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a b s t r a c t
This paper presents a two-stage maximum likelihood framework
to deal with measurement errors in digital soil mapping (DSM)
when using a machine learning (ML) model. The framework is
implemented with random forest and projection pursuit regression to illustrate two different areas of machine learning, i.e. ensemble learning with trees and feature-learning. In our proposed
framework, a measurement error variance (MEV) is incorporated
as a weight in the log-likelihood function so that measurements
with a larger MEV receive less weight when a ML model is
calibrated. We evaluate the performance of the error-filtered
ML models with an error-filtered regression kriging model, in a
comprehensive simulation study and in a real-world case study
of Namibian data. From the results we show that prediction
accuracy can be increased by using our proposed framework,
especially when the MEVs are large and heterogeneous.
© 2021 The Author(s). Published by Elsevier B.V. This is an open
access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction
Soil maps contain vital information for fields such as ecology and agronomy and can be
produced with statistical models in digital soil mapping (DSM) (McBratney et al., 2003; Goovaerts,
∗ Corresponding author at: Department of Genetics, Stellenbosch University, Stellenbosch 7600, South Africa.
E-mail address: stephanvdw@sun.ac.za (S. van der Westhuizen).
https://doi.org/10.1016/j.spasta.2021.100572
2211-6753/© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

S. van der Westhuizen, G.B.M. Heuvelink, D.P. Hofmeyr et al.

Spatial Statistics 47 (2022) 100572

1999). Nelson et al. (2011) address four sources of error in the DSM error budget. These are: (1)
Model error, which refers to covariates that do not fully explain the variation in the target quantity
and error in the estimation of the model parameters; (2) Measurement error, the difference between
the actual and recorded value of a soil property; (3) Positional (location) error, uncertainty about the
locations of the soil samples and; (4) Covariate error, which represents errors in the environmental
covariates. With the latter two less pronounced (Nelson et al., 2011), it is becoming clearer that as
model error is in decline, due to more covariate data that are available and due to more complex
models that are used, taking measurement errors into account will play an increasingly important
role in the future of DSM.
It is often the case that models in DSM ignore measurement errors. This is important to note,
because the degree of measurement errors in soil properties is also increasing. We see this for
example when soil samples are obtained with low-cost techniques such as infrared spectroscopy
instead of more expensive but also more accurate wet chemistry techniques (Nocita et al., 2015).
Soil information is also more frequently obtained from citizen science (Rossiter et al., 2015), and
these data are expected to be less accurate, because they mostly come from non-domain experts.
Therefore, with a growing demand for more detailed soil maps which require higher sampling
densities, the need to account for measurement errors is further amplified.
When we have measurement error-contaminated soil observations we would like to take the
measurement errors into account and make predictions that reflect the underlying error-free
process of interest. This can be achieved, in principle, when the measurement errors have mean
zero and their measurement error variance (MEV) is known, in that, we can attach more weight
to observations with lower MEVs compared to observations with larger MEVs. In the geostatistical
literature, Delhomme (1978) was the first to introduce such an approach with a kriging method,
which essentially adds the MEVs to the diagonal of the variance–covariance matrix of the kriging
system. A similar approach was developed by Cressie (1993), called measurement error-filtered
kriging, or simply filtered kriging (FK), which incorporates the MEVs directly in the variogram of
the kriging system. Christensen (2011) also developed heterogeneous filtered kriging (HFK) for
situations when the MEVs is not constant across sampling locations. Somarathna et al. (2018)
proposed an approach by including the MEVs in the covariance structure of the random effect
of a linear mixed model. In hydrology, similar approaches were developed by De Marsily (1986)
and Mazzetti and Todini (2009) called kriging with external drift for uncertain data, or KEDUD.
Machine learning (ML) models have gained tremendous traction in DSM in the last two decades,
and there are many examples of publications where ML is utilised in DSM (see Wadoux et al., 2020
for an overview of various ML models that have been implemented in DSM). The reasons for an
increased utilisation of ML models in DSM is because ML models are data-driven, i.e. they are not
as dependent on assumptions as traditional statistical models, and they can be easily implemented
with diverse and large data sets.
Accounting for measurement errors in the response in statistical models is a well-established
domain (Buonaccorsi, 2010; Schennach, 2016). In the DSM literature, however, little work has been
done on the incorporation of measurement errors into ML models (Wadoux et al., 2020). At the
time of writing this paper, and to the best of our knowledge, we found only two examples of
accounting for measurement errors with ML in DSM. In Wadoux et al. (2019) and Hengl et al.
(2018) the authors used weights to account for measurement errors. Wadoux et al. (2019) calculated
weights as a function of the variance of the measurements predicted from an infrared spectroscopy
model relative to the variance of the measurements used to calibrate the spectroscopy model. These
weights were then used in a loss function which the authors used to calibrate a convolutional
neural network. In Hengl et al. (2018) the authors used weights, calculated as the inverse of the
measurement error standard deviations, in a random forest (RF) model to account for measurement
errors.
In this paper we expand on the idea of using weights to account for measurement errors
associated with the soil property of interest, by using a maximum likelihood approach (Buonaccorsi,
2010). We present a two-stage maximum likelihood framework, called measurement error-filtered
ML, that aims to filter out measurement errors through the incorporation of, assumed known, MEVs
into weights for a given ML model (Buonaccorsi, 2010). In this likelihood framework the optimal
2
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weights are well defined, but require knowledge of the residual variance of the measurement errorfree model. In Section 3.3 we describe the two-stage approach which allows us to appropriately
estimate these optimal weights. We illustrate our proposed framework with RF (Breiman, 2001)
and projection pursuit regression (PPR) (Friedman and Stuetzle, 1981) models. These models were
deliberately chosen to not only fit into our framework, but also to represent two completely
different areas of ML for the purpose of regression, i.e. RF as ensemble learning with trees, and
PPR as a feature-learning approach (similar to a simple neural network).
The article is structured in the following way: in Section 2 we discuss a general framework of
spatial prediction with measurement error-free soil observations. In Section 3 we adapt the general
framework to allow for measurement error-contaminated observations, and present our proposed
methodology of measurement error-filtered ML. In Section 4 we provide a simulation study to
compare error-filtered ML to the conventional ML models, and we benchmark this against the
comparison of a regression kriging (RK) model that filters out measurement errors with a residual
maximum likelihood (REML) approach to a regular RK model. A real-world case study is then
presented in Section 5 where we map topsoil clay content from error-contaminated observations
in Namibia. In Section 6 we provide a general discussion, and in Section 7 we present a summary
of our conclusions.
2. Spatial prediction of measurement error-free measurements
2.1. Spatial modelling framework
Formally, suppose that we have a spatial process of interest on a geographical region D, say

{Y (s), s ∈ D} which is characterised by a mean {m(s), s ∈ D}, and a certain spatially varying residual
process, {ε (s), s ∈ D}, so that we have
Y (s) = m(s) + ε (s); ∀s ∈ D.

(1)

Without additional information it is difficult to separate the mean from the residual, since the
spatial autocorrelation in the residual process, ε (s), can mimic a spatially varying mean. Additional
information in the form of covariates can mitigate this challenge, in that Y (s), conditional on the
values of the covariates, can be described through
Y (s) = g(x(s)|θg ) + η(s),

(2)

where x(s) is a p-dimensional vector of covariates at location s. Here g(·) is a regression function
which is assumed to be linear in the covariates, θg describes its parameters, and η(s) is assumed to
be a zero-mean second-order stationary Gaussian process. We typically use a geostatistical model
such as RK to describe Eq. (2). See Section 2.2 for further details.
Suppose now that the covariates {x(s), s ∈ D} are related (in a potentially complex way) to
the mean of the process of interest and are also able to capture the spatial autocorrelation in the
residual process well, then it is reasonable to expect that there exists some function f (·) for which
Y (s) = f (x(s)|θf ) + ξ (s),

(3)

where the excess residual {ξ (s), s ∈ D} is close to Gaussian white noise. This formulation has
motivated the application of highly flexible regression methods (i.e. ML models) which ignore the
dependence between the residuals, which is weak or even absent in the formulation above, to
problems in spatial prediction. See Section 2.3 for more information.
In the remainder of this section we focus on a scenario where we have error-free, partial
information of the realisation of {Y (s), s ∈ D} in the form of measurements y(si ), where si are the
sample locations for i = 1, . . . , n, and where we have complete information of {x(s), s ∈ D} in the
form of maps of environmental covariates. Depending on the relation between Y (s) and x(s), we will
use the observation pairs {(y(s1 ), x(s1 )), . . . , (y(sn ), x(sn ))} to model Eq. (1) either with Eqs. (2) or
(3). Then in Section 3 we consider the case where our information of {Y (s), s ∈ D} is contaminated
with measurement errors.
3
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The primary objective of spatial prediction in DSM is to obtain a model and an associated errorfree prediction function, ŷ(·), which can be used to predict the realisation of {Y (s), s ∈ D} at various
prediction locations in D. Suppose that we use s0 to represent such a prediction location, then we
minimise the expected loss, given by
E [L(ŷ(s0 ), y(s0 ))],

(4)

where L(·, ·) is a chosen loss function.
2.2. Regression kriging
Suppose that we wish to model a spatial response variable with a RK model such as described in
Eq. (2). A state-of-the-art approach to estimate the required parameters for the RK predictor is to
use the empirical best linear unbiased predictor (E-BLUP) with REML (Stein, 1999; Lark et al., 2006).
REML estimates the variogram model parameters with maximum likelihood that is independent of
the trend parameters. The variogram parameters are then used to derive the covariances which are
used to obtain the E-BLUP. For a detailed outline of this approach we refer to Stein (1999), Harville
(1977), but we also provide an overview in Web Appendix A. We just note that the RK predictor is
given by
ŷRK (s0 ) = x(s0 )T β̂ + ĉ(s0 )T Ĉ−1 η,

(5)

where x(s0 ) is a p + 1 vector of a 1 and the covariate values at prediction location s0 , β̂ are the trend
parameters estimated with generalised least squares (GLS), the ith element of ĉ(s0 ) is the estimated
covariance of Y (si ) with Y (s0 ), Ĉ is the estimated variance–covariance matrix, and η is a vector of
n regression residuals at the sample locations. Note that we retain the use of RK in the subscript
in Eq. (5) so that it can be distinguished from FRK, a RK model that filters out measurement errors
which will be discussed in Section 3.2.
2.3. Machine learning
When the covariates are spatially autocorrelated and also highly correlated to the residual
process {ε (s), s ∈ D}, then the relation in Eq. (1) can be described with Eq. (3). Therefore, with a ML
model one is often able to make accurate predictions of the process of interest without explicitly
incorporating the spatial autocorrelation that it inherits from the residual process. Following
from Eq. (3) the explicit structure of θf will depend on the specific ML model that is used (for
example, see Sections 2.3.1 and 2.3.2), but in general we can estimate θf with maximum likelihood.
Therefore, for a given set of observation locations s1 , . . . , sn , the log-likelihood of the n observations
y(s1 ), . . . , y(sn ) associated with Eq. (3) is given as
L(X, y, θf ) = −

n
2

log σξ2 −

(

)

n
2

log (2π) −

n
1 ∑ (y(si ) − f (x(si )|θf ))2

2

i=1

σξ2

,

(6)

where the x(si ) are the covariate values at sample locations si , σξ2 is the common variance of i.i.d.
Gaussian random variables ξ (si ), and X is a n × p data matrix. The non-constant part with respect
to θf is then proportional to

−

n
∑

w(si )(y(si ) − f (x(si )|θf ))2 ,

(7)

i=1

where we can interpret w (si ) as a weight, given by

w(si ) =

1

σξ2

.

(8)

Note that in the current formulation the weights are equal. We introduce these weights here
so that in Section 3.3 we can adjust them to account for measurement errors by incorporating the
4
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MEVs, which will differ over different si . The maximum likelihood estimation of θf can be obtained
by maximising Eq. (7). Since the weights are all equal the optimisation can be done without first
estimating σξ2 .
2.3.1. Random forests
A Random forest (RF) model is a modification of bootstrap aggregation or bagging (Breiman,
2001). Bagging is a method that fits a certain model, such as regression trees, many times
over bootstrapped training samples in order to improve the model’s accuracy and to reduce
its variance (Hastie et al., 2008). RF provides an improvement over bagging regression trees by
decorrelating the trees, in that at each split only a subset of mtry of the p covariates is considered
which leads to trees that are less correlated in their predictions.
If we consider that f (·) in Eq. (3) is a RF model then θ RF would denote the split variables, split
points and terminal-node values which define the trees. In addition to θ RF , one also needs to find the
optimal number of covariates to subset at each split, mtry , the number of trees to grow in each forest,
and the minimal node size which sets the depth of the trees in the forest. These ‘‘hyper-parameters’’
can be found, for example with cross-validation, so that the expected loss in Eq. (4) is minimised.
2.3.2. Projection pursuit regression
If we consider that f (·) in Eq. (3) is a PPR model, then f (·) is estimated with an additive model
which is fitted in a forward step-wise manner (Friedman and Stuetzle, 1981), in that
f (x(si )) =

M
∑

hm (ϕTm x(si )).

(9)

m=1

The function, hm (·), is a smoothing function and the ϕm , for m = 1, . . . , M, are unit p-vectors of
unknown parameters. The hm (ϕTm (·)) is called a ridge function since it varies only in the direction
defined by the vector ϕm , for m = 1, . . . , M, where M is the number of added pairs of (hm , ϕm ). The
variable ϕTm x(si ) is the projection of x(si ) onto the unit vector ϕm . The two steps of estimating hm
and ϕm are done with adding one pair (hm , ϕm ) at a time in a forward fashion. We can denote these
parameters, hm and ϕm , as θ PPR . The number of pairs, M, can be selected with cross-validation so
that the expected loss in Eq. (4) is minimised. For more details concerning PPR we invite the reader
to refer to Friedman and Stuetzle (1981), Hastie et al. (2008).
3. Spatial prediction of measurement error-contaminated measurements
3.1. Adapted spatial modelling framework
Suppose that measurement errors, δ (si ), assumed to be independent over the sample locations, si ,
are zero-mean Gaussian random variables, each with known but possibly different variance σδ2 (si ).
Let V be the n × n variance–covariance matrix of the vector of n measurement errors, which has
the σδ2 (si ) on the diagonal and zeros on the off-diagonals. We then have
Z (si ) = Y (si ) + δ (si ),

(10)

where Z (si ) is a measurement error-contaminated random variable which we observe (Buonaccorsi,
2010). By using Eq. (10) we can write Eq. (2) and (3) at the sample locations si as
Z (si ) = g(x(si )|θg ) + η(si ) + δ (si ),

(11)

Z (si ) = f (x(si )|θf ) + ξ (si ) + δ (si ).

(12)

and

We further assume that the δ (si ) are independent of η(si ) and ξ (si ).
We now use observation pairs {(z(s1 ), x(s1 )), . . . , (z(sn ), x(sn ))} to fit the models in Sections 3.2
and 3.3, along with the known values of σδ2 (si ) to take the measurement errors associated with y(si )
into account. Our aim is still to minimise the expected loss in Eq. (4).
5
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3.2. Filtered regression kriging
With RK measurement errors can be filtered out by adding the assumed known MEVs to the
diagonal of C (Delhomme, 1978; Somarathna et al., 2018). In this paper we will refer to this as
filtered regression kriging (FRK). We can estimate the required variogram parameters with REML
by simply replacing C with the variance–covariance matrix of the measurement error-contaminated
process Z (s), that is Cz = C + V. We can then use GLS to estimate the regression parameters, β̂z .
The FRK predictor is then given by
T

1
ŷFRK (s0 ) = x(s0 )T β̂z + c(sˆ 0 ) Ĉ−
z ηz ,

(13)

where the ith element of ηz is z(si ) − ŷ(si ) . The predictor in Eq. (13) will filter out the measurement errors by giving more weight to observations with lower values for σδ2 (si ) compared
to observations with higher values for σδ2 (si ). A more detailed outline of FRK is supplied in Web
Appendix B.

(

)

3.3. Measurement error-filtered machine learning
In order to obtain a prediction function ŷ(·) for a ML model with observation pairs {z(si ), x(si )},
for i = 1, . . . , n, we need to filter out the measurement errors associated with y(si ). This can be
achieved by incorporating σδ2 (si ) into the weights first introduced in Eqs. (7) and (8) (Buonaccorsi,
2010). The log-likelihood of p(z(si )|x(si ), θf ) is now given by
L(X, z, θf ) = −

n
1∑

2

log(σξ2 + σδ2 (si )) −

i=1

−

n
2

log(2π )

n
1 ∑ (z(si ) − f (x(si )|θf ))2

2

i=1

σξ2 + σδ2 (si )

.

(14)

Notice that where previously we were able to estimate θf without knowledge of σξ2 , since the
solution was based only on minimising the sum-of-squared residuals, now this is no longer
the case since the denominators in the second term in the log-likelihood are not all equal.
We therefore follow an alternating procedure in which first a pilot estimate for the parameters
in θf is obtained, say θ̄f , by calibrating the model in a standard way on the observed pairs
{(z(s1 ), x(s1 )), . . . , (z(sn ), x(sn ))}, similar to the approach discussed in Section 2.3. We then use
this to estimate σξ2 by using the conditional log-likelihood in which θf is kept fixed at θ̄f , i.e., by
minimising over σξ2 in the objective
n
∑

log(σξ + σδ (si )) +
2

2

i=1

(
)2
n
∑
z(si ) − f (x(si )|θ̄f )
i=1

σξ2 + σδ2 (si )

.

(15)

Since this is a univariate problem it can easily be solved. With this estimate for the residual variance,
say σ̂ξ2 , we can then estimate θf by minimising the weighted sum of the squared residuals, i.e.,
n
∑

(
)2
w(si ) z(si ) − f (x(si )|θf ) ,

(16)

i=1

)−1

where w (si ) = σ̂ξ2 + σδ2 (si )
for each i = 1, . . . , n. Since σ̂ξ2 is constant, measurements with
2
larger values for σδ (si ) receive less weight and measurements with smaller values for σδ2 (si ) receive
more weight when θf is estimated. The resulting measurement error-filtered model’s residual
variance can then be estimated again by minimising Eq. (15), but replacing θ̄f with the new estimate
for θf obtained as above. These steps can be repeated until convergence, each time using the updated
pair of estimates for θf and σξ2 in order to further refine the model. It is important to note that many
models used in ML do not have convex objectives, and hence there is no guarantee that such an

(

6
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approach will always converge. Our experience with the chosen models is that in the case of RF the
model stabilises after only a single iteration, suggesting that convergence tends to occur in practice
despite the lack of convexity. However, in the case of PPR no such convergence seems to occur in
practice. We therefore perform only a single iteration of this approach in our applications.
4. Synthetic simulation study
Synthetic data simulation experiments were performed in the R programming language (R Core
Team, 2020) to evaluate the performance of the measurement error-filtered models, FRK, filtered
projection pursuit regression (FPPR) and filtered random forest (FRF), relative to the regular models,
RK, PPR and RF, i.e. where the measurement errors are ignored and not taken into account. The
performance of these models was evaluated under different MEV scenarios regulated by three
simulation parameters, {µσ 2 , νσ 2 , ν̆σ 2 }, similar to the simulation study performed in Christensen
δ
δ
δ
(2011). The simulation parameters will be used to simulate two sets of MEVs, that is, a ‘‘true’’ set
and a set of ‘‘specified’’ MEVs.
The first two parameters are the average size of the true MEVs (µσ 2 ) and the coefficient of
δ
variation of the true MEVs (νσ 2 ), where the latter regulates the heterogeneity of the MEVs over the
δ
observations. Since the true MEVs will usually not be known exactly in a real-world analysis, we
introduce an additional set of specified MEVs which will be used in the models. The third simulation
parameter, ν̆σ 2 , will therefore regulate the uncertainty of the specified MEVs relative to the true
δ
MEVs. The methodology for the simulated experiments for a given set of simulation parameters is
summarised in Fig. 2.
In each experiment we simulated a synthetic data set on unit square discretised into a 40 × 40
grid comprising 1600 response values. The response values y(sl ) were generated from a Gaussian
process with a covariance structure governed by an isotropic spherical variogram model with
θ γ = {c0 = 0.1, c = 0.9, a = 0.2}, where a range of a = 0.2 corresponds to 8 cells in the grid. The
covariate values were calculated using

{

2y(sl ) + r(sl ),

x1 (sl ) =

y(sl ) ≥ 0.5,

(17)

−2y(sl ) + r(sl ), y(sl ) < 0.5,

1
x2 (sl ) = − y(sl ) + r(sl ),
2
x3 (sl ) = x1 (sl )x2 (sl ),

(18)
(19)

for l = 1, . . . , N = 1600, and where the residual values r(sl ), which are i.i.d., were generated from a
standard Gaussian random variable. We simulated the synthetic data in this way to ensure that the
simulation parameters, which regulate the MEV scenarios, are directly comparable to the response
values, y(sl ). In addition, the purpose of this analysis is not to compare the performance between all
types of models defining the relationship between the response variable and covariates, but rather
to compare the performance of each measurement error-filtered model with that model’s version
that ignores the measurement errors. For this reason it is satisfactory to just have a few covariates
to enable us to fit the various models. The covariates in Eqs. 4, (18) and (19), on average, describe
about 40% of the variation in y(sl ). In Fig. 1 we show the distribution of the generated response
values and visualise the relationships between the response and the covariates for one experiment.
A sample of observations is obtained by randomly selecting 10% of the 1600 response variable
values. We contaminated these observations with measurement errors by using Eq. (10). We used
the approach implemented in Lingwall and Christensen (2007), and also used in Christensen (2011),
to generate values for σδ2 (si ), in that at each sample location, si , σδ2 (si ) was a random draw from a
lognormal distribution with mean µσ 2 and coefficient of variation νσ 2 . The specified MEVs, σ̆δ2 (si ),
δ

δ

was a draw from a lognormal distribution with mean σδ2 (si ) and coefficient of variation ν̆σ 2 . We
δ
also consider a special case where the measurement errors, δ (si ), were drawn from a zero-mean
2
Gaussian distribution with constant variance, σδ . In the simulation study this constant MEV, σδ2 ,
was set to µσ 2 for a given experiment, and in order to determine σ̆δ2 for a given experiment,
δ

7
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Fig. 1. Distribution of response variable values and relationship with the covariates, as illustrated for one of the
experiments.

we calculated the mean of the values for σ̆δ2 (si ). The results for this case are discussed in Web
Appendix C.
The models (RK, FRK, PPR, FPPR, RF and FRF) were fitted on z(si ) along with the generated
covariate values, by using the methodology discussed in Sections 3.2 and 3.3. In the case of the
ML models we used the default value available in the ppr function in R for the number of added
pairs for the PPR models, that is M = 1, and we used mtry = 1 for the RF models. For the RF
models, we implemented the ranger package (Wright and Ziegler, 2017) to fit the RF models,
and specifically the case.weights argument within the ranger function to incorporate the
weights. This argument puts the weights on the sample observations in order to be selected for the
bootstrap samples that are used to build the trees. In Web Appendix D we explain the similarity of
our proposed methodology discussed in Section 3.3 as implemented through the case.weights
argument in the ranger function. The effect of incorporating the weights in this way is however
negligibly small. Note that for the measurement error-filtered models (FRK, FPPR and FRF) we used
σ̆δ2 (si ) (or σ̆δ2 in the case of the constant MEV) in the models, and not σδ2 (si ) (or σδ2 ). The latter is
used to generate the measurement errors, but the former is considered as what is observed by the
researcher, and hence used in the models.
Predictions were generated and the performance of the models was assessed with the mean
square error (MSE). That is, in the case of generating predictions with RK, PPR and RF, i.e. where
8
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Fig. 2. Flow diagram of methodology for the simulated experiments to evaluate the performance of measurement
error-filtered models relative to regular models.

we ignore the measurement errors, we used
N
1 ∑

N

(y(sl ) − ẑ(sl ))2 ,

(20)

l=1

for l = 1, . . . , N = 1600, where ẑ(sl ) are the predictions of the region of interest of the model that
ignores the measurement errors. For the measurement error-filtered models FRK, FPPR and FRF we
used
N
1 ∑

N

(y(sl ) − ŷ(sl ))2 ,

(21)

l=1

for l = 1, . . . , N = 1600, where the ŷ(sl ) are the measurement error-filtered model’s predictions of
the region of interest.
The MEV scenarios that we considered were all combinations of µσ 2 = {0.1, 0.25, 0.5, 1.0, 1.5},
δ
νσ 2 = {0.1, 0.5, 1.0, 1.5} and ν̆σ 2 = {0.0001, 1.0, 1.5}. Note that when ν̆σ 2 = 0.0001 the specified
δ

δ

δ
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Table 1
Results of model performance based on the case where the values for δ (si ) were drawn from a multivariate, zero-mean
Gaussian distribution with variance–covariance matrix, V, with σδ2 (si ) on the diagonal. The table values are MSE values for
FRK, FPPR and FRF relative to the MSE values of RK, PPR and RF, respectively. The results are shown for different values
of the mean, µσ 2 , and for the coefficient of variation, νσ 2 of the MEVs, and for different values of ν̆σ 2 , which regulates
δ

δ

δ

the variability of σ̆δ2 and σ̆δ2 (si ) as estimates of the ‘‘true’’ MEVs, σδ2 and σδ2 (si ). For each simulation parameter set the
ratio including the measurement error-filtered model with the smallest MSE is shown in blue, the second smallest in
orange, and the third smallest in red.

ν̆σ 2

0.0001

δ

1.00

1.50

µσ 2

νσ 2

RK

PPR

RF

RK

PPR

RF

RK

PPR

RF

0.10
0.25
0.50
1.00
1.50

0.10
0.10
0.10
0.10
0.10

0.98
0.93
0.84
0.69
0.59

0.99
0.99
0.99
0.99
1.00

1.00
1.00
1.00
1.00
1.00

0.99
0.95
0.88
0.75
0.67

1.00
1.00
1.01
1.01
1.01

1.00
1.00
1.01
1.01
1.01

0.99
0.96
0.90
0.80
0.70

1.00
1.00
1.01
1.02
1.03

1.00
1.00
1.01
1.01
1.02

0.10
0.25
0.50
1.00
1.50

0.50
0.50
0.50
0.50
0.50

0.98
0.92
0.82
0.67
0.58

0.99
0.99
0.99
0.98
0.98

0.99
0.99
0.99
0.97
0.97

0.98
0.94
0.86
0.74
0.64

0.99
0.99
1.00
1.01
1.00

1.00
1.00
0.99
0.99
0.98

0.99
0.95
0.89
0.77
0.68

0.99
1.00
1.00
1.01
1.01

1.00
1.00
1.00
1.00
1.00

0.10
0.25
0.50
1.00
1.50

1.00
1.00
1.00
1.00
1.00

0.97
0.90
0.80
0.66
0.56

0.99
0.99
0.98
0.98
0.96

0.99
0.99
0.97
0.94
0.91

0.98
0.92
0.84
0.70
0.60

0.99
0.99
0.99
0.99
0.97

1.00
0.99
0.98
0.96
0.94

0.98
0.94
0.85
0.72
0.63

0.99
0.99
0.99
0.99
0.98

1.00
1.00
0.98
0.97
0.95

0.10
0.25
0.50
1.00
1.50

1.50
1.50
1.50
1.50
1.50

0.96
0.89
0.78
0.64
0.53

0.99
0.99
0.97
0.96
0.94

0.99
0.98
0.96
0.92
0.88

0.97
0.91
0.81
0.67
0.57

0.98
0.99
0.98
0.97
0.95

0.99
0.99
0.97
0.93
0.91

0.98
0.92
0.84
0.69
0.60

0.99
0.99
0.99
0.97
0.96

0.99
0.99
0.97
0.94
0.91

δ

δ

MEVs are considered as very reliable. Each experiment with a unique set of {µσ 2 , νσ 2 , ν̆σ 2 } was
δ
δ
δ
repeated 300 times, which resulted in a total of 18000 experiments. Since the sill, (c0 + (
c), was
)
set equal to 1, we can use the values of µσ 2 in the simulation study to identify values for
δ

µ

2

σδ
c0 +c

where we expect the performance of each of the measurement error-filtered models to be superior
to each of the respective regular model’s performance.
The results for the spatially variable MEVs, σδ2 (si ), are shown in Table 1. The table values are
the MSE values for the measurement error-filtered models, FRK, FPPR and FRF, relative to those of
RK, PPR and RF. In each table we also show the ratios with the smallest MSE of the measurement
error-filtered model in blue. The second- and third smallest values are shown in orange and red,
respectively.
In Table 1, as µσ 2 increases from 0.10 to 1.50 we observe the increasing advantage of filtering
δ
out measurement errors with FRK. This trend is seen for any given pair {νσ 2 , ν̆σ 2 }, but it is most
δ
δ
notable when νσ 2 = 1.50 and ν̆σ 2 = 0.0001 with the RK ratio decreasing from 0.96 to 0.53. The
δ
δ
improvement of FRK to RK is the smallest when νσ 2 = 0.10 and ν̆σ 2 = 1.50 with the ratio decreasing
δ
δ
from 0.99 to 0.70. In general, we see larger improvements in FRK relative to RK for larger values of
µσ 2 for a given set of values for νσ 2 and ν̆σ 2 . We also see larger improvements for larger values of
δ
δ
δ
νσ 2 given µσ 2 and ν̆σ 2 and larger improvements for smaller values of ν̆σ 2 given µσ 2 and νσ 2 . This
δ
δ
δ
δ
δ
δ
general trend can also be observed for the ML models.
For the measurement error-filtered ML models we only start to see notable improvements when
νσ 2 ≥ 0.50 and ν̆σ 2 ≤ 1.00 (in the case of FPPR this is only at ν̆σ 2 = 0.0001). For any given value
δ
δ
δ
of ν̆σ 2 , and for increasing values in µσ 2 , the largest improvements are seen when νσ 2 = 1.50. We
δ
δ
δ
note that the effect of increasing µσ 2 gradually disappears as the values for νσ 2 become smaller. For
δ

δ
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example, when ν̆σ 2 = 0.0001, we see that, for νσ 2 = 1.50, notable improvements in FPPR and FRF
δ
δ
relative to PPR and RF are already observed at µσ 2 ≥ 0.25 in the case of FRF and at µσ 2 ≥ 0.50 in
δ
δ
the case of FPPR, but when νσ 2 = 0.50 notable improvements are only seen at µσ 2 ≥ 1.00. When
δ
δ
νσ 2 = 0.10 we do not observe improvements in FPPR and FRF with the ratios being mostly constant
δ
and close to 1.00. This is because the MEVs are still somewhat homogeneous with the standard
deviation being only 10% of µσ 2 for the values of σδ2 (si ). We even see FPPR and FRF performing
δ
worse when νσ 2 = 0.10, with the PPR and RF ratios increasing to 1.01 when ν̆σ 2 = 1.00, and the
δ
δ
PPR ratio increasing to 1.03 and the RF ratio increasing to 1.02 when ν̆σ 2 = 1.50.
δ
It is evident that the degree at which we observe an improvement of FRK relative to RK is much
higher compared to the PPR and RF models. For example, when νσ 2 = 1.50 and ν̆σ 2 = 0.0001, we
δ
δ
note that the RK ratio decreases from 0.96 to 0.53 while the PPR ratio decreases from 0.99 to 0.94,
and the RF ratio from 0.99 to 0.88. It therefore appears that FRK is able to take more advantage of
incorporating the MEVs to filter out the measurement errors than FPPR and FRF.
The effect of larger values for ν̆σ 2 on the performance of FRK, FPPR and FRF becomes smaller as
δ
µσ 2 decreases. For a given value of νσ 2 , if we look for example at the ratios where µσ 2 = 0.10 and
δ
δ
δ
compare it to the ratios where µσ 2 = 1.50 we note larger changes in the results between different
δ
values for ν̆σ 2 when µσ 2 = 1.50. There are a few exceptions when νσ 2 ≤ 0.50 where different
δ
δ
δ
values for ν̆σ 2 do not lead to different results for different values in µσ 2 . For example, we see that
δ
δ
when νσ 2 = 0.50 and ν̆σ 2 ≥ 1.00 the PPR and RF ratios remain more or less constant and close to
δ
δ
1.00 regardless of µσ 2 .
δ
The negative effect of larger values for ν̆σ 2 is also greater on the performance of FRK relative to
δ
RK compared to FPPR to PPR and FRF to RF (this becomes more notable for larger values of µσ 2 and
δ
νσ 2 ). For example, we see that when both µσ 2 and νσ 2 are equal to 1.50, the RK ratio increases from
δ
δ
δ
0.53 to 0.60 as ν̆σ 2 increases from 0.0001 to 1.50, while the PPR ratio increases from 0.94 to 0.96
δ
and the RF ratio from 0.88 to 0.91. However, this could just be due to the RK models starting from
a much lower ratio, and therefore having more to lose when there is a decrease in the accuracy of
the specified MEVs.
The FRK model outperforms FPPR and FRF for all MEV scenarios. This is partly due to the nature
of the assumed model for the response variable and synthetic data, but we would like to reiterate
that the purpose of this analysis was not to compare the performance between FRK, FPPR and
FRF. However, it is interesting to note that when νσ 2 ≤ 0.50, for any given value for ν̆σ 2 , FRF
δ
δ
outperformed FPPR when µσ 2 ≤ 0.25, while for larger values, that is, when µσ 2 ≥ 0.50 it is the
δ
δ
opposite. There are exceptions, for example when νσ 2 = 1.50, where FRF outperforms FPPR when
δ
µσ 2 = 0.50.
δ

5. Real-world case study
To illustrate the measurement error-filtered models in a real-world application we consider a
data set of uncertain topsoil clay content of Namibia. Namibia (see Fig. 3) is located in SouthWestern Africa and has a surface area of 823 680 km2 . The climate is mostly arid and rainfall is
mostly limited to the northern regions of the country mainly as summer storms, from September
to February.
The soil data were derived from the AfSP database (Leenaars et al., 2014) (laboratory analyses
of 53 soil samples) and the LandPKS database (Herrick et al., 2016) (310 field measurements). The
original LandPKS data set included texture classes at three layers, 0–1 cm, 1–10cm, and 10–20 cm.
We used an internal TT2tri function, available in Hengl (2021), to derive the mean and standard
deviation for all clay measurements, by assuming a uniform distribution within each soil texture
class.
The AfSP data also consisted of a reliability class which ranked from 1 (most reliable) to 4 (least
reliable). Expert judgement was used to estimate the interquartile range of topsoil clay content for
each reliability class. These estimates were 2% for class 1, 4% for class 2, 8% for class 3 and 16% for
11
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Fig. 3. Region of interest, Namibia, used for the real-world case study.

class 4. The MEVs were determined by dividing the interquartile range by 1.34 and then taking the
square.
The soil property of interest, topsoil (0–20 cm) clay content (measured in %), is an important
soil attribute in land management and land use, because it affects the water holding capacity and
hydraulic properties of soil (Jabro, 1992), and soil fertility (Prasad and Power, 1997). Clay refers to
particles smaller than 0.002 mm. The clay observations are shown in Fig. 5a. It can be seen that the
sampled locations are well dispersed throughout the country, but with fewer to no observations
in the southern, north-western and coastal regions. Clay observations range from 1.10% to 55.50%,
with a mean of 13.55% and a standard deviation of 9.89%. In the upper margin of Fig. 4 we note that
clay content is skewed to the right with most observations less than 15%. The spatial variation was
modelled with a spherical variogram model and estimated with REML as discussed in Section 3.2.
The variogram parameters were estimated as being equal to θ γ = {58.34, 36.00, 10012.50}.
Fig. 4 indicates a weak to moderate linear relationship between clay content and clay uncertainty.
The estimated correlation coefficient between clay content and clay uncertainty is 0.46. The
correlation is mostly due to the relationship between clay content and clay uncertainty in the
LandPKS field measurement data. On the other hand, there does not appear to be a relationship
between clay content and uncertainty in the laboratory measurements of the AfSP data.
The spatial distribution of clay uncertainty is presented in Fig. 5b, in which the uncertainty is
shown as MEVs. These variances range from 2.20% to 55.80%, with a mean of 7.76%. On the right
margin of Fig. 4 we note that clay uncertainty is skewed to the right with most observations having
a MEV less than 12%2 . The coefficient of variation of the MEVs, which is equal to 0.72, indicates that
the heterogeneity of the clay uncertainty over the region of interest is not very large. The ratio of
the mean of the MEVs to the variance of the clay observations was estimated to be equal to

µ̂σ 2
δ

ĉ0 + ĉ

= 0.08.

(22)

We can use the coefficient of variation of the MEVs and Eq. (22) along with the results in Table 1 to
get an expectation of how the measurement error-filtered models will perform relative to models
that ignore measurement errors. We see that we fall in a region of (µσ 2 ≈ 0.1; νσ 2 = {0.5; 1})
δ
δ
in Table 1. Thus, we expect a small improvement for the FRK and FPPR models and a very small
improvement, if any, for the FRF model. The performance of the measurement error-filtered models
will also depend on the reliability of the MEVs, but if the MEVs in this analysis deviate at most by
12
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Fig. 4. Scatter plot of clay uncertainty with clay content. Margins show histograms depicting the marginal distributions.

Fig. 5. (a) Topsoil clay content observations from AfSP and LandPKS. (b) Measurement error standard deviation for topsoil
clay content from AfSP and LandPKS.

150% from the ‘‘true’’ MEVs, then the reliability of the MEVs should not have a large effect on the
results.
In this analysis we compare the predictions of RK, FRK, PPR, FPPR, RF and FRF. We had
109 covariates (at 250 m ×250 m), provided by International Soil Reference Information Centre
(ISRIC), which included maps of various vegetation indices, a digital elevation model, precipitation
and surface temperatures, largely the same as those used in SoilGrids (Poggio et al., 2021). The
measurement error-filtered models were fitted as discussed in Sections 3.2 and 3.3. To select
and assess the models we created 100 independent 80%/20% training and validation sets. In each
training set we performed 5-fold cross-validation to select the hyper-parameters of the ML models,
and to select the best subset of covariates for the RK models. Note that we used a measurement
error-adjusted MSE for model selection (see discussion below). The models were then assessed by
generating predictions for the validation sets. To evaluate model performance, we used the mean
13
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Table 2
Topsoil clay content prediction results. Model performance results for the Namibia real-world case study. For each model
the ME, RMSE and CCC are shown.
ME
RMSE
CCC

RK

FRK

PPR

FPPR

RF

FRF

−0.01

−0.12

8.84
0.32

8.82
0.32

0.48
11.21
0.30

0.24
10.91
0.30

0.20
8.03
0.45

0.11
8.09
0.43

Table 3
Topsoil clay content prediction results. Five-point summary statistics for prediction maps of all six models.
min
q1
q2
q3
max

RK

FRK

PPR

FPPR

RF

FRF

−22.66

−23.42

10.28
12.79
17.65
48.12

9.98
12.64
17.48
47.00

5.97
8.19
8.79
10.16
46.92

4.96
7.50
8.11
12.06
32.52

4.47
11.09
13.01
15.74
29.46

4.03
11.06
12.97
15.42
24.98

error (ME), MSE and concordance correlation coefficient (CCC) (Lawrence and Lin, 1989). The final
results for model performance were then obtained by taking the average of the 100 independent
validation sets.
In this case study the true clay contents at validation locations are unknown and we only know
the measurement error-contaminated observations. It is therefore necessary to adjust the validation
statistics by taking into account the measurement errors associated with the validation data. The
adjusted ME, MSE and CCC were used in this case study and the derivation of these is discussed in
Web Appendix E.
The overall prediction results are shown in Tables 2 and 3. Note that we took the square root
after we averaged the MSE values and present the root mean square error (RMSE). As previously
mentioned we expect only small improvements in the measurement error-filtered models relative
to the models that do not incorporate MEVs, mostly due to low variability of the MEVs and the low
ratio of the means of the MEVs to the variance of the underlying spatial process.
In terms of the ME, which measures overall bias, we can see that FPPR and FRF lead to less
biased predictions than PPR and RF, respectively. We also note that all of the ML models slightly
overestimates clay content while RK and FRK underestimates it. The ME of RK is the closest to
zero while the ME for FRK is equal to −0.12. In terms of RMSE, only FRK and FPPR show an
improvement relative to their conventional counterparts, with the RMSE decreasing from 8.84 to
8.82 for RK models, and from 11.21 to 10.91 for the PPR models. These are very small differences
that may be due to chance affects and effectively mean that measurement error-filtered models
do not improve prediction performance. FPPR showed the largest improvement relative to its
conventional counterpart compared to the other measurement error-filtered models, but also here
the improvement was only marginal. The RF models did not show an improvement, but did perform
overall best with the smallest RMSE value of 8.03 for the RF model, and second smallest RMSE value
of 8.09 for FRF. In terms of the association between the clay predictions and observations we observe
no differences in the values for the CCCs for the RK and PPR models. The CCC for the FRF model is
slightly lower compared to the CCC for the RF model.
We also generated predictions for the entire region of interest by using the optimal model
parameters obtained during model selection. The prediction maps are shown in Fig. 6, and the fivepoint summary statistics of the predictions of each model is provided in Table 3. We also show the
prediction differences between each error-filtered model and its conventional counterpart in Fig. 7.
On a national scale it is difficult to observe any notable differences between the RK and FRK
maps. When we observe the RK and FRK summary statistics in Table 3 and the map of differences
in Fig. 7(a), we observe overall lower predictions for FRK than RK. The lower predictions of clay
content for FRK occur mostly in the northern and south-eastern regions. Local differences where
14
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Fig. 6. Topsoil clay content predictions for (a) regression kriging (RK); (b) filtered regression kriging (FRK); (c) projection
pursuit regression (PPR); (d) filtered projection pursuit regression (FPPR); (e) random forest (RF); (f) filtered random forest
(FRF).
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Fig. 7. Prediction differences between each of the model pairs. (a) RK-FRK; (b) PPR-FPPR; (c) RF-FRF. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

FRK produced higher predictions for clay content compared to RK can be observed inland, parallel
to the coastline.
The PPR model generally produced higher clay content predictions, especially for the top 25%.
This can be seen in the five-point summary statistics where the third quartile and maximum for
PPR are 10.16 and 46.92, while for the FPPR model, these are 12.06 and 32.52. In Figs. 6(c) and
(d), we can also see this when we compare the central and north-western regions of Namibia. In
Fig. 7(b) we observe greater local differences between PPR and FPPR throughout the country, but
especially in the far southern, central, and north-western regions. In the southern region we observe
mostly higher PPR clay content predictions, while in the central region we mostly observe higher
predictions for FPPR. In the northern regions the local differences are more abrupt, and along the
coast in the northern region we again observe higher clay predictions for FPPR.
As mentioned earlier, RF and FRF performed best. This can be seen in Figs. 6(e) and (f) where
it is also difficult to note any notable differences between RF and FRF. As noted with the other
measurement error-filtered models, FRF also produced overall lower predictions for clay content
compared to its conventional counterpart, RF. In the five-point summary statistics we also observe
very similar results, except for the maximum that is much lower for FRF than for RF. In Fig. 7(c) we
see that RF produced higher predictions for clay content along the coast in the northern and central
regions, while FRF mostly produced higher values to the east.
We note that the differences between the PPR models are much more abrupt compared to the
RK and RF models. We also observe larger local differences between PPR and FPPR compared to the
RK and RF models.
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6. General discussion
6.1. Findings of this research
We introduced a novel, formalised framework for dealing with measurement errors in DSM when
using a ML model. We acknowledge that both Wadoux et al. (2019) and Hengl et al. (2018) already
used ML models to account for measurement errors in DSM. Wadoux et al. (2019) used weights
to account for measurement errors with a convolutional neural network, while Hengl et al. (2018)
used weights in a RF model. We formalised the use of weights to account for measurement errors
with a ML model with a maximum likelihood framework (Buonaccorsi, 2010). As opposed to the
weights used in Wadoux et al. (2019) and Hengl et al. (2018), the weights used in our proposed
framework will minimise the loss function in Eq. (14), and allow for more efficient estimates of the
model parameters, θf . Our framework is a two-stage approach in which first an initial estimate of
the model parameters, θ̄f , is obtained, which is then used to estimate the residual variance, σξ2 , by
minimising Eq. (15). The estimate of the residual variance can then be used to find a new estimate
of the model parameters, θf by minimising Eq. (16). One can alternate between these two steps
until satisfactory estimates are obtained.
In addition to the proposed framework, this is also the first study (to the best of our knowledge)
where a comprehensive simulation study was performed to investigate how RK and ML models
perform under various MEV scenarios. A similar simulation study was performed in Christensen
(2011), but here the author compared FK, HFK and HFK with variance-stabilising transformations.
From the synthetic simulation study it was seen that the average MEV size as well as the relative
variability of the MEVs, had a significant effect on the results of the error-filtered models. This
was also the case in Christensen (2011). The effect of increasing the average size of the MEVs was
greater for FRK compared to FPPR and FRF. For FPPR and FRF there was also a stronger interaction
between the average size and the relative variability of MEVs. That is, when the MEVs were less
variable, we did not observe the same improvement of FRK over RK for an increasing size in the
MEVs, compared to FPPR relative to PPR, and compared to FRF relative to RF. We only observed
an increased improvement in FPPR and FRF for larger MEVs when the MEVs were relatively more
variable. This is due to the weights that are incorporated in Eq. (16) which remain relatively constant
when the MEVs are less variable.
The reliability of the MEVs had a minimal effect on the prediction results, especially for the ML
models. This is because we compared error-filtered models to the conventional models that do not
filter out measurement errors. Therefore, it does not matter to an extent (i.e. values of ν̆σ 2 up to
δ
150%) if the MEVs were reliable or not so reliable. Even if the specified MEVs were less reliable, for
example, suppose that the true MEVs are small, the specified MEVs would also overall be considered
small. In Christensen (2011) it was noted that the effect of changing ν̆σ 2 was more notable on
δ
the prediction results, but the author compared HFK to FK, two error-filtered models, and not an
error-filtered model to a conventional model as done in our paper.
It is also important to note that error-filtered ML models may perform worse than the conventional ML models when the average (relative to the variance of the underlying spatial process) and
relative variability of the MEVs are small, and when the reliability of the MEVs is low. Researchers
should therefore not incorporate weights to counter for measurement errors before establishing
that it will be beneficial to do so. In DSM we often have poor information about the MEVs,
and this may have been indeed the case for the Namibia case study. It is therefore important
that soil data producers not only report their soil measurements, but also the uncertainty of the
measurements (Laslett and McBratney, 1990; van Leeuwen et al., 2021).
In the synthetic case study we looked at a scenario where the response values were Gaussian
realisations which may take on negative values. In addition to the simulation study in Section 4,
we also performed a simulation study where the response values were also Gaussian realisations,
but the negative values were set to 0.01. It is a typical scenario in DSM to have a response variable
to be non-negative. The results and discussion are shown in Web Appendix F.
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6.2. Limitations and future research
In our proposed methodology in Section 2.3 we assumed a constant variance for ξ (si ) in Eq. (3).
This is not realistic, because ML models will usually perform better in different parts of the study
area (or in different parts of the feature space). Further research is therefore needed to investigate
how to adapt the proposed framework to accommodate for a non-constant variance, that is σξ2 (si ).
In the case of the RF model, a possible solution would be to use the variance derived from quantile
random forest (QRF) (Meinshausen, 2006). In addition, the RF and PPR models used in this study
do not have convex objectives, and therefore the two-stage alternating procedure in our proposed
framework may not converge. In case of the RF model this did not appear to be much of a problem.
Even though we did see improvements in FPPR relative to PPR in the simulation study and in the
case study, further research will be required to investigate how often PPR would converge, and how
the framework may be adapted to allow for similar models.
It was seen in the Namibia case study that the error-filtered models generally produced lower
predictions compared to the conventional models. This was also noted in Hengl et al. (2018) where
the predictions for the weighted RF were lower than the predictions of the unweighted RF model.
In our case study this was especially evident for the RK models, as seen in Fig. 7a where we
observe lower predictions for FRK (i.e. blue regions). This could be due to the correlation that
exists between the soil observations and the MEVs, as shown in Fig. 4. A possible way to deal
with this is to decorrelate the MEVs and the soil observations before they are entered into the
models. Christensen (2011) addressed this problem by using variance-stabilising transformations
to decorrelate the measurements and the MEVs.
In the Namibia study, where we mapped clay content, we did not observe any notable improvements in the error-filtered ML models. The main contributing factors to the under-performance of
the error-filtered models, were the small MEVs (relative to the variance of the underlying spatial
process) and the low variability of the MEVs. It will therefore be important to investigate these
characteristics of the MEVs for other soil properties and other spatial domains, in order to obtain
a knowledge pool of the performance of error-filtered ML models with various soil properties and
spatial domains.
No notable global differences were observed for prediction accuracy between the error-filtered
models and the conventional models in the Namibia case study. A similar conclusion was made
by Somarathna et al. (2018) where the authors compared a linear mixed model which accounts for
measurement errors to a linear mixed model that ignores the measurement errors when mapping
soil organic carbon. In our paper, we did observe greater local differences, especially for the PPR
and RF models. It would therefore seem that the error-filtered ML models might deem some
covariates more, or less important. Further research might therefore be necessary to understand
which covariates are deemed important between the error-filtered and the conventional ML model,
and why.
It is important to note that positional error can be translated into measurement error. When a
perfect measurement at a location, say s + a, is taken to represent a soil property at location s, with
a a possible positional error, then short-distance spatial variation means that the soil property at s
may differ from that at s + a. Therefore, even though the measurement at location s + a is error-free,
it still represents the soil property value at s with error. In light of this we could have augmented
the MEV, but also accounting for positional error was outside the scope of this paper.
Accounting for measurement errors may also lead to a decrease in the prediction variance
of a model. In Somarathna et al. (2018) the authors noted a significant decrease in prediction
uncertainty when accounting for measurement errors in a linear mixed model. In this paper we
did not investigate the effect of accounting for measurement errors on the prediction variances.
This is because the prediction variances of ML models are not readily available, unless additional
methods such as described in Hengl et al. (2018) are used.
Finally, the way we computed the validation metrics in a case where validation data have
measurement errors, is sub-optimal. This is because ideally one would like to give a more accurate
measurement not only a larger weight in prediction, but also in validation. Further research
may therefore be required to investigate ways of improving validation with error-contaminated
validation data.
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7. Conclusions
In this paper we introduced a two-stage maximum likelihood framework to deal with measurement errors in DSM when using ML models. In this framework the MEVs are incorporated as weights
into the log-likelihood function so that measurements with larger MEVs receive less weight when
the ML model is calibrated. We illustrated our framework with the PPR and RF models, and we
named these models FPPR and FRF. The performance of FPPR and FRF was also compared to that
of FRK, a regression kriging model that incorporates the MEVs through REML. We have shown, by
performing a comprehensive simulation study and by analysing a real-world case study, that by
incorporating MEVs into a ML model can lead to increase in prediction accuracy. In particular, our
results from the simulation study and the real-world case study lead us to understand that the
average size and the degree of the variability of the MEVs had a significant effect on the results of
FRK, FPPR and FRF. That is, larger, and more heterogeneous MEVs lead to greater performance of
these models. The reliability of the MEVs did not have such a great effect on model performance.
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