (local classification) and is the percent
area on each TMU. All other soil information is associated with each
soil series.

Soil information in the LTS is strongly tied to the influence each
TMU exerts on soil formation. At some spatial scales and locations, this
is logical as TMUs distinguish the boundaries between processes such as
accumulation, deposition, and leaching potential (Evans, 2012).
Therefore, both conceptual and DSM techniques have focused on uti-
lising these relationships when disaggregating the LTS. However, this
approach is problematic when topography is not the main driver of soil
formation. For example, when land types cross many contrasting parent
materials, parent material will exert a strong influence on soil forma-
tion as it affects both physical and chemical soil properties (Jenny,
1941).

Studies into disaggregating the LTS include Van Zijl et al. (2013),
who disaggregated two land types in KwaZulu-Natal Province through
an expert rules system and SoLIM software (Zhu, 1997). The authors
concluded that a field survey was required to disaggregate the LTS as
the disaggregation technique achieved a 35% accuracy. When adding
observations to the model, the results drastically improved. The authors
also concluded that adding lithology to the rules increased map us-
ability but not map accuracy. Botha (2016), also used an expert
knowledge approach whereby, TMUs were classified and assigned a
dominant soil type based on the LTS data. The results were satisfactory
for a high relief area (88%), but were un-satisfactory for an area con-
trolled more by geology (37%). Flynn et al. (2019), disaggregated the
LTS into soil depth classes at the farm-scale by stratifying LTS polygons

with TMUs, and using the TMUs for re-sampling in DSMART. The study
achieved a satisfactory accuracy of 68 to 90% depending on how many
probability class rasters were used for evaluation.

Other studies that disaggregate complex soil-terrain polygons in-
clude Bui and Moran (2001), who used k-means clustering to classify
soil associations and decision trees to classify fluvial facies which were
strongly correlated to soil texture. The authors achieved an accuracy of
76 to 83% depending on the site in western New South Wales, Aus-
tralia. Holmes et al. (2015), disaggregated soil-terrain polygons through
DSMART in the whole of Western Australia. The authors implemented
C4.5 decision trees and achieved an accuracy of 40% according to the
three most probable class rasters and achieved a 71% accuracy when
using higher levels of the soil classification system. However, these
studies were conducted on much larger areas than the conventional
approach in South Africa which focuses on disaggregating a single land
type.

The aim of this study was to evaluate 10 algorithms on their ability
to disaggregate the LTS in two environmentally contrasting areas (high
relief, strong catenal sequence vs low relief, weak catenal sequence, and
strong soil-geological relationships) using a modified DSMART model.
The model allows the implementation of many classifiers and in-
corporates additional features that can be used to optimise the model
for an area. This also has implications for disaggregating large datasets
such as SOTER (Soil Terrain Dataset) (Dijshoon et al., 2008). Therefore,
it has implications for further work in larger areas. This can be seen as
an add-on to DSMART which can also be applied over different scales.

2. Method

2.1. Site description

Two land types were used in this study (Fig. 1), one site at Cathedral
Peak in eastern KwaZulu-Natal Province (28° 30′S to 29° 30′S and 29°
00′E to 29° 30′E) and another site at Ntabelanga in northern Eastern
Cape Province (31° 03′S to 29° 09′S and 28° 30′E to 28° 44′S). Both sites
were selected due to their contrasting environments and data avail-
ability.

The Cathedral Peak site forms part of the South African National
Environmental Network (SAEON) and consists of several protected,
near pristine catchments. The site is located in the Drakensberg
mountain range close to the border of Lesotho. It is the Ac265 land type
(sheet 2828 Harrismith) encompassing 9.5 km2 of relatively high relief
and uniform geology comprising of basaltic rocks of the Drakensberg
formation (Land Type Survey Staff, 1976–2002). Cathedral Peak has an
Ustic climate with an average precipitation of 1130mm (Schulze,
2007). The altitude of the study area, ranges from 1827 to 2068m and
is mainly covered by mesic grasslands interspersed with forest patches
and wetlands.

The Ntabelanga site is the Db334 land type (sheet 3128 Umtata)
encompassing 7.4 km2 of relatively low relief ranging in altitude from
871m to 1128m with a complex geology. The geology consists of
brownish-red and grey mudstone and sandstone of the Tarkastad
Subgroup, Beaufort Group with dolerite intrusions (Land Type Survey
Staff, 1976–2002). This area was part of the old Transkei Homeland.
Agricultural production is classified as Maize Mixed Farming (Dixon
et al., 2001) on state-owned land administered through the Tribal Au-
thority system. Soils in the area are extremely susceptible to erosion,
yet the site is earmarked for construction of the large multipurpose
storage Ntabelanga dam in the Tsitsa River (Van Tol et al., 2014). The
Ntabelanga area has a semi-arid climate with an average precipitation
of 700mm.

2.2. Legacy data

2.2.1. Land type terrain data
Each land type consists of unique patterns of terrain, soil, and
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macro-climate (Paterson et al., 2015). A 2-dimensional depiction of the
manually delineated TMUs on each land type are shown in Fig. 2. Ca-
thedral Peak is dominated by mid-slope (3) consisting of 85% of the
area, crest (1), and valley positions (5) make up 10% and 5% of the
area, respectively. The slope at Cathedral Peak ranges from 4 to 60%.
Ntabelanga is dominated by foot-slopes (4), encompassing 80% of the
area, while mid-slope and valley positions consist of 10% of the area in
total. The slope on the land type ranges from 4 to 10% (Land Type
Survey Staff, 1976–2002).

2.2.2. Land type soil data
In the LTS, soil information includes soil type, depth, clay percent,

textural class, and root limiting layer (Land Type Survey Staff, 1976-
2002). Cathedral Peak has a clear toposequence consisting of a shallow
association (Lithic Haplustepts and Lithic Humustepts), characterised
by soils grading into bedrock within 50 cm from the soil surface on crest
positions, the apedal association (Lithic and Typic Haplustox), com-
prised of generally deep soil with an apedal structure on mid-slopes,

and a wet association (Typic Haplohumist), soils showing morpholo-
gical signs of gleying in the valleys. Therefore, the soils were ag-
gregated into these three soil associations based on lithic, oxic, and
hydromorphic soil properties.

Ntabelanga's soils are more structured, complex, and are heavily
controlled by geology/lithology. The soils were aggregated into apedal
(Typic/Plinthic Haplustox), duplex (Typic Albaqualfs), semi-duplex or
pedo (Typic Haplustalfs), shallow (Lithic Haplustept and Humustepts)
and wet (Endo Aqualfs and Aquepts) associations. Soil associations
were based on erosion potential. For example, apedal soils have a deep
profile and high iron content making them resistant to erosion. In
contrast, duplex soils have a discrete textural boundary due to their
binary profile making them highly prone to crusting and erosion. The
duplex and pedo soil associations differ in that the duplex soil asso-
ciation comprises soils with a prismatic structure in the subsoil, while
the subsoil structure is angular blocky in the pedo soil association. As
the names suggest, the shallow soil association grades into bedrock
within 50 cm of the soil surface, while wet soil association shows

Fig. 1. The two study sites within southern Africa and zoomed into the eastern region of South Africa.

Fig. 2. TMUs situated on Cathedral Peak (Ac265) and Ntabelanga (Db334) taken from Land Type Survey Staff (1976–2002).
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morphological evidence of water logging. The percent area of each soil
association on the TMUs are shown in Table 1.

2.3. Model development

2.3.1. Polygon stratification
A topographic index landform classification (TPIc) was used to

predict landform elements on each land type. The TPIc system com-
pares the elevation at each pixel to the neighbourhood around that
pixel (Weiss, 2000). For this study, the algorithm was implemented
with a neighbourhood of 100m for both land types. The landform
elements were aggregated into TMUs according to Table 2. The TMU
development is in contrast to the study by Flynn et al. (2019), whom
introduced the use of geomorphons to segregate the landscape instead
of TPIc. Additionally, in contrast to the previous work, this study fo-
cused on a regional scale. The aggregation was a subjective procedure
based on the LTS specifications. For example, there is no foot-slope
TMU at Cathedral Peak and no crest TMU classified on the Ntabelanga
land type. Therefore, each land type was stratified into three polygons.
This process is similar to that of Libohova et al. (2016), who aggregated
a 10 unit pattern recognition algorithm known as geomorphons
(Jasiewicz and Stepinski, 2013), into a five unit system based on slope.

2.3.2. Model training
The algorithms were trained and predicted using a modified

DSMART model in R software (R Core Team, 2017). The modified
method incorporates the caret R package where different classification
algorithms can be used (Kuhn et al., 2018). The caret R package also
allows for optimisation such as cross-validation, different sampling
techniques such as up-sampling, and pre-processing such as centring
and scaling of the covariates. The R software code developed, can be

found on GitHub. Besides the incorporation of the caret R package, the
model is similar to that of the rdsmart package (Odgers and Malone,
2017). For n realisations, the modified DSMART model is as follows:

1. Stratify the LTS with TMUs and prepare covariates.
2. Draw m random samples from each TMU.
3. Assign samples a soil type based on probabilities specified in the

LTS.
4. Train an algorithm on covariates (caret R package).
5. Predict soil type across covariates.

Once n realisations have been trained and predicted:

1. Count number of times each pixel is classified a soil type.
2. Calculate probabilities based on counts (counts/total).
3. Determine soil type at each pixel

In this study, the method follows that of Flynn et al. (2019), 15
random samples were drawn for each TMU, assigned a soil association
according to the LTS, covariate values were extracted (Section 2.3.3),
and soil associations were predicted for 100 realisations. However, the
sampling differs from that of Flynn et al. (2019), as the soil associations
with the least probability (in the LTS) were up-sampled after drawing
the 15 random samples. This was to account for class imbalances on
each TMU.

The soil class assignment during the re-sampling procedure can be
seen as a target-based approach on landscape rules (Odgers et al.,
2014). This target-based approach is in contrast to other methods such
as Häring et al. (2012) and Vincent et al. (2016), who used landscape
rules to assign samples a soil type. Additionally, this approach is dif-
ferent than that of Møller et al. (2019), as it only uses landscape rules
found in the original resource inventory.

Model development was an iterative process using 10 different al-
gorithms shown in Table 3. The algorithms were largely selected based
on the studies by Brungard et al. (2015) and Heung et al. (2016), who
compared similar algorithms in three semi-arid regions in western USA
and British Columbia, Canada, respectively. For detail into each algo-
rithm, see Hastie et al. (2009) and Kuhn & Johnson (2013).

2.3.3. Covariates
Topographic covariates at each site were developed from a 30m

Advanced Land Observation digital elevation model (DEM). The DEM
was used because of its superior vertical accuracy to other freely
available DEMs. The resolution of the DEM was used to define the
predictions final resolution. The covariates used to train the models
were altitude, aspect, catchment area and slope, convexity, downslope
(DC) and upslope curvature (UC), plan curvature, profile curvature,
local curvature (LC), LS factor, multiresolution valley bottom flatness

Table 1
Soil associations percent area on each TMU for Cathedral Peak and Ntabelanga.

Cathedral Peak

Associations Crest (%) Mid-slope (%) Valley (%)

Apedal – 60 –
Shallow 100 40 –
Wet – – 100

Ntabelanga

Association Mid-slope (%) Foot-slope (%) Valley (%)

Apedal 10 15 –
Duplex – 15 20
Pedo 30 40 40
Shallow 60 10 5
Wet – 15 35

Table 2
Aggregation of TPIc landform elements into TMUs for Cathedral Peak and
Ntabelanga.

TPIc Cathedral Peak Ntabelanga

9 Crest Mid-slope
8 Crest Mid-slope
7 Crest Mid-slope
6 Mid-slope Foot-slope
5 Mid-slope Foot-slope
4 Mid-slope Foot-slope
3 Mid-slope Foot-slope
2 Mid-slope Foot-slope
1 Valley Foot-slope
0 Valley Valley
−1 Valley Valley

Table 3
Classification algorithms used to predict soil associations at Cathedral Peak and
Ntabelanga.

Algorithm Type

k-nearest neighbour (KNN) Distance based learner
Nearest shrunken centroid (NSC) Distance based learner
Linear discriminatory analysis (LDA) Simple linear model
Multinomial ridge regression (MRR) Generalised linear model (L2

regularised)
C5.0 decision trees (C5) Tree based learner
Random forest (RF) Multiple decision trees grown in

parallel
Stochastic gradient boosting (SGB) Multiple decision trees grown in

sequence
Linear support vector machines (SVL) Linear boundary learner
Radial support vector machines (SVR) Radial boundary learner
Multilayer perceptron (MLP) Multiple hidden layer neural network

T. Flynn, et al. Geoderma 352 (2019) 171–180

174



(MRVBF), negative openness (NO), SAGA wetness index (SWI), sky
view factor, slope, terrain factor, and terrain roughness. All topographic
covariates were developed in the System for Automated Geoscientific
Analysis (Conrad et al., 2015). These covariates were thought to de-
scribe the topography of both land types sufficiently.

In addition to topographic covariates, spectral covariates were de-
veloped at Ntabelanga from the Sentinel 2A satellite and were mean
aggregated into a 30m resolution. The addition of spectral covariates
was done with the knowledge that the soils are controlled less by to-
pography. The spectral bands and indices can be seen in Table 4. These
covariates were thought to represent soil, vegetation, and parent ma-
terial according to the scorpan method (McBratney et al., 2003). A
description of the spectral indices can be found in Bannari et al. (1995)
and Ray et al. (2004).

2.4. Model evaluation

2.4.1. Field observations
Field observations at Cathedral Peak and Ntabelanga were con-

ducted during previous studies detailed below and shown in Figs. 3 and
4, respectively. Soils in both surveys, were classified according to South
African Soil Taxonomy (Soil Classification Working Group, 1991). It
should be noted that the original LTS soil profiles were not considered
in either land type as they were not specified in the LTS legend.

At Cathedral Peak, 58 stratified random samples were targeted
which were stratified between the Cathedral Peak research catchments
within the land type (Van Zijl and Botha, 2016). The profiles were
classified by 50 expert participants from the South African Soil Sur-
veyor's Organization (SASSO) working group. Even though the samples
were clustered within the research catchments, they are deemed to
sufficiently represent the land type for evaluation of the models, as the
soil distribution should be similar throughout the land type.

Eighty-seven soil profiles were classified and sampled in the
Ntabelanga area as part of three projects. The first was to characterise
the erosion susceptibility of soils adjacent to the proposed Ntabelanga
dam (Parwada and Van Tol, 2017), the second to determine the pol-
lution from pit latrines to streams (Mamera and Van Tol, 2018), and the
third to quantify carbon stocks within the Ntabelanga dam footprint
(Van Tol et al., 2018). The soil observations were located in and around
the proposed footprint. As with the Cathedral Peak samples, these
samples are sufficient to evaluate the different disaggregation models,
because they follow the catena specified in the LTS.

2.4.2. Evaluation
All soil observations were performed completely independent of the

LTS. Additionally, the small scale of samples enhances the actual eva-
luation as it captures the variability efficiently and large datasets are
known for increasing the accuracy of identifying the predominant soil
type. The number of samples used for evaluation is regarded as suffi-
cient, as it compares well to the number of samples used in other DSM
projects in the area, such as 60 for land type disaggregation, 52 for an
expert knowledge approach and 48 for a machine learning approach
(Van Zijl, 2019).

Each model was evaluated on their kappa statistics of the first most
probable class raster and their average confusion between the first and
second most probable class rasters. The kappa gives an indication on
the algorithms goodness of fit while confusion tells how certain the
model is of its predictions. Therefore, these two indices were used as the
main indicator of model performance. The confusion values were cal-
culated according to Burrough et al. (1997). Kappa was evaluated only
on the first most probable class raster as this is a simplified model often
necessary for decision making. The equation for the confusion can be
seen below, where Pmax is the probability of the first most probable soil
association and Pmax−1 is the probability of the second most probable

Table 4
Spectral covariates obtained and developed at Ntabelanga.

Bands Band origin (μm) Symbol

Blue 0.490 B
Green 0.560 G
Red 0.665 R
Near infrared (NIR) 0.842 NIR

Indices Equation Property

Brightness Index (BI) (R2+G2+B2)/30.5 Reflectance
Coloration Index (CI) (R−G)/(R+G) Soil colour
Redness Index (RI) R2/(B ∗G3) Hematite
Saturation Index (SI) (R− B)/(R+B) Spectral slope
NDVI (NIR− R)/(NIR+R) Chlorophyll

Fig. 3. Fifty-eight soil profiles in the Cathedral Peak land type (Ac265) shown on 20m contour intervals.
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soil association at that pixel. The lower the confusion, the more certain
the model is of the predictions. This measure is especially important
where external soil observations are scarce, such as at Cathedral Peak.

= − −
−

Confusion P P1 ( )max max 1

3. Results and discussion

3.1. Overall model performance

The kappa and confusion for each algorithm can be seen in Table 5.
Over both land types, NSC had a competitive kappa and confusion.
Nearest shrunken centroid has an embedded feature selection which
minimises unimportant covariate centroids to zero (Tibshirani et al.,
2003). Multinomial ridge regression had competitive kappa and con-
fusion. However, the confusion was relatively higher at Cathedral Peak.
The MRR algorithm panelises unimportant covariates based on the
squared errors, thereby minimising the unimportant coefficients
(Friedman et al., 2010). Therefore, these robust linear models prevent
collinearity and overfitting which added to their performance.

Linear support vector machines had competitive kappa but had a
comparatively higher confusion at Ntabelanga. Radial support vector
machine performed well in terms of confusion, however, SVR had a
relatively low kappa at Ntabelanga. Stochastic gradient boosting and RF

also performed well in terms of confusion. This indicates that SVR, SGB,
and RF although never the top performing algorithms, have little con-
fusion between the first and second most probable soil associations
across the land types. The original implementation through C5 per-
formed well at Cathedral Peak in terms of kappa but performed poorly
for all other performance indices.

Although most complex algorithms performed well, they may be
unnecessary due to an already computationally heavy method, lack of
improved results, and a decrease in interpretability. Additionally, al-
gorithms such as SGB, MLP, and SVR failed to classify three out of the
five soil associations at Ntabelanga. Random forest, C5, and SVR failed
to classify two of the soil associations. This can be attributed to these
algorithms over classifying the pedo association during each realisa-
tion. The over classification perpetuates through the realisations re-
sulting in a great under representation of the other soil associations.
This was observed after up-sampling the soil associations with the least
percent area. However, without up-sampling, this trend was amplified,
and performance dropped for all models. In contrast, linear models such
NSC, MRR, LDA, and SVL only failed to classify the apedal association
at Ntabelanga increasing their performance measures.

From these results, it is clear that some algorithms will perform
better in either kappa or confusion values. Therefore, an algorithm
should be chosen based on availability of observations to evaluate on.
For example, if there are a few observations in an area, then a model
that minimises the confusion might be more appropriate. This approach
is more notable in areas with little knowledge of the soil distribution. If
there are many observations, then the soil scientist can use expert
knowledge to choose an algorithm based on specific needs or run many
models and choose the best one. The latter is more suitable when dis-
aggregating smaller areas such as a single land type. However, it was
found that evaluating one realisation was a good indicator of model
performance. Therefore, in the case of large areas, one realisation can
be evaluated and then the best model can be selected.

3.2. Site specific model evaluation

3.2.1. Cathedral Peak
Nearest shrunken centroid achieved the highest kappa (moderate

agreement), however SGB, SVL, and C5 had similar values. Where the
NSC algorithm stands out is in the model confusion, where it is

Fig. 4. Eighty-seven soil profiles in Ntabelanga land type (Db334) shown on 20m contour intervals.

Table 5
Algorithm performance showing kappa and confusion for Cathedral Peak and
Ntabelanga.

Model Cathedral Peak Ntabelanga

Kappa Confusion Kappa Confusion

C5 0.40 0.60 0.08 0.89
KNN 0.23 0.46 0.07 0.92
LDA 0.27 0.53 0.12 0.93
MLP 0.11 0.49 0.08 0.85
MRR 0.34 0.55 0.17 0.84
NSC 0.43 0.22 0.11 0.85
RF 0.26 0.45 0.07 0.85
SGB 0.42 0.49 0.09 0.83
SVL 0.41 0.54 0.11 0.90
SVR 0.36 0.35 0.05 0.83
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substantially lower than the next algorithm (SVR). Therefore, NSC is
considered the best model for Cathedral Peak. The NSC predictions and
confusion at Cathedral Peak are shown in Fig. 5. It should be noted that
both C5 (76%) and KNN (73%) had a higher overall accuracy than NSC
(71%), and SGB, SVL, and LDA achieved the same accuracy. Ad-
ditionally, Botha (2016) achieved a kappa of 0.66 and an accuracy of
88% through an expert knowledge approach at Cathedral Peak. How-
ever, the approach presented in this study, is much more automated
making it more suitable for larger areas (Van Zijl, 2019) and is not
limited to the TMU boundaries (Odgers et al., 2014).

For NSC, the confusion is highly correlated to soil association and
TMUs. To compare, the confusion was analysed by a post hoc Tukey-
Kramer (P < 0.05*) implemented through a residual maximum like-
lihood model (REML). The REML model is necessary to account for
spatial auto-correlation and is considered best practice with spatial data
(Lark and Cullis, 2004). Wet soils had the lowest confusion of 0.18*,
followed by apedal (0.21*), and shallow soils (0.25*). This is surprising,
as wet soils were classified with less accuracy (50%) followed by that of
apedal soils (68%). Shallow soils were classified with the highest ac-
curacy of 85%which were found over both crest and mid-slope posi-
tions. Crests had the lowest confusion of 0.01* followed by valley
(0.05*) and mid-slopes (0.25*). This indicates that soils found over
many TMUs and TMUs with many soil associations will have the highest
confusion.

At Cathedral Peak, most of the algorithms performed rather well.
This was attributed to the clear toposequence and relatively non-com-
plex soil pattern in the area. Shallow soils occur on crest positions
where erosion exposes the lithic contact, apedal soils are found on mid-
slopes where erosion is less, allowing more profile development, and
wet soils occupy the valleys where water accumulates. These results
largely confirm the LTS data and the study by Botha (2016), as soils are
strongly tied to the TMUs on the land type.

3.2.2. Ntabelanga
There is no clear algorithm which substantially outperformed an-

other at Ntabelanga. However, MRR achieved the highest kappa (slight
agreement) but had similar confusion to SGB and SVR. The MRR model
predictions and confusion can be seen in Fig. 6. The MRR model
achieved an accuracy of 33% which is similar to that of Botha (2016),
who reached a kappa of 0.20 and an accuracy of 37% at Ntabelanga.
Additionally, these results are comparable to Van Zijl et al. (2013), who
achieved an accuracy of 35% when disaggregating two land types with
five soil associations. However, MRR overclassified both shallow and
wet soils.

The MRR model's confusion had a similar trend to the NSC model at
Cathedral Peak. The confusion was lowest for apedal soils of 0.56*
followed by shallow (0.76*), wet (0.85*), pedo (0.92*) and duplex soils
(0.95*). Soil associations which did not show a trend over the TMUs
had the highest confusion. For example, shallow soils had a relatively
low confusion but are found on every TMU, however, there is a clear
trend from mid-slope to valley. In contrast, pedo soils are found on
every TMU but with no clear trend. Therefore, pedo soils have a rela-
tively high confusion. Additionally, all soil associations are found on
foot-slopes which also had the greatest confusion (0.89*) followed by
valleys (0.86*) and mid-slope positions (0.76*). This was expected and
confirms TMUs with the greatest amount of soil associations will have
the highest uncertainty.

In general, the models did not perform as well in Ntabelanga as in
Cathedral Peak. Soil distribution patterns in the area are governed
chiefly by the geology/lithology and secondary by the topography. Low
model performance due to complex geological relationships was also
found by Holmes et al. (2015) and is due to the TMUs not aligning the
samples in the correct feature space. The horizontal and vertical var-
iation within lithological layers e.g. sandstone, mudstone and dolerite
within the Tarkastad and Beaufort groups, results in considerable var-
iation in soils over short distances. This was clear during the field

Fig. 5. Nearest shrunken centroid predictions and confusion at Cathedral Peak.
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survey where it was observed that strongly structured soils (duplex and
pedo) were found on mudstones and apedal soils were found on sand-
stones. Soils derived from dolerite, consisted of both red apedal and
pedo soils. There is also colluvial material creating binary profiles
which added to the complexity. In addition, the permeability of the
different parent materials impact weathering patterns (depth) and soil/
bedrock flow paths (wetness). This, together with the low relief, results
in the occurrence of wet and shallow soils throughout the study area.

In an attempt to improve these results, model averaging of the
overall top performing algorithms in terms of kappa (MRR, NSC, SVL,
LDA, SGB) and model averaging using the algorithms which classified a
particular soil association best (MRR, MLP, SGB, NSC), were tried.
However, the results were disappointing only achieving a kappa of 0.05
and 0.06, respectively. Alternatively, if a geology/lithology map were
available, expert knowledge could be used to determine the probability
of each soil association on the different categories instead of using the
LTS probabilities and TMUs. Additionally, expert rules could be used for

soil type allocation during the resampling procedure as implemented by
Häring et al. (2012) and Vincent et al. (2016). However, there was no
reliable geology/lithology data available in an area to use as a covariate
to train on. Although, the attempt failed, this shows the versatility of
the modified DSMART approach.

Although results were poor at Ntabelanga, it shows some possibi-
lities the modified DSMART model can perform. For example, running
many algorithms and choosing the best one or using model averaging. It
also provides additional functions that can be used to optimise algo-
rithm parameters such as cross-validation at each realisation.
Additionally, covariates can be pre-processed allowing for Box Cox and
principle component analysis transformation. These additional techni-
ques can be further explored when disaggregating a particular region.

Internationally, DSMART disaggregation produced accuracies com-
parable to other disaggregation studies. For example Møller et al.
(2019), notes that 17–23% accuracy is the range when evaluating dis-
aggregation approaches for the first most probable class raster when

Fig. 6. Multinomial ridge regression predictions and confusion at Ntabelanga.
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disaggregating over a large area with many soil types. Even with the
insufficient results achieved at Ntabelanga, the accuracy was far above
the international norm. This can be attributed to soil form aggregation
and the scale of the site. Additionally, other research such as Møller
et al. (2019), comes to the conclusion that a more detailed soil map is
better than a less accurate soil map. When aggregating soils, it seems
accuracy is more important than a detailed map in South African con-
ditions. This is more important for land use management as the scale
used, might not be appropriate for environmental modelling.

3.3. Covariate importance

The five most important covariates for NSC at Cathedral Peak and
MRR at Ntabelanga are shown in Table 6. The covariate importance for
NSC is calculated as the difference between a particular shrunken
centroid for a class and that of the overall centroid (Tibshirani et al.,
2003). Therefore, the larger the difference, the more important that
covariate. The covariate importance for MRR is calculated on the ab-
solute value of the coefficients. The further away from zero, the more
important that covariate is. Both importance measures were averaged
over all realisations and scaled to percentages.

At both sites, no covariate was the most important for all realisa-
tions. Therefore, the models are utilising different covariates for each
realisation. This could indicate that the models' need many covariates
to capture the soil distribution in the two areas. It was thought that this
could also be a function of the number of samples per realisation.
However, when performing the models with 50 samples per TMU, there
was no difference in either model performance or covariate importance.
Therefore, it could indicate that the covariates were collinear, and the
number could have been reduced at Cathedral Peak, or that the cov-
ariates were not sufficient in the case of Ntabelanga.

Covariates which characterise slope position, slope shape, and water
accumulation are the most important covariates at Cathedral Peak. This
is no surprise as the soils are clearly controlled by landforms in the area.
Apedal soils are correlated most with catchment slope as apedal soils
are found on sloping positions. Both wet and shallow soils are strongly
correlated with TPI as wet soils are in valley positions and shallow soils
are on crest positions. However, the overall importance of catchment
slope was low and TPI importance varied greatly with each realisation.

Covariates which characterise sun angle and amount, elevation, and
slope shape correlate most with the soil associations at Ntabelanga. This
is surprising as no spectral covariates were characterised even in the 10
most important covariates. It was thought that the spectral covariates
would give more insight into the soil distribution, however, this was not
clearly shown in these models. This was also seen by Møller et al.
(2019), who found Landsat 8 bands and vegetative indices had a low
importance. This could be due to the target-based soil assignment on
TMUs which focuses more on topographic relationships. However, high
soil erosion might have induced these results making the spectral

covariates ineffective.

4. Conclusion

A modified DSMART model was developed to test 10 algorithms on
their ability to disaggregate the LTS. The algorithms were compared on
two environmentally contrasting land types in South Africa. The land
types were first stratified with TMUs and these TMUs were used for re-
sampling in DSMART. The algorithms were evaluated on the kappa of
the first most probable class raster and the confusion between the first
and second most probable class raster. The main findings of this study
are:

• Robust linear algorithms such as NSC and MRR, were the top per-
forming models for Cathedral Peak and Ntabelanga, respectively.

• When disaggregating a single land type, complex models do not
improve the results and are less computationally efficient.

• Where there are strong soil-terrain relationships, the method pro-
duced satisfactory results such as at Cathedral Peak.

• Where there are strong soil-geological relationships, the method was
deemed unfit such as in Ntablenga. Alternatively, another input map
could be tried which does not focus on TMUS and relies more
heavily on parent material.

• Grouping soil classes may be necessary when disaggregating soil
maps with no legacy point data.

• Model averaging did not improve the results in the area with strong
soil-geological relationships indicating the need to be supplemented
with geological/lithological information.

• The results achieved, were comparable to other LTS disaggregation
methods such as expert knowledge. However, this method is more
automated making it more cost effective.

This study highlights the versatility the modified DSMART model
brings to disaggregating the LTS. The modified DSMART allows users to
choose the algorithm based on expert knowledge of an area, run many
models to determine the best model, the ability to use model averaging,
and/or optimise algorithm parameters. This methodology has implica-
tions for international datasets such as SOTER which also heavily relies
on terrain to determine the soil distribution and which covers much of
Southern Africa. This should be a priority in further research.
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