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ABSTRACT

In a spatial mapping context, we address in this paper the issue of combining at best soil data coming from legacy
soil surveys with soil information that is indirectly obtained from remote sensing (RS). We show first how spatial
scale issues need to beproperly addressed for soil mapping in order to increase the predictive performances of
spatial prediction models, where the two prediction techniques that are compared here are kriging and random
forests (RF). By relying afterwards on a Bayesian data fusion approach, we then emphasize the benefit of
combining the output of these two prediction models in order to get a single prediction result that leads to an
improved final map.

The advocated methodology is illustrated with the mapping of soil saturation percentage (SP) over a
10,480 km? area located in Iran, were SP is a key soil parameter for sustainable development and land man-
agement. A set of 396 soil profiles were obtained from legacy soil surveys and were used to compute vertically
averaged SP values. In parallel, a set of RS covariates were obtained from a 90 meters resolution Landsat image
and a digital elevation model. Based on the modeling of the spatialdependence both for soil SP data and for RS
covariates, it is shown how the relationship between them is improved by using a filtered kriging technique that
allows us to focus on their long range component only. Using these filtered SP value and RS covariates, pre-
dictions were obtained separately from kriging and from a RF model at the nodes of a 90 meters resolution grid.
Even if the performances of these two models are almost identical with R? values equal to 0.66-0.67, it is shown
afterwards that a Bayesian data fusion procedure that combines both predictions yields improved performance
with a R? value equal to 0.86. These results clearly emphasize the importance of properly addressing scale issues
and the benefit of data fusion inorder to improve the quality of the final map. Though the study was conducted
here for SP values, we believe this methodology and these findings are relevant when it comes to handle other
soil properties in a spatial mapping context that involves several data sources.

1. Introduction

and Heap, 2014; Minasny et al., 2010; Mulder et al., 2011). Numerous
studies have explored the usefulness of RS data with various degrees of

Soils are considered as one of the main factors that need to be ac-
counted for sustainable development and land management.
Accordingly, there are high demands for reliable maps of soil char-
acteristics (Keesstra et al., 2016; Montanarella and Vargas, 2012).
Though traditional soil surveys can still be used alone in some instances
for this goal, remote sensing (RS) technologies proved to be helpful due
to their ability of mapping large geographical areas over a short time
span and at a high spatial resolution, thus reducing the need of tedious
and expensive sampling campaigns and laboratory measurements
(Forkuor et al., 2017). In parallel, Digital Soil Mapping (DSM) offers
new tools for creating such maps from various data sources and various
combinations of spatial interpolation and linear/nonlinear models (Li
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success depending on the soil property of interest (Forkuor et al., 2017;
Mohamed et al., 2017; Mulder et al., 2011; Pinheiro et al., 2017; Yu
et al., 2018).

As a consequence, combined advances in RS and DSM greatly
helped producing maps of various soil properties at an affordable price
for areas where traditional extensive surveys would be seriously im-
paired due to budget or accessibility issues (McBratney et al., 2003).
However, even if RS data have the advantage of exhaustively covering
the spatial area of interest, they do not reach the reliability of results
obtained from direct field sampling and laboratory measurements, and
direct measurements are still the only way to calibrate and validate the
models that are used for predicting soil properties from these RS data.
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Due to time and money limitations, the opportunities of carrying out
new traditional soil surveys are however low (Cambule et al., 2015).
Hence, making the best possible use of sometimes multiple legacy soil
surveys and properly addressing their harmonization is an important
aspect of the problem. Some attention has already been paid to the use
of legacy soil data in DSM without the need of additional expensive and
time consuming field work (Rossiter, 2008; Sulaeman et al., 2013). As
shown by (Odeh et al., 2012), past soil inventories are valuable sources
of information for improving the sustainable management of soil re-
sources. As an example, Gomez et al. (2016) conclude that legacy data
can be useful for correcting soil clay content as predicted from RS data.

Among the numerous soil properties that could be mapped, soil
moisture is a key environmental variable, as it is directly linked to
nutrient accessibility for plants, along with drought environmental is-
sues and more generally food and water security. Information about the
spatial distribution of soil moisture is thus a useful tool for decision
makers, especially in arid and semi-arid environments and regions
(Legates et al., 2011; Zhan et al., 2007). The spatial distribution of soil
moisture can bemodeled from point observations (Kumar et al., 2016),
in combination with auxiliary covariates computed from a Digital Ele-
vation model (DEM) or from RS images. Topographic indicators derived
from DEM’s such as elevation, slope, wetness index, and aspect proved
to be useful (Natsagdorj et al., 2017; Takagi and Lin, 2012). In addition,
satellite-based spectral reflectances in the visible and near-infrared
(VNIR) bands are linked to the water content of soils (Zhan et al.,
2007). Some studies indicate the benefit of combining VNIR, short
wavelength infrared (SWIR) spectral bands (Liu et al., 2003) and land
surface temperature (LST) (Mallick et al., 2009) for estimating soil
moisture. For instance, Li et al. (2016) modeled the distribution of soil
moisture using Landsat images, with an overall correlation coefficient
0.78 between predicted and observed values, while Natsagdorj et al.
(2017) obtained a correlation coefficient of 0.65 bymaking use of a
multivariate regression model based on LST, NDVI, elevation, aspect,
slope and soil moisture index. Based on linear and nonlinear ap-
proaches, Aali et al. (2009) compared the performances of soil SP
prediction using Adaptive Neural-based Fuzzy Inference System
(ANFIS), artificial neural network (ANN) and multiple linear regression
(MLR) models based on auxiliary soil properties (sand, silt, clay, and
organic carbon percentage) with correlation coefficient of 0.59, 0.59,
and 0.58, respectively.

From these previous studies, it is seen that efficiently predicting soil
SP is a difficult task and none of the proposed approaches can be viewed
so far as intrinsically superior to the others. This is of course due to our
partial knowledge about the complex processes acting at the soil level
and various sources of errors in the data (McBratney et al., 2003;
Nelson et al., 2011). For ancillary RS data, notwithstanding that some
of them are just proxies for the variable of interest, various geometric
distortions effects (e.g., systematic error linked sensor displacement and
deterioration, curvature and rotation of the earth, terrain relief, etc.)
have adverse effects and correction procedures for DEM’s and satellite
images are strongly suggested (Temme et al., 2009). On the other side,
even if direct soil measurements are less prone to major errors, they still
remain unavoidable as a result of possibly different sampling and
analytic procedures over time, e.g., various operators, various labora-
tories in charge and various sampling strategies (Nelson et al., 2011).
Additionally, their usefulness for spatial prediction is highly dependent
on the associated sampling density, with decreasing benefit as the
distance between prediction and sampling locations is increasing (Brus
and Heuvelink, 2007; Goovaerts, 1997).

Although our study will not investigate new procedures for reducing
errors in the data, we will however show in this paper that properly
accounting for the spatial dependence structure of these data can
greatly help. We will first show how a techniquelike filtered kriging can
reduce the effect of errors both for soil samples and RS data, thus al-
lowing the user to improved results when modeling the relationship
between soil SP and RS covariates. We will show afterwards that fusing
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maps obtained from distinct models (i.e. filtered kriging from legacy
soil survey on one side and random forest modeling using RS covariates
on the other side) can lead to an improved final map. We will rely on a
Bayesian data fusion approach as advocated by Bogaert and Fasbender
(2007), that proved to be efficient in various contexts (Fasbender et al.,
2008; Gengler and Bogaert, 2016; Mattern et al., 2012; Peeters et al.,
2010). This paper has therefore two main objectives: (i) to show how
legacy soil data can be linked to RS covariates by properly accounting
for the spatial structure of the data and to show how data fusion can
help improve the prediction accuracy by combining a map obtained
from filtered kriging based only on legacy soil data (i.e., using only
neighboring soil data for predicting at unsampled locations) with an-
other map obtained from a calibrated random forest model based only
on RS covariates (i.e., only accounting for covariates sampled at the
prediction locations whatever the spatial dependence of the data).

2. Material and methods
2.1. Study area

The study area is located between 31 45 to 33" 15 N and between
50" 0 to 51 30 E in the border of Isfahan and Chaharmahal-va-
Bakhtiari provinces, in the East Zagros region of Iran (Fig. 1). It covers
an area of 10,480 km? with mean annual temperature ranging from
9.5°C to 12°C and mean annual rainfall ranging from 320 mm to
410 mm. Major parent materials are sedimentary rocks (limestone,
sandstone, shale and marl) and alluvial sediments. Topography is very
diverse, with elevation ranging from 1802m to 3835 ma.s.l. Accord-
ingly, the study area includes different landform types, i.e., mountains,
hills, alluvial gravelly fans, piedmont plains and lowlands. Soils formed
on alluvial gravelly fans and high piedmont plains contain coarse
parent materials and are shallow with coarse soil texture classes. When
moving down toward lowlands containing fine Quaternary limestone
deposits, soils are becoming deeper and heavier with a high clay con-
tent (Mohammadi, 1999).

2.2. Legacy soil data

Based on investigations for identifying historical soil survey data in
the study area, ten legacy soil surveys are available at the 1:50000
scale. After applying rescue and renewal processes (not described here
for the sake of brevity) that were conducted according to the re-
commendations proposed by Rossiter (2008), 396 usable legacy soil
profiles were identified. Fig. 1 shows the location of these soil profiles,
with sampling densities that largely differ over the study area. Though
numerous soil properties are at hand for these profiles at various
depths, this study will only focus on their corresponding Saturation
Percentage (SP) values, where SP is defined as the ratio of the amount
of water added to saturate dry soil samples to the total mass of the fully
dried soil. Direct measurements of saturation percentage were done on
initially dried soil samples that were saturated with deionized water
and then oven dried at 105°C for a period 24 h.

Five standard depths, i.e., 0-5, 5-15, 15-30, 30-60 and 60-150 cm
(Arrouays et al., 2014) where considered and the associated SP values
where vertically averaged based on a weighted spline interpolation
(Malone et al., 2009) using the aqp package in R software (R
Development Core Team, 2017), thus leading to a single SP value for
each profile. As the depth of the soil profiles varies over the study area
and is ranging from less than 50 cm up to 200 cm, we considered that
the relevant part of theprofile for SP related to plant growing is the top
150 cm. For profiles shallower than 150 cm, the SP values is thus
averaged only over the existing standard depths. For profiles deeper
than 150 cm, layers deeper than 150 cm were thus discarded.
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Fig. 1. Location of the study area in Iran, in the neighboring border of Isfahan (top right region of the study area) and Chaharmahal-va-Bakhtiari (down left region of
the study area) provinces. Black dots correspond to the location of the 396 sampled soil profiles coming from the legacy data sets. The two major water bodies in the
study area (Zayandehrud dam in the north and Choghakhor lagoon in the south) are also delineated.

2.3. Remotely sensed data

Four DEM’s where available at a 90 m spatial resolution and cov-
ering various parts of the study area (Jarvis et al., 2008). They were
merged into a single composite DEM which was then projected in
Universal Transverse Mercator (UTM) coordinates. From this composite
DEM and its first and second-order derivatives, six variables were ob-
tained, namely Elevation, Slope, Aspect, Valley depth (Abdel-Kader,
2011), Midslope position (Bohner and Antoni¢, 2009) and Topographic
wetness index (Sorensen et al., 2006). Accordingly, six corresponding
maps of these variables were obtained at a 90 m resolution at the same
nodes than those of the composite DEM. Additionally, all variables were
computed at the coordinates of the 396 legacy soil profiles.

In parallel, four Landsat 8 Operational Land Imager images at 30 m
spatial resolution were available in July 2016. They were stacked to-
gether in order to calculate NDVI (Rouse Jr et al., 1974), Clay index
(Boettinger et al., 2008), Gypsum index (Nield et al., 2007), Carbonate
index (Boettinger et al., 2008), and Soil moisture index (Dupigny-
Giroux and Lewis, 1999). These maps were then resampled at a 90 m
resolution and projected to the same coordinate system (WGS 1984,
UTM 39N) for the DEM and its derived variables. Additionally, all va-
lues of these indices were also extracted at the coordinates of the 396
legacy soil profiles by overlying the soil profiles over the image and by
extracting the values of covariates in the corresponding pixels.

2.4. Filtered kriging

When it comes to mapping soil properties from a finite subset of
sampled locations irregularly located over space, kriging techniques are
standard approaches that are routinely used as a part of the DSM
methods. The spatial dependence of any spatial random variable can be
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first estimated from the data and modelled afterwards by relying on a
covariance function C(h) or semivariogram y(h), where h = x — x is
the distance vector separating two arbitrary locations x and x'. This in
turn allows us to obtain the best linear unbiased predictor (BLUP) of
this variable at any arbitrary location x,, with Z(xo) = A'Z, where
A = (A, ...,An) is the vector of weights associated with the vector of
values Z = (Z(xy), ...,Z(x,)) that are in the neighbourhood of the
prediction location x,. These weights are the solution of a linear system
of equations that guarantees ZP(x,) is the linear predictor that mini-
mizes the variance of the prediction error Var[Z(x,) — ZP(xo)] subject
to the unbiasedness condition E[Z(x,) — Z(xo)] = 0. From classical
statistical theory, this predictor is nothing else that the conditional
expectation E[Z(x,)|Z] if one assumes the hypothesis of a joint
Gaussian distribution for (Z(x),Z).

Although this is a standard way of mapping a spatial variable from
non-gridded samples, one might want to predict only part of the
variability of this variable by filtering out some of its spatial compo-
nents. Let us consider that our variable can be decomposed as
Z(x) =Z;(X) + Z,(x) €))]
where Zy(x) is referring to short scale components (this including a
possible nugget effect) while Z,(x) is referring to large scale compo-
nents (this including the mean E[Z(x)], so that E[Zy(x)] = 0). We can
additionally assume that Zy(x) L Z,(x) so that Cz(h) = Cz(h) + Cz(h). A
linear predictor of the long range components only with Z£(x,) = A'Z,
where now A refers to a new set of weights ensuring that Var
[Zy(x0) — ZF(x0)] is minimized, is then given by
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Var(Ze (o) — 2P (xo)] = Var{(l - ,1')(26(27‘0))]
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where azlz is the variance of Z,(x,), Xz is the covariance matrix of Z and
o is the vector of covariances between Z,(xo) and Z. Similarly to or-
dinary kriging, minimizing Eq. (2) by assuming a constant but unknown
mean leads to the linear system of equations

(¥ o)) =)

Y o)\n) \1 3)
where 1 = (1, ...,1) and 0 are the unit vector and the null matrix of
appropriate sizes, respectively. By comparison with ordinary kriging
used for predicting Z(xp), the right-hand side of Eq. (3) now only ac-
counts for the covariances Cov[Z,(xo),Z(x)] (i = 1, ..., n) through the
vector 0. According to the independence hypothesis Zy(x) L Z,(x), we
have however Cov[Z)(xc),Z(x)] = Cov[Z)(xo),Z,(x;)] so that these
covariances correspond to the values of the covariance function Cz(h)
where h = xy — x;. As long as Cz(h) is modelled by adding models for
Cz(h) and Cz(h), Eq. (3) allows us to directly predict the long range
component only by filtering out the measurement errors, nugget effect
and short scale components.

Filtered kriging has proved to be a valuable tool for dampening
either the effect of measurement errors or positioning errors for the
sampled locations (Christensen, 2011; Grohmann and Steiner, 2008;
Hamzehpour and Bogaert, 2017). As an example, Bourennane et al.
(2017) found that filtering nugget effect and short scales spatial com-
ponents of auxiliary data may enhance their correlation with the target
variable. Their results also implied an improvement of the prediction
precision using spatially filtered covariates instead of raw covariates.
Indeed, we will show in this paper how using filtered SP values instead
or raw SP values as coming directly from the samples helps improve the
relationship with DEM and RS covariates.

From now on, we will refer to these fSP values as if they were the
observable values of the long range component, though they are ob-
tained from filtered kriging here. Only these fSP values will be used in
all subsequent computations and comparisons. One could argue that
these fSP values are not the true values of the long range component,
but these true values will never be at hand, unfortunately. We do
however have the guarantee that these fSP values are predicted at best
thanks to the properties of filtered kriging, i.e., they are the best line-
arly predicted values of the long range component in the mean square
sense.

2.5. Random forest regression

Random Forests (RF) belongs to the set of machine learning algo-
rithms and is used to model the relationship between a target variable
and various possible covariates. RF’s rely on the idea of building a
multitude of decision trees based on a training data set in order to get
the mode (in a classification framework) or the mean prediction (in a
regression framework) of these individual trees. RF’s are considered as
a way to correct for decision trees tendency of overfitting to their
training set. As proposed by Breiman (2001), their goal is thus to reduce
the variance of the predictions by accounting for the results obtained
from numerous deep decision trees that are trained on different parts of
the same training set.

In RF’s, many unpruned and independent trees are grown, instead of
just one tree for a traditional decision tree model. A bootstrap sample
function is used to randomly split the dataset into homogeneous subsets
with respect to the target variable. A random subset of the samples is
thus used to grow and train each tree while the remaining part (the so-
called out-of-bag sample) is used to validate the tree and to estimate the
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model accuracy. The performance of the RF model is estimated from the
MSE for the out-of-bag (OOB) samples, with

N
1 ~ ~
MSEoop = N E (Ze,i = Zei,008)*

i=1

@

where N is the number of observations, Zg,i is the average prediction of
Z, over all decision trees for the ith observation and 2€,i,OOB is the
average of all out-of-bag predictions.

An interesting property of RF’s is their ability to assess the im-
portance of the variables that are used as input for the decision trees by
alternatively building decision trees with and without each variable and
assessing their impact from MSE and node purity. The RF algorithm
estimates the importance of a variable by looking at how much the
prediction error increases when OOB data for that variable are per-
muted while all others are left unchanged. The necessary calculations
are carried out tree bytree as the random forest is built (Breiman,
2001). In regression random forest, the node purity is measured by the
residual sum of squares. OOB samples are thus needed to estimate the
performance of the model as well as to select the best input variables.

Thanks to the random bootstrap sampling and random subset se-
lection of variables at nodes, the correlation between decision trees
decreases and consequently the accuracy of the RF model increases
(Gislason et al., 2006). It is considered that RF’s correct for the inherent
overfitting that adversely affects decision trees as well as many other
machine learning techniques like support vector machines and neural
networks. Compared to linear regression, RF’s require no assumption
about the probability distribution of the target variable and are con-
sidered as robust both with respect to non-linearity and overfitting
(Statnikov et al., 2008). Furthermore, fast computations, high accuracy
predictions along with their ability to handle a very large number of
covariates place them among the most accurate available machine
learning algorithms. The number of trees that need to be build in the
forest (n...) and the number of input variables used to grow each single
tree (my,) are the main parameters that need to be set by the user for
building the RF regression model.

When using RF regression in our spatial context, it provides a
nonlinear estimate of the conditional expectation E[Z,(x,)| Yol at any
prediction location x, where the set of k covariates
Yo = (Y1(xo), ..., Yi(xo)) is at hand. In the context of spatially pre-
dicting soil properties, the high accuracy of RF models has been em-
phasized in various studies (Blanco et al., 2018; Forkuor et al., 2017;
Yang et al., 2016). Accordingly, a RF regression (Liaw and Wiener,
2002) was used to explore the relation between SP values and various
covariates as derived from the DEM and RS data. A 10-fold cross-vali-
dation (Jung and Hu, 2015) was used to find the optimal parameters
Tyree and myr,. The model was trained on a subset of 296 values (about
75% of the whole data) that were randomly selected from the fSP va-
lues. The model performance was evaluated based on R? values com-
puted from theremaining 100 fSP values that were used as test data,
were R? is the squared estimated correlation coefficient between these
one hundred Z,(x;) values and their corresponding predictions as given
by E[Z[(xl)| mathbin] .

2.6. Bayesian data fusion

Data fusion is a generic term that encompasses various methods and
approaches sharing the same goal of combining various and possibly
conflicting sources of information in order to obtain a single and har-
monized final result. Data fusion is covering a wide variety of possible
application fields (Castanedo, 2013; Haghighat et al., 2016). Clearly,
any type of parameter estimation involving multiple information
sources can benefit from data fusion methods and soil properties are no
exception. Numerous studies have highlighted the values of data fusion
for mapping soil characteristics (Grunwald et al., 2015; Lu and Han,
2017). We will focus here more specifically on a classical approach
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related to Bayesian decision theory (Fassinut-Mombot and Choquel,
2004). Bayesian data fusion (BDF) belongs to the set of high-level fusion
methods (Castanedo, 2013; Das, 2008) that proved to be helpful in
environmental studies (Gengler and Bogaert, 2016; Mattern et al.,
2012) and soil sciences (Brus et al., 2008; Notarnicola and Posa, 2002).
Although the method as originally advocated by Bogaert and Fasbender
(2007) combines data fusion and geostatistical concepts in a very
general way, we will only present here a simplified version ofit that is
restricted to the fusion of two collocated information sources and that
reverts to the use of a naive Bayes fusion rule in that case.

Focusing on this simplest possible case, let us consider that Z,
F(xo) = E[Zy(x0)|I,] and Z, 1P(x0) = E[Zy(x0)|I5] are two predictors at
hand for the same random variable Z,(x,) at a same location x, (i.e., the
long range component of SP in our study), where I, and I, are the
corresponding information from which the conditional expectations
have been obtained, with associated distributions f(z,(x0)|I,) and f
(2s(x0)|I). What is sought for is the conditional distribution f
(2o(x0)| I, Ip) that relies on the joint use of both information sources.
From Bayes theorem, one can write that

f@e o) 11a,1p) o f (o> Iy 1 20 (%0))f (2o (%0)) (5)

Assuming that I, LI | 2,(xo), i.e. the two information sources are
independent conditionally to the true but unknown value 2,(x,), and
applying again the Bayes theorem, one thus obtains the result

f@e(x0) 1 I, 1) o f (I 1 2¢ (60))f (I | 2 (X0))f (z¢ (X0))
« S @e(x0) 1 I)f (ze(x0) | I)
f (@ (x0)) (6)

that corresponds to the so-called naive Bases fusion rule, where f(z,(x())
plays the role of the prior distribution when no information is at hand.
Although no distribution hypotheses are required in general, one can
show that if both conditional distributions f(z,(xo)|I,) and f(z,(x0)|Is)
are Gaussian, their product is Gaussian too. Based on the same general
result, it can also be shown that assuming additionally a Gaussian hy-
pothesis for the prior distribution f(z,(x,)), the fused distribution f
(2o(x0)| I, Ip) is then also Gaussian.

Despite its apparent simplicity and the use of a conditional in-
dependence hypothesis which is most of the time difficult to assess, the
naive Bayes fusion rule proved to be robust (Zhang, 2004) and is widely
used in the field of machine learning (Witten et al., 2016).

3. Results and discussion
3.1. Summary statistics

The spatial distribution of the 396 vertically-averaged SP values are
shown in Fig. 2a. Lowest and highest SP values are respectively equal to
23% and 63%. The corresponding histogram shows that SP values are in
good agreementwith the assumption of a Gaussian distribution
(Fig. 2b), with estimated mean and standard deviation equal to 43.4%
and 6.84%, respectively. A low coefficient of variation of 16% also
indicates a moderate spatial variation of SP values over the area, with
highest SP values that are mainly encountered in plains and lowlands.

3.2. Spatial statistics

To the opposite of SP values that are only at hand at 396 locations,
the 11 covariates that were obtained both from the DEM (6 of them) or
from the RS images (5 of them) are all available over the whole study
area at a spatial resolution of 90 m. As an illustration, the maps for
Elevation, Midslope position, Valley depth (all computed from the
DEM) and for Carbonate index (as computed from RS images) are
presented in Fig. 3.

The variogram analysis conducted for SP shows that about 50% of
the total variability can be associated with a long range spatial
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component. Due to the spacing between soil profiles and the lack of
repeated measurements at the same locations, it is however impossible
to separately identify the parts of the short scale components that are
either associated with measurement errors, nugget effect and possibly
real short scale effects (i.e. spatial effects acting at distances lower than
about two kilometers in our case). Accordingly, the variogram for SP
values was modeled using a combination of nugget effect and ex-
ponential models, with

Ysp (h) = oz, Nug(||hll) + oZ,Exp(llhll; rz,) )

with short and long scale variances ozxz and UZEZ equal to 27 %2 and 30
%2, respectively, and with a long scale range rz, equals to 50 km (i.e. the
Euclidean distance ||h|| needed for reaching 95% of the o> value).

For all DEM and RS covariates, thanks to the 90 m resolution of the
grid and the 1,267,420 corresponding values, the variogram analysis
allows us to get reliable information at much lower distances. As seen
from Fig. 4b to e, the spatial characteristics are widely varying from one
covariate to another. While a covariate like Carbonate Index (rCal)
exhibits a behaviour quite similar to SP, other covariates are including
various scale effects in different proportions. Focusing on rCal only,
Fig. 4b shows that it can be modeled as the sum of two exponential
models associated with ranges that differ by more than one order of
magnitude, with

Year (M) = o Exp(lIll; 1y;) + o, Exp (IIRll; 1y,) ®

with short scale and long scale variances Uysz and UYEZ equal to 0.01 and
0.007, respectively, and with short and long scale ranges ry and ry,
equals to 2.5km and 50 km, respectively.

From the first line of Table 1, it can be seen that the correlation
between raw SP values (rSP) and the aforementioned covariates are
rather moderate (discarding at this stage the results referring to filtered
SP and filtered Carbonate Index that will be explained later on), with
the highest observed correlations equal to —0.30 for rCal and 0.32 for
Valley depth (Val). All other covariates that were not presented here (7
of them) exhibit correlations with rSP that are lower than 0.1 in ab-
solute value. The negative relationship between SP and Carbonate
index is corroborating the relationship between reflectance in the red
bands and soil moisture content, as in Zhan et al. (2007).

From the limited number of SP samples, it is clear that one cannot
decide if the variance UZSZ is really corresponding to a pure nugget effect
(as modeled here in Eq. (7)) or is rather associated with a possible short
scale component that cannot be captured in the analysis due to the
distances between samples. From the correlation between rSP and rCal
and the fact that rCal is clearly including such a short scale component
with no nugget effect (Fig. 4b), one can indeed suspect that a short scale
component is a possibility for rSP too. On the other side, our ability to
map SP from spatial interpolation techniques is restricted to the spa-
tially correlated part of the variability, thus excluding the prediction of
thenugget effect component. In order to investigate these aspects, it is
suggested to proceed with a filtering step, both with the aim of focusing
only on the useful part of variability when it comes to mapping SP
values and in order to see how filtered values can improve our ability to
relate SP with other covariates. Indeed, (i) as we are interested in a
mapping at a large scale (so that short scale variations are not of real
interest for this map), (ii) as we expect a nugget effect along with
measurement and positioning errors, (iii) as even if there is a real short
scale component, we cannot assess its importance and it will add to the
true nugget effect at the modeling stage, this justifies the fact that only
the long-range component is useful for practical purposes here.

3.3. Filtered kriging

Based on filtered kriging (Eq. (3)) and the variogram model for SP
(Eq. (7)), it is possible to split rSP values as in Eq. (1) at the 396 lo-
cations in order to get estimates for Z,(x) only. The corresponding
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Fig. 2. Profile-averaged values of Saturation Percentage (SP) for the 396 legacy soil profiles over the study area (a). As seen from (b), SP values are Gaussian
distributed, with estimated mean and standard deviation equal to 43.4% and 6.84%, respectively.

values in Fig. 5a now only retains the part of the variability related to
the long range component, as seen from a comparison with Fig. 2a.
From the comparison between the first and second lines in Table 1, it
can be seen that all correlations between these filtered SP values (fSP)
and the other covariates have been increased, with correlations now
equal to —0.47 and 0.45 for rCal and Val. For covariates that did not
include short scale components, these increased correlations is an ex-
pected result as fSP values are now related to more similar spatial scales
with these covariates. For rCal, the reason is less obvious, but one might
suspect that only the long range components of rSP and rCal are clearly
related, while their corresponding short scale components are not. In
order to confirm this hypothesis, the same filtering procedure was ap-
plied for rCal by retaining only the long range component both at the
nodes of the 90 meters resolution grid and at the 396 locations that
were sampled for SP. The filtered values for Carbonate index (fCal) are
presented in Fig. 5b, which is to be compared to the initial rCal values
as presented in Fig. 3a. From Table 1, one can see that the correlation
between fCal and fSP is now equal to —0.62, i.e. twice the correlation
that was initially observed between rSP values rCal. The correlations
between fCal and the other covariates are slightly improved as well.

The previous analyses confirm that scale effects can play adverse
effects when one tries to relate spatial variables together. From the raw
values of SP and other covariates, one can only observe weak global
correlations due to the fact that these variables may be related differ-
ently at distinct spatial scales. Focusing on more comparable spatial
scales allows us to improve the correlations with (and thus the useful-
ness of) these covariates. A procedure like filtered kriging thus helps us
to reach two objectives. The first one is to map the relevant part of the
spatial variability for SP by removing nuisance effects like possible
measurement and positioning errors (see (Hamzehpour and Bogaert,
2017) for a thoroughful discussion about these aspects)that are likely to
appear when processing legacy data. This allows us to obtain a map of
fSP values over the whole area, as presented in Fig. 8a. The second
objective is to enhance the relationship with other covariates that can in
turn be used in alternate spatial regression models for predicting SP.
The next section will address specifically this last issue.
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3.4. Random forest regression

As RF regression aims at predicting at best SP values based on the
set of eleven covariates as obtained from DEM and RS images, it is thus
of some concern here to identify the best subset of these covariates to be
used in order to achieve the highest possible predictive power for the
model. This step is also referred to as feature subset selection in ma-
chine learning literature (Kuhn, 2011; Kuhn and Johnson, 2013). In a
DSM context, the importance of feature selection has been acknowl-
edged by Blanco et al. (2018), Liel? et al. (2016), Xiong et al. (2014),
among others. Though numerous algorithms are possible for this task
(Forkuor et al., 2017; Lief et al., 2016; Taghizadeh-Mehrjardi et al.,
2015; Xiong et al., 2014), only stepwise regression, Elastic net regres-
sion (Friedman et al., 2016) and the Boruta method (Kursa et al., 2010;
Kursa and Rudnicki, 2010) have been considered and compared here.
To the best of our knowledge, Elastic net has not been used yet for DSM,
while Boruta has been rarely used although its ability to select the best
features has been shown by Liel et al. (2014).

Table 2 summarizes the results for the covariates selection, where
for each selection algorithm the covariates are vertically sorted in
descending order of importance in the corresponding RF model. In
order to emphasize the effect of focusing on filtered SP values, the re-
sults are also presented both for rSP and for their filtered counterpart
(fSP) as obtained from the filtered kriging procedure in Section 3. For
all feature subset selection algorithms, the 396 legacy soil profiles were
randomly split into a training set (296 profiles) and a test set, with the
RF model fitted on the training set only. The whole procedure was re-
peated 20 times so that the R? values presented in Table 2 are the
averagedR? values over these twenty runs. For each RF model, 500 trees
(ngree = 500) where built and 2 randomly selected predictors (my,, = 2)
where considered each time.

As seen from a comparison between algorithms, Boruta selection
outperforms both stepwise and Elastic net selections by using a lower
number of covariates into the RF modelling while leading to higher
performance. The selected covariates from Boruta (namely fCal, El, Val
and MidS in descending order of importance) are those already pre-
sented in Fig. 3 and in Fig. 5b. Clearly, the ability of predicting rSP
values is very limited whatever the algorithm which is used, while
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Fig. 3. Maps of the four covariates that are used in the Random Forest model for predicting SP values over the study area, with (a) Carbonate index, (b) Elevation, (c)
Midslope position and (d) Valley depth. White areas that are identical on all mapscorrespond to the main water bodies.

performances are increased when focusing on fSP and when using fCal
instead of rCal. Out of the four variables selected by Boruta, three of
them are related to surface topography while a single one (fCal) is re-
lated to the reflectance of the soil surface. Itcan be concluded that the
spatial distribution of SP values can be jointly explained in part by
spectral properties and topographic features, as supported by other
studies (McBratney et al., 2003; Natsagdorj et al., 2017; Takagi and Lin,
2012). The global average performance of the corresponding RF models
for fSP is however still moderate, with a R? equal to 0.61. One can also
note the discrepancies between R? values obtained for the training set
and for the test set, suggesting thatoverfitting still remains an issue
here, with average R? values that are all close to 0.9 for the training set,
whatever the selection algorithm.

Based on the four selected variables from the Boruta algorithm, the
RF regression model that yielded the best performance out of the
twenty runs was finally selected, with R* equal to 0.67 for the 100 lo-
cations of the corresponding test set. This result is consistent with the
R?*=0.65 as reported by Natsagdorj et al. (2017) while fitting a multiple
linear regression model to predict soil moisture based on a combination
of topographic and spectral covariates.

3.5. Bayesian data fusion
At this stage, we now have at hand two spatial predictors for the

long range component Z(x,) for SP over the study area. The first one,
say Z, J(xo) = E[Z)(x0)|I,], corresponds to the filtered kriging
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predictor applied at the nodes of the same grid, where I, = Z is the
information conveyed by neighbouring locations where rSP values are
at hand. The second one, say Z;, ;7(xo) = E[Zy(x0)|I5], correspondsto the
RF predictor applied at the nodes of the 90 m resolution grid as pre-
sented in Section 4, where I, = Y, is referring to the information con-
veyed by the four selected covariates at the same locations. Both pre-
dictors thus lead to distinct maps of the long range component for SP, as
seen from Fig. 8a and b. Using the BDF framework as presented in
Section 6, the idea is now to conciliate both maps in order to obtain a
better single map of the estimate E[Z;(xo)| I, Ip], i.e. the expectation of
the fused distribution f(z,(xo)|I,,Ip) as obtained from Eq. (6), that ac-
counts for the varying quality of both predictors depending on the lo-
cation x,.

For the prior distribution f(z,(x,)), we will consider it as Gaussian
with mean equal to 43% (i.e. the mean of the fSP values at the 396
locations) and standard deviation equal to oz, = 5.48% (i.e. the square
root of the variance aziz for the long-range component in Eq. (7)). For
the RF regression model, we will consider a Gaussian distribution too
with a standard deviation equal to 2.29%, as estimated from the errors
of the prediction at the 100 randomly selected locations that were used
for validating the selected model (see Fig. 6b). While the prior dis-
tribution is the same for all possible locations xo, the mean of the RF
distribution f(z,(x0)|I,) differs from place to place, with however the
same standard deviation for all xo. Finally, for the distribution f
(24(x0)|Ip) of the filtered kriging predictor, both its mean and its stan-
dard deviation depend on the prediction location.
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Table 1

Correlation between SP values and selected covariates (rSP: raw SP, fSP: filtered
SP, rCal: raw carbonate index, fCal: filtered carbonate index, El: elevation,
MidS: midslope position, Val: valley depth).

Variable rSP fSP rCal fCal El MidS Val
1SP 1 0.77 -0.30 -0.38 -0.11 0.22 0.32
fSP 1 —0.47 —0.62 -0.18 0.26 0.45
rCal 1 0.39 0.01 -0.18 -0.29
fCal 1 -0.10 -0.20 -0.37
El 1 -0.19 —0.30
MidS 1 0.50
Val 1

In order to illustrate the way BDF works four our data, Fig. 7 il-
lustrates few situations that can be encountered (out of the 100 ran-
domly selected locations considered in Fig. 6). For each of these si-
tuations, one needs to consider two things. The first one is related to the
information conveyed by I, and I,, as measured by how much the dis-
tributions f(2,(xo)| I,) and f(z,(x0)| L) differ from the prior distribution f
(zo(mathbfx,). The second thing is the agreement between the two dis-
tributions f(z,(x0)|I,) and f(z,(xo)| L), that are obtained from distinct
information I, and I;,.

Typically, Fig. 7a corresponds to the case where the prediction lo-
cation is far away from any sampled location for SP, so that the filtered
kriging predictor is close to the prior distribution with f(2,(xo)|,) =~ f
(24(x0) and thus I, does not convey much information. As a result, from
Eq. (6), the fused distribution is close to the RF distribution f(z,(x0)|I5)
at that location, where I, is the only valuable information at hand.

In Fig. 7b, both I, and I, are informative (i.e. f(z,(x0)|I,) and f
(24(x0)|Ip) differ from the prior f(z,(x,)) and they are also similar to
each other. As a consequence, the fused distribution leads to a lowered
uncertainty about the predicted value (i.e. a lower variance) while
having same expectation as for f(z,(xo)|I,) and f(z,(xo)|Iy). Stated
otherwise, the predictedvalue from the fused distribution is the same
than for filtered kriging and RF, but with a lowered prediction variance.

In contrary, Fig. 7c corresponds to filtered kriging and RF predictors
that disagree (their distributions are different) but are both informative
(their distributions both differ from the prior one). As a consequence,
the fused distribution is a compromise between both predictors, with an
expectation in between those for f(z,(xo)|I,) and f(z,(xo)| Ip). It is worth

Geoderma 344 (2019) 50-62

Table 2
Results of various feature selection algorithms for prediction SP values (CI: clay
index, GI: gypsum index, Sl: slope. Refer to Table 1 for the other abbreviations).

Algorithm Stepwise Elastic net Boruta

Selected covariates rSP fSP rSP fSp rSP fSP
CI fCal GI fCal Val fCal
rCal CI CI GI El El
GI GI rCal CI rCal Val
Val Val Val Val MidS MidS
Sl Sl MidS MidS

R? Training 0.90 0.89 0.90 0.91 0.93 0.92

Test 0.28 0.36 0.30 0.48 0.36 0.61

noting however that the expectation of the fused distribution is not
merely an average of the expectations for f(z,(xo)|I,) and f(z,(xo)| Ip)-
Indeed, the result of the fusion also depends on the position of these
distributions with respect to the prior. This is illustrated in Fig. 7d,
where the expectation of the fused distribution is higher that those of
each predictor. This is a logical consequence of the fact that both pre-
dictors are in agreement and are informative. As a consequence, the
fused distribution emphasizes thefact that SP values should definitively
be high, thus leading to an expectation that is higher than for each
predictor.

In order to illustrate the performance of BDF for our data set, Fig. 6a
and b present the result of the prediction at the same 100 locations for
the RF predictor and for a cross-validation of the filtered kriging pre-
dictor, leadingto very similar R* values so that both predictors have
comparable average performances. As seen from Fig. 6¢, using BDF
leads to improved predictions, with a R> = 0.86, i.e. an average gain of
20% by comparison with each predictor considered separately. From
Fig. 8c, it can be seen that the final fused map is merging the features of
the RF and filtered kriging maps, according to the naive Bayes rule as
illustrated in Fig. 7. From the results in Fig. 6, there is a also strong
evidence that this fused map is globally a better picture of the true long
range component for SP values than the maps obtained either from RF
regression or from filtered kriging alone.

4. Conclusions

When addressing the issue of mapping soil properties in the best

(b)

Fig. 5. Spatially filtered values for (a) SP from the 396 legacy soil profiles and (b) Carbonate index from RS images, with an estimated negative correlation of —0.62

between filtered values for these two variables.

58



Z. Rasaei and P. Bogaert

(@)

Geoderma 344 (2019) 50-62

(b)

L L (.
50 ) . e 50 ) N e
r-=0.66 e r-=0.67
48 ° L] . . 48 +
° * . . ]
®e o o, D . .
" . .
46 . * . ° 46 o /000
. ° . * ° * *
% ° ® \:.. .o ° % o'. L[] :. [
- 44r o o8.°, . S 44+ T TR .
Qo * Ll b ° o XY * \TH o %, °
8 S . 8 ¢ s Y °? .
= ® o0 . = .
- 427 . . ° : S 42r . o...
1) M . . L b « ° A
S * . . S . ° e,
° . ° °
D40+ . D40+ o« e o
o o ® o
L4 °
38 ° 38
L4 .
36 36
34r 34r
. . . . . . . . . . . . . . . . . .
34 36 38 40 42 44 46 48 50 34 36 38 40 42 44 46 48 50
Observed filtered SP Observed filtered SP
®
L]
50
2 L[]
r-=0.86
48t % .
L]
L]
o
46 . .
S ee B°
o 4
n ¢ o* * o.. o °
° 44 r .o
(3
o A Y ]
2 LT
= '/ L Y
s 42 * . ®e o
E ° L4
: .
© a0t e
o R .
L]
38 - . Ly
L]
L]
36
34+
. . . . . . . .
34 36 38 40 42 44 46 48 50

Observed filtered SP

Fig. 6. Cross-validation results for SP prediction at the 100 locations selected for validating the selected Random Forest (RF) model. Parts (a) and (b) refer to the
results for filtered kriging and random forest regression, respectively. Part (c) refers to the results for the Bayesian data fusion at the same 100 locations.

possible way, it is common that several sources of information are at
hand for this goal. In this paper, we focused on the prediction of SP
values over an area of 10,480 km? locatedin Iran by combining legacy
soil profiles coming from various surveys and more recent remotely
sensed images. We have shown that properly accounting for the spatial
scales at which the process is acting is an important aspect. We also
emphasized the benefit of fusing maps obtained from these distinct
information sources in order to obtain a single and better final product.
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With respect to the spatial scale, we emphasized that trying to di-
rectly relate SP values with covariates (using a RF regression model
here) can lead to disappointing results, with R? ranging here from 0.28
to 0.36 depending on the covariates selection algorithm, so that the
benefit of using such a model for predicting SP values would be quite
limited. However, it was also shown that the relationship between SP
and covariates is scale-dependent. Indeed, based on a filtered kriging
approach that aimat accounting only for the long range variability of SP
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of each prediction.

and Carbonate index values, the performances of our model was largely
increased, with R? ranging from 0.36 to 0.61 depending again on the
covariates selection algorithm. We thus found that while performance
of regression-like models can be disappointing at a first sight, this issue
might disappear when one is focusing on the appropriate range for the
spatial variability. In our case, this increase of performances when
dealing with spatiallyfiltered values is also an expected result if one
considers that the various errors and uncertainties that can impact our
data are mainly acting at short spatial scales (i.e., measurement errors,
positioning errors, along with the effect of mixing point-based soil
profiles with pixel-based covariates), so that there is little point in in-
corporating them into the prediction process itself.

With respect to data fusion, we emphasized the benefit of the BDF
approach that aims at merging the output of the filtered kriging method
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using legacy soil profiles on one side and a RF regression model built
from our selected covariates on the other side. While the performances
for filtered kriging and RF regression where quite similar (with
R?>=0.66 and 0.67, respectively), the final fused map is improved (with
R?=0.86), thanks to the property of the naive Bayes fusion rule that
properly accounts for the information content conveyed at each loca-
tion by each prediction method, where this information content differs
from one location to another one.

Although the importance of the spatial scales and the benefit of data
fusion have been emphasized here for the specific case of SP mapping, it
is clear that these main general results are potentially relevant for any
other soil property that needs to bemapped from various data sources
and using possibly different methods than ours. We thus expect these
findings to be beneficial for the soil science community in general.
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Fig. 8. Maps of the predicted values for filtered SP over the study area, with (a) predictions from filtered kriging, (b) predictions from random forest regression, and

(c) Bayesian data fusion of the two previous maps.
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