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ABSTRACT

Spatial interpolation is a crucial task in geography. As perhaps the most widely used interpolation methods, geostatistical
models-such as Ordinary Kriging (OK)-assume spatial stationarity, which makes it difficult to capture the nonstationary char-
acteristics of geographic variables. A common solution is trend surface modeling (e.g., Regression Kriging, RK), which relies on
external explanatory variables to model the trend and then applies geostatistical interpolation to the residuals. However, this
approach requires high-quality and readily available explanatory variables, which are often lacking in many spatial interpolation
scenarios-such as estimating heavy metal concentrations underground. This study proposes a Focal Feature Regression Kriging
(FFRK) method, which automatically extracts geospatial features to construct a regression-based trend surface without requiring
external explanatory variables. We conducted experiments on the spatial prediction of three heavy metals in a mining area in
Australia. In comparison with 17 classical interpolation methods, the results indicate that FFRK, which relies solely on extracted
geospatial features, consistently outperforms both conventional Kriging techniques and machine learning models that depend on
explanatory variables. This approach effectively addresses spatial nonstationarity while reducing the cost of acquiring explanatory
variables, improving both prediction accuracy and generalization ability.

space exploration, such as Mars mineral prediction, has been
recognized (Jiao et al. 2025). In such cases, spatial interpolation
remains a necessary step.

1 | Introduction

Spatial interpolation is one of the essential tasks in geography
(Lam 1983; Goodchild 2004; Luo, Lou, et al. 2025). Based on sam-
ples collected from the Earth’s surface (e.g., land and ocean), a
continuous surface is estimated by appropriately modeling the

From the perspective of modern spatial statistics, the earliest
interpolation methods are considered to belong to the category of

relationships between the samples (Webster and Oliver 2007).
With the new Earth observation technologies, such as remote
sensing, have emerged, the availability of many geographical vari-
ables has increased dramatically (Campbell and Wynne 2011;
Luo et al. 2022). However, there are still scenarios where the
distribution of variables can only be obtained through sam-
pling, such as the soil organic matter (Cheng et al. 2024) or
the elemental content under the ocean (Luo et al. 2023). In
addition, the potential of spatial interpolation method in deep

deterministic interpolation, such as Inverse Distance Weighting
(IDW) (Panigrahi 2021). They based on an assumption that the
value at a certain location can be obtained by inversely weighting
the distances from surrounding observed points (Tomczak 1998).
However, this approach neglects spatial dependencies and fails
to adequately consider the overall spatial distribution charac-
teristics and patterns of observed points, limiting its interpola-
tion accuracy. Geostatistical models were developed with a thor-
ough consideration of spatial dependence (Matheron 1963). For
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example, the original geostatistical method was Ordinary Krig-
ing (Cressie 1988). They interpolate based on the spatial variation
patterns in the data, resulting in more accurate and unbiased esti-
mation results. This approach has found extensive applications
across various fields—from geology and mining, where it is used
to predict unknown geological features or the distribution of min-
eral deposits, to agriculture, environmental science, and ecology.
The basic assumption of geostatistical models is second-order sta-
tionarity, which assumes that the variance between two samples
depends only on their distance and direction, regardless of their
absolute locations (Clark and Harper 1979).

However, the distribution of geographic variables can exhibit
non-stationary characteristics (Cantrell and Cosner 1991). For
example, when a study area contains multiple distinct terrain
structures, the distribution patterns of geographic variables often
vary (Anselin 2013). This phenomenon contradicts the assump-
tions of ordinary kriging, highlighting the need for interpolation
methods specifically designed for non-stationary features.

Many methods have been developed to enhance the Kriging
model to account for second-order spatial non-stationarity and
improve interpolation accuracy. The first and most straightfor-
ward solution for handling spatial second-order non-stationarity
is to divide the non-stationary surface into several homoge-
neous subregions (Luo et al. 2023). Within each subregion, spa-
tial stationarity holds, allowing for separate application of Ordi-
nary Kriging. A representative method following this approach is
Stratified Kriging (StK). However, modeling at partition bound-
aries can introduce discontinuities in the prediction results. To
do the stratified modelling while maintain the smooth of the pre-
diction result over space, some methods have been proposed to
comprehensively model spatial relationships, enabling the con-
struction of semivariogram functions for different strata. Notable
examples include P-MSN (Gao et al. 2020) and the Generalized
Heterogeneous Model (GHM) (Luo et al. 2023). P-MSN and GHM
provide effective stratified modeling solutions with improved
spatial continuity and accuracy compared to ordinary StK. How-
ever, they still suffer from the inherent drawbacks of stratified
modeling, namely, the effectiveness of this approach heavily
depends on the reliability of spatial partitioning algorithms. Fur-
thermore, partition-based modeling reduces the number of avail-
able samples within each subregion, which makes it challenging
to fit reliable semivariogram functions (Liu et al. 2021; Luo, Li,
et al. 2025).

The second solution is to model spatial non-stationary patterns
by decomposing the predicted values of geographic variables into
two components: a trend surface and spatial variability (Hengl
et al. 2007). The trend surface is assumed to be fitted by a deter-
ministic function, while the spatial variability represents a ran-
dom process that geostatistical methods can predict. Different
methods are developed to model the trend (Hengl et al. 2007).
When non-stationarity varies by region, location information can
be used to model the spatial trend, leading to the development
of Universal Kriging (Stein and Corsten 1991). In this approach,
a deterministic polynomial function is used to represent the
trend surface, while the residual spatial variability is captured
through a stochastic component. Regression Kriging (RK) gener-
alizes this idea by explicitly modeling the trend using a regression
model, which can include multiple explanatory variables (Hengl

et al. 2007). RK first fits a regression model to predict the trend
and then applies Kriging to the residuals (Hengl et al. 2004).
Because it integrates diverse information sources and allows for a
flexible choice of trend models, regression kriging often achieves
the highest predictive accuracy among Kriging-based interpola-
tion methods.

However, incorporating explanatory variables significantly
increases the cost of spatial interpolation and introduces more
uncertainty (Luo, Li, et al. 2025; Luo, Lou, et al. 2025; Lou
et al. 2025a, 2025b). Additionally, for many geostatistical tasks,
obtaining high quality explanatory variables remains a challenge
(Yao et al. 2023). For example, a classic kriging interpolation task
involves predicting mineral distribution. Despite the availability
of numerous satellite sensors for obtaining remote sensing data,
collecting explanatory variables for subsurface prediction is dif-
ficult. This presents a challenge for current spatial interpolation
methods, including geostatistical models.

The motivation of this study is to develop a regression kriging
method that does not require external variables and can address
spatial non-stationarity. When explanatory variables are unavail-
able, we can leverage the spatial patterns of geographic variables
to predict the trend surface—an approach that also serves as a
spatial feature engineering technique (Rey et al. 2023). This form
of feature engineering follows a long tradition in spatial statis-
tics (Griffith 2003; Tiefelsdorf and Griffith 2007). From a machine
learning perspective, it conceptually aligns with Deep Kernel
Learning (DKL), a hybrid paradigm that combines the structural
flexibility of neural networks with the probabilistic rigor of ker-
nel methods (e.g., Gaussian Processes) (Wilson et al. 2016). The
key distinction lies in their inductive biases: spatial feature engi-
neering typically relies on explicitly constructed spatial descrip-
tors or basis functions, often guided by statistical assumptions
or domain knowledge, whereas DKL formulates feature extrac-
tion as an optimization problem, learning a non-linear map-
ping from the input space to a high-dimensional latent feature
manifold in a data-driven manner. Nevertheless, a research gap
remains: DKL is commonly implemented as a standalone predic-
tive model, while spatial engineering is rarely treated as a flexible
and learnable trend component within classical spatial predic-
tion frameworks. To date, the synergy between these advanced
feature-learning paradigms and the classical Regression Kriging
framework has not been fully explored.

In this study, we propose the Focal-Feature Regression Kriging
(FFRK) method, motivated by the need to integrate spatial fea-
ture engineering techniques to address the lack of high-quality
explanatory variables in certain spatial interpolation scenar-
ios. The core premise of FFRK is that the trend component
of a geographic variable can be effectively captured by its
focal neighborhood. For each observation point, a set of focal
features—representing local dependence, spatial heterogeneity,
and geosimilarity—is extracted from the values and spatial con-
figurations of surrounding samples. By utilizing these intrinsic
focal features to construct a regression model, the method fits
a robust trend surface that accounts for non-stationarity with-
out the need for external covariates. Finally, the residuals are
employed to construct Ordinary Kriging for spatial interpolation.
To validate the performance of FFRK, we conducted a case study
in a selected region of Australia, focusing on the prediction of
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three heavy metal concentrations. Furthermore, FFRK was com-
pared against 17 classical spatial interpolation models.

2 | Focal Feature Regression Kriging

2.1 | Basic of Regression Kriging

Regression Kriging is a hybrid spatial prediction method that
combines a deterministic regression model with a geostatistical
interpolation model. The fundamental idea of RK is to separately
model the trend component and spatially correlated residuals,
allowing for a more flexible and accurate spatial prediction.

21.1 | General Formulation of Regression Kriging

Given an observed spatial variable Z(x) at location x, RK decom-
poses the spatial variation into two components:

Z(x) = m(x) + &(x) (€8]

where m(x) represents the deterministic trend component, which
captures large-scale variations and can be modeled using regres-
sion techniques, £(x) represents the spatially correlated residuals,
which account for small-scale variations and are modeled using
geostatistical interpolation.

2.1.2 | Trend Modeling via Regression

The trend component m(x) is typically modeled using a regression
function:

m(x) = g(X(x)) @

where g(-) is a regression model, which can be a linear regres-
sion, random forest, or any machine learning algorithm. X(x) is
a vector of explanatory variables at location x, which can include
environmental, demographic, or geospatial factors.

The regression model is trained using known data points

{x;, Z(x;)}_,- Once trained, this regression model can predict the
trend component at any location x,:

m*(x,) = gX(x,)) 3

where m(x,) is the predicted trend at the location x,,.

2.1.3 | Residual Modeling via Kriging

After estimating the trend component, the residuals at known
sample locations x; are computed as:

e(x;) = Z(x;) — m(x;) (C))
where the £(x;) is the residuals at the location x;.
These residuals are spatially correlated and modeled using geo-

statistical techniques. Using the fitted semivariogram, residuals
at unknown locations x, are interpolated using ordinary kriging:

£(x,) = Zwis(xi) (5)
i=1

where w; are kriging weights derived from the semivariogram
model.

21.4 | RKPrediction

The predicted value at an unknown location x, is obtained
by combining the regression-predicted trend and the kriging-
interpolated residual:

Z*(x,) = m"(x,) + €"(x,) (6)

where Z*(x,) is the predicted value at location x,, and

2.2 | Concept of FFRK

The most important feature of RK is its ability to fully utilize
explanatory variables to fit the trend, thereby improving the accu-
racy of ordinary kriging. However, its limitation is also evident: if
explanatory variables are difficult to obtain, the method becomes
unusable.

As is shown in Figure 1, the idea behind our proposed FFRK
is straightforward: in the absence of explanatory variables, we
replace them with the spatial distribution characteristics of the
predicted variable itself to perform regression kriging. Therefore,
FFRK follows the same algorithmic foundation as RK, with the
only difference being in trend fitting-rather than constructing a
regression model using explanatory variables, it is built based on
geospatial features.

Z(x) = m(x) + £(x) (7

m(x) = g(F(x)) ®)

where: g(-) is a predictive model, F(x) is the extracted geo-feature
vector.

Subsequently, the process of FFRK is entirely consistent with that
of RK: the trend surface m(x) is fitted based on geospatial features,
followed by residual computation and kriging interpolation of the
residuals.

2.3 | Geofeature Extraction

In spatial analysis, the interpolation accuracy highly depends on
the feature representations of the data. The framework of FFRK
can be combined with any kinds of geofeature, according to the
specific application.

In this study, as a showcase of the FFRK framework, we consider
three distinct types of geospatial features to capture both local
pattern and global pattern in spatial distributions (Figure 2).
These features are designed to provide a more comprehensive
representation of spatial processes and to enhance interpola-
tion performance. The first is the local trend feature, extracted
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FIGURE 2 | Three types of geofeatures for FFRK-based spatial interpolation used in this study, including local trend, local heterogeneity, and
geosimilarity.

using IDW, which describes the general directional pattern
of spatial structure in the neighborhood of each sample. This
feature reflects the core principle of Tobler’s First Law of Geog-
raphy, and helps characterize the local continuity of spatial
variables. The second is the local heterogeneity feature, which
captures intra-regional variability and unevenness by com-
puting statistical descriptors (e.g., quantiles) of neighboring
observations. This feature highlights the spatial heterogeneity

inherent in many geospatial phenomena. The third is the geosim-
ilarity feature, which measures statistical similarity between
sample points based on the local distributions used in the second
feature. Unlike traditional distance-based methods, this simi-
larity reflects environmental resemblance between distant loca-
tions, allowing the model to account for non-local spatial depen-
dencies and enhancing its ability to identify globally consistent
patterns.
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Each prediction location x, is associated with a feature vector:

F(x,) = [Frpw(x,), Fgyp(x,), Foos(x,)] )

where the three feature sets are computed as follows.

2.3.1 | Local Dependence: IDW Feature Extraction

The inverse distance weighting (IDW) method estimates the
value of a target point x, based on the weighted average of its k
nearest neighbors x;, where the weight decreases with distance.
The predicted value at x, is calculated as:

Y w,Z(x,)
fiow(x,) = Z*(x,) = El—lk—x (10)

i=1%i
where the weight w), is defined as:

w=— an
d(x,, x;)*

Here, d(x,, x;) denotes the Euclidean distance between the tar-
get point x, and the neighboring observation x;, and « is a
power parameter that controls the degree of distance decay. The
extracted spatial feature fipy(x,) is thus the interpolated value at
the target location derived from nearby observations, reflecting
the local spatial dependence structure. The extracted IDW-based
feature for each point is:

Fipw(x,) = [fipw(x,)] (12)

2.3.2 | Local Heterogeneity: Spatially Varying
Distribution

We refer to the quantile-based characterization of local neigh-
borhoods as the Spatially Varying Distribution (SVD) feature,
which captures the local statistical structure of spatial data. The
extracted feature vector Fgyp(x,) provides a structured represen-
tation of local heterogeneity. By incorporating SVD into spatial
modeling, we can effectively account for local non-stationarity
and spatial variability, making interpolation more adaptive to
complex spatial structures.

First, given a target location x,, we define its neighborhood
N, «(x,) as the set of its k nearest observed points:

Nk(xp) = {x;|d(x;,x,) is among the k smallest distances} (13)

where the distance d(x;,x,) is computed using the Euclidean
metric.

Second, for each point x,,, we compute the empirical quantiles of
the variable Z(x) within its neighborhood WV, (x o)

Q,(x,) = Quantile({Z(x,-)lx,- e ./\/k(xp)},q) (14)
where Q,(x,) represents the gth quantile of the observed values

among the k nearest neighbors, with ¢ < k to ensure valid quan-
tile computation.

Third, the final SVD feature vector for location x » consists of mul-
tiple quantile values across different probability levels:

Foup(x,) = [0, (x,), 0, (x,). -, Q, (x,)] as)

where {q,.q,, ...,q,} represents the predefined quantile levels
(e.g., g € {0,0.05,0.10, ...,1.0}).

2.3.3 | Geosimilarity: GOS Feature Extraction

The Geographically Optimal Similarity (GOS) method is selected
to being as the third geofeature to estimate the target variable at
unknown locations (Song 2023). GOS identifies spatial configu-
rations with similar structures to make predictions.

First, we define the spatial configuration of each observed loca-
tion based on extracted features. For each observed location x;, we
define its spatial configuration based on a set of extracted features

FSVD(xp)'

Second, the similarity between an unknown location X, and an
observed location x; is defined as:

S(x;,x,) = P{Ej(fSVD,j(xi)’ fSVD.j(xp))} (16)

Here, E| denotes the similarity function for the jth latent feature
extracted via SVD, and P is an aggregation function that com-
bines the individual feature-wise similarities into a single similar-
ity score between locations x; and x,,. Following the design of GOS
methods (Zhu et al. 1997; Song 2023), we adopt the minimum
operator as the aggregation function P. This conservative aggre-
gation strategy ensures that two locations are considered similar
only if they are similar across all dominant features, which has
been shown to be effective in spatial similarity modeling (Zhu
et al. 2015).

For continuous spatial features, we define E ; as:

Feoon (X)) = Foun 2
Ej(xivxp)=exp(—( svp,; (%) = Fsyp ;(x,)) ) a7

2
20 r
where o; represents the standard deviation of feature j.

Third, instead of using all observations for prediction, GOS selects
only the most similar locations. The optimal similarity threshold
S, is determined by minimizing prediction errors:

A = argminRMSE(x) (18)
where « is the proportion of the most similar samples used

for prediction, and RMSE is the root mean square error from
cross-validation.

Fourth, the prediction at x,, is computed as:

ZieM Sy(x;, x,) Z(x;)
Z[EN} S/l(xi’ xp)

(19)

Foos(x,) =

where W, is the set of selected observations with similarity
above ;.
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FIGURE 3 | Workflow of the local heterogeneity and geosimilarity features. The left panel captures local heterogeneity via quantile-based distri-
bution modeling, denoted as Fgyp(x,). The right panel leverages these distributional features to perform geosimilarity-based estimation, denoted as

Fgos(x,), through similarity matching and weighted aggregation.

Figure 3 illustrates the computational workflows of Fgyp(x,)
and Fgog(x,). The Fgyp module (Left panel) captures local
heterogeneity by extracting a set of quantiles from the attribute
values within the neighborhood W, (x,). Each sample point
is subsequently represented by a feature vector composed of
these quantiles, thereby encoding its local statistical distribution.
Right panel demonstrates the estimation of Fgog(x,), which
builds upon the pre-computed Fgy, feature vectors. By evalu-
ating the similarity between the target feature vector and those
of its neighbors, the method identifies a subset of the most
similar candidates. The final estimate Fgog(x,) is obtained
through a similarity-weighted aggregation of the selected
neighbors.

24 | Regression Kriging With Geofeatures

Combining all three components, we define the final spatial fea-
ture vector:

F(x,) = [Fipw(x,): Feyp(x,): Foos(x,)] (20)
where: Fipw(x,) captures local dependence. Fgyp(x,) captures
local heterogeneity using statistical quantiles. Fgog(x,) cap-
tures global similarity based on regression over spatially similar
regions.

The final feature vector has a total of:
dim(F) = 1 + dgyp + 1 (21)
where: 1 represents the IDW feature. dgy, represents the number

of quantile-based SVD features (which can be adjusted based on
resolution). 1 represents the GOS similarity feature.

A machine learning regression model g(F) is trained on known
observations, which captures the large-scale trend:

Z rend(x) = g(F(x)) (22)
where Z,,. 4(x) is the trend value at the location x.

The final step is to interpolate the residuals and combine them
with the predicted trend using ordinary kriging.

3 | Case Study: Mapping Trace Elements With
FFRK
3.1 | Study Area and Data

In this work, we use trace element data of Cu, Pb, and Zn (mea-
sured in parts per million, ppm), from one region of Australia
to test the performance of FFRK. We concentrated on the geo-
graphic variability of the three elements for the trace element
distribution because these elements are well known to be impor-
tant markers of environmental contamination and are essential
for evaluating ecological health. The spatial distributions of trace
elements are shown in Figure 4.

We included nine environmental explanatory variables in alpha-
betical order to examine the factors influencing their spatial pat-
terns: slope, road network density (Road), normalized difference
vegetation index (NDVI), distance to major roads (MainRd), dis-
tance to lithology (Dlith), distance to fault lines (Dfault), soil
organic carbon (SOC), soil pH levels, and water distribution.
These variables were selected for their relevance in character-
izing and predicting the distribution of trace elements. The cal-
culation of the variables, such as Dlith, Dfault, is referenced
in (Song 2023). Table 1 summarizes the descriptive statistics of
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TABLE1 | Descriptive statistics of environmental variables.

Variable Code Mean Min Median Max SD CvV

Distance to water (km) Water 1.114 0.000 0.648 7.696 1.188 1.067
Distance to mainroads (km) MainRoads 19.991 0.010 17.485 58.371 14.219 0.711
Distance to roads (km) Roads 9.817 0.002 7.953 50.141 8.363 0.852
Distance to mine (km) MineKm 14.785 0.025 11.425 56.638 12.117 0.820
Slope (degree) Slope 0.275 0.008 0.246 1.712 0.161 0.585
Normalized difference vegetation index NDVI 0.178 0.062 0.180 0.251 0.024 0.135
Soil organic carbon SOC 0.868 0.686 0.870 1.066 0.053 0.061
Soil pH pH 5.741 5.113 5.753 6.178 0.178 0.031
Distance to lithology (km) for Cu Dlith, 9.132 0.000 7.147 39.839 7.769 0.851
Distance to lithology (km) for Zn Dlith,, 8.150 0.000 6.229 39.839 7.637 0.937
Distance to lithology (km) for Pb Dlithp, 3.363 0.000 2.627 15.946 3.020 0.898
Distance to fault (km) for Cu Dfaultc, 16.070 0.001 13.285 54.765 12.150 0.756
Distance to fault (km) for Pb Dfaultp, 12.017 0.003 11.111 43.471 8.090 0.673
Distance to fault (km) for Zn Dfault,, 14.174 0.001 11.844 52.697 10.851 0.766
Elevation (m) Elevation 482.699 398.050 485.128 588.649 36.700 0.076
Aspect (degree) Aspect 171.645 0.751 174.126 358.712 90.576 0.528

all explanatory variables, including the mean (Mean), minimum
(Min), median, maximum (Max), standard deviation (SD), and
coefficient of variation (CV).

3.2 | Experiment Design

Figure 5 illustrates the experimental design of this study, which
aims to validate the reliability of the proposed FFRK method.
The prediction target is the In-transformed concentrations of
heavy metals (Cu, Pb, and Zn, measured in ppm). For the target
variable, we computed its three-dimensional geofeatures, includ-
ing dependence, heterogeneity, and similarity. Subsequently,
we selected four types of machine learning models—Ilinear
model (LM), decision tree (DT), random forest (RF), and sup-
port vector machine (SVM)—to predict the trend of the tar-
get variable. After obtaining the residuals by comparing the
predicted trend with observations, we applied ordinary kriging
for spatial interpolation of the residuals. Finally, the predicted
trend and interpolated residuals were combined to produce the
prediction.

We compare our proposed method with several represen-
tative baselines, including classical geostatistical approaches,
machine learning models, and their stratified and hybrid vari-
ants. First, Ordinary Kriging serves as the foundational geosta-
tistical method and is used as a baseline for performance com-
parison. Second, we consider machine learning models, which
directly establish predictive relationships between explanatory
variables and the target variable. In this study, we employ four
commonly used models: Linear Regression (LM), Decision Tree
Regression (DT), Random Forest Regression (RF), and Support
Vector Machine Regression (SVM).

Third, stratified models are introduced to better account for spa-
tial heterogeneity. These models partition the study area into
multiple subregions based on homogeneity analysis, with sepa-
rate machine learning models trained within each region. The
same four algorithms (LM, DT, RF, and SVM) are applied in each
subregion. The spatial partitioning is conducted using a decision
tree, which segments the domain based on geographic coordi-
nates (longitude and latitude) as well as trace element values. In
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FIGURE5 | Experimental design for evaluating the performance of FFRK in comparison with other interpolation models.

addition to stratified machine learning models, we also include
stratified kriging, resulting in a total of five stratified models.

Fourth, we evaluate RK, a hybrid method that combines trend
modeling and spatial interpolation. Specifically, a machine
learning model (LM, DT, RF, or SVM) is used to estimate the
trend, and the residuals are then interpolated using kriging.
Finally, we present our proposed method, FFRK. Similar to RK,
FFRK follows a two-step structure but incorporates a feature
selection process prior to regression. The four variants of FFRK
correspond to the four regression models used: FFRK (LM),
FFRK (DT), FFRK (RF), and FFRK (SVM).

In total, we compared 18 models. Among them, only Ordi-
nary Kriging, Stratified Kriging, and four FFRK models do
not require any explanatory variables, whereas the other
three model categories require nine explanatory variables as
inputs.

In the FFRK model, two hyperparameters are involved. The first
is K, which defines the number of neighboring sample points
used to compute geo-features and fit the semivariogram. The sec-
ond is the quantile interval, used in the second geo-feature to
characterize the statistical information within the neighborhood
of each sample point. In this study, we set K = 15 and the quantile
interval = 5%, following the settings adopted in a previous study
(Song 2023). A sensitivity analysis of these two hyperparameters
and their impact on the performance of FFRK is presented in
Section 3.4.2.

3.3 | Cross-Validation and Model Evaluation

In this study, we adopted 10-fold cross-validation to evalu-
ate the prediction performance and generalization capability
of the proposed FFRK method and baseline models. Specifi-
cally, the dataset was randomly divided into ten subsets of equal
size. In each iteration, nine subsets served as the training set,
while the remaining subset was reserved as the validation set.
This training-validation procedure was repeated ten times, with
the averaged results across the ten iterations representing the
final model performance. This approach effectively mitigates the

instability arising from a single random partition and enhances
the robustness of model evaluation.

In particular, for Stratified Models, we employed a regression tree
to partition the study area spatially, and subsequently performed
stratified sampling based on the distribution of the target vari-
able. This ensured consistent internal data distribution across
each of the ten folds constructed for cross-validation.

Moreover, the cross-validation process was utilized for model
parameter optimization. Optimal parameters for each machine
learning model were determined by minimizing the mean RMSE
obtained from cross-validation. Finally, each model was retrained
once using the complete dataset to derive globally optimal param-
eters, and the resulting optimized models were preserved for sub-
sequent global spatial predictions.

To further evaluate the generalization performance of the pro-
posed FFRK, we conducted an additional 80/20 train-test split
experiment. The results are presented in Appendix A.

3.4 | Results

34.1 | Accuracy Evaluation

Figure 6 presents the spatial interpolation results of FFRK
together with two stratified models, Stratified RK and STK. We
chose LM as the representative machine learning regression
method. For other categories of ML prediction results, readers
may refer to (Song 2023). Our results show that the STK method
produces predictions with pronounced artificial boundaries and
the least local spatial detail. Stratified RK provides richer spa-
tial details, though boundary effects remain, albeit less promi-
nently than in STK. In contrast, FFRK eliminates artificial bound-
ary issues while still offering sufficient spatial detail. The subse-
quent accuracy assessment further demonstrates that FFRK also
achieves the best predictive performance.

Figure 7 presents the accuracy results of 13 global modeling
approaches for predicting the concentrations of three heavy
metals, evaluated using RS, RMSE, and MAE. Among these
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FIGURE 6 | Spatial distributions of the predicted concentrations of three trace elements (Cu, Zn, and Pb) obtained from FFRK, Stratified RK, and
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TABLE2 | Mean R?, MAE, and RMSE for different models and elements (K= 2 to 10).

Element Model Mean R? Mean MAE Mean RMSE

Cu Stratified_Kriging 0.3584 0.6720 0.8964

Stratified_LM 0.3738 0.6699 0.8978

Stratified_DT 0.3009 0.7114 0.9486

Stratified_RF 0.4115 0.6406 0.8705

Stratified_SVM 0.4205 0.6318 0.8637

Zn Stratified_Kriging 0.3791 0.4830 0.6287

Stratified_LM —6.4581 0.5559 1.5290

Stratified_DT 0.3546 0.5054 0.6613

Stratified_RF 0.4367 0.4575 0.6179

Stratified_SVM 0.4147 0.4725 0.6298

Pb Stratified_Kriging 0.2747 0.5277 0.6958

Stratified_LM 0.1043 0.5040 0.7462

Stratified_DT 0.2178 0.5296 0.7041

Stratified_RF 0.4063 0.4399 0.6137

Stratified_SVM 0.3776 0.4474 0.6283

methods, 12 involve the use of ML models, with the exception of
ordinary kriging. To ensure a fair comparison, we categorized the
methods into four groups based on the ML model used for trend
modeling: LM-based, DT-based, RF-based, and SVM-based.

The results indicate that the FFRK method, despite not incor-
porating any explanatory variables, achieves significantly higher
accuracy than both standalone ML models and regression models
based on ML modeling. The latter two approaches utilized nine
explanatory variables and a large dataset but failed to yield higher
prediction accuracy. For example, in Cu prediction, the RS val-
ues of FFRK with LM-, DT-, RF-, and SVM-based trend modeling
exceeded those of regression kriging using the same ML models
by 73.72%, 40.31%, 26.87%, and 21.27%, respectively. The most
significant improvement was observed in Pb prediction, where
FFRK with DT-based trend modeling achieved an RS of 0.27, sur-
passing regression kriging and the DT model by 0.07 and 0.03,
respectively.

In Table 2, we present the results of five stratified modeling
approaches. First, we partitioned the spatial domain into multiple
homogeneous subregions based on the values of explanatory vari-
ables. Within each subregion, we decomposed and fitted separate
models to perform spatial predictions. Finally, we evaluated the
overall prediction accuracy across the entire study area. To assess
the impact of stratification, we experimented with different num-
bers of partitions, ranging from 2 to 10, and calculated the average
accuracy. The results indicate that compared to global modeling
approaches, including OK and various machine learning models,
stratified modeling can effectively improve prediction accuracy,
as discussed in the Introduction. However, its performance
still falls short of that achieved by the FFRK method. In some
cases, stratification resulted in over-segmentation, where certain
subregions contained too few observations, leading to model

underfitting and significantly reduced predictive performance.
Additionally, stratified modeling introduced abrupt and unre-
alistic discontinuities in the final spatial interpolation results,
which arose due to artificial boundaries between partitions.

3.4.2 | Sensitivity Analysis for the Hyperparameter
in FFRK

In Kriging-based methods, an hyperparameter is the number of
neighboring points used when fitting the semivariogram and per-
forming interpolation. In the previous experiments, to ensure a
fair comparison among different methods, we set the number
of nearest neighbors (k) to 15 for all models. In this section, we
assess the sensitivity of different methods to k. Figure 8 presents
the accuracy of FFRK and RK models under varying numbers of
neighboring points.

The results indicate that for the same type of ML model used
in trend modeling, FFRK (dashed line) consistently outperforms
RK (solid line) across most k values, demonstrating higher RS
and lower RMSE. However, there are a few exceptions. For
instance, when k is less than 11 in Zn prediction, the RF-based RK
model achieves higher accuracy than the RF-based FFRK model.
Despite this, FFRK based on LM and DT still significantly outper-
forms RK when k is below 11. This discrepancy may be attributed
to the distribution characteristics of Zn: when k is small, the
geofeatures used by FFRK may not provide sufficient informa-
tion to properly fit the RF model. In contrast, the RK method,
which utilizes nine explanatory variables, has enough informa-
tion for RF to achieve better fitting. However, for the relatively
simpler LM and DT models, the geofeatures in FFRK provide suf-
ficient information, enabling FFRK to surpass RK in predictive
performance.
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FIGURE 8 | The sensitivity analysis for the k value.

In the second category of geofeatures, we sample the value distri-
bution of surrounding sample points for each predicted location.
This sampling is based on fixed quantile intervals, such as 1%
or 5%. In the previous experiments, we selected a 5% quantile
interval, resulting in 20 features in this geofeature category. To
assess the sensitivity of FFRK to this parameter, we varied the
quantile interval from 5% to 50% and evaluated its impact on the
results. Figure 9 shows that the FFRK method is relatively robust
to changes in the quantile sampling interval. The maximum fluc-
tuation in RS is approximately 0.05, while the highest variation in
RMSE is only around 0.02.

3.43 | Generalized Regression Kriging

In previous experiments, we have demonstrated that FFRK,
despite not requiring any explanatory variables, can outper-
form RF models that utilize multiple explanatory variables solely
through the extraction of geofeatures. Here, we propose a new
question: if geofeatures and explanatory variables are integrated
together for trend modeling, can the predictive performance be
further improved? We define this approach, which incorporates
both geofeatures and explanatory variables, as generalized regres-
sion kriging (GRK).

The results, shown in Figure 10, indicate that across three differ-
ent datasets and 12 prediction tasks (based on four ML models
for trend modeling), GRK outperforms FFRK in 10 cases and sig-
nificantly surpasses RK in all cases. The two exceptions occur in
Cu and Zn prediction tasks when DT is used for trend modeling,
where FFRK, relying solely on geofeatures, achieves a slightly
higher RS than GRK, which includes explanatory variables.

These findings suggest that incorporating more information into
trend modeling enhances the performance of regression kriging

10 12 14 16 18 20 6 8 10 12 14 16 18 20

.LM .DT .RF SVM

FFRK — RK

models. The proposed GRK model is particularly suitable for spa-
tial interpolation tasks where explanatory variables are available.
Compared to conventional regression kriging, which relies solely
on explanatory variables, integrating geofeatures into trend mod-
eling leads to substantial improvements in predictive accuracy.

4 | Discussion

Regression Kriging is a highly effective spatial interpolation
model for addressing second-order spatial non-stationarity,
which fits a trend surface based on explanatory variables and then
performs kriging on the residuals. However, in many spatial inter-
polation tasks, it is often difficult to obtain explanatory variables,
or to find variables that are sufficiently suitable, which greatly
limits the applicability of regression kriging.

This work proposes a novel interpolation method for regres-
sion kriging under spatial non-stationarity without relying on
explanatory variables, called FFRK. FFRK substitutes the tra-
ditional need for explanatory variables in trend surface fitting
by creating features—termed geofeatures—based on the spa-
tial distribution patterns of geographic variables. In this study,
we introduce three categories of geofeatures, derived respectively
from spatial dependence, spatial heterogeneity, and geographic
similarity.

We apply FFRK to a case study involving the spatial distri-
bution of three heavy metal concentrations in a region of
Australia. We also compare the performance of FFRK against
17 other interpolation methods of various types, demonstrat-
ing that FFRK achieves the highest predictive accuracy. In
Appendix B, we present a collinearity analysis between the
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constructed geofeatures and the target variable (i.e., heavy metal
concentrations), including Pearson correlation and variance
inflation factor (VIF). The results demonstrate that the derived
features provide informative yet non-redundant signals, as evi-
denced by their relatively low VIF values. This highlights the
value of spatial feature engineering in enhancing the predictive
performance of kriging-based models.

FFRK achieves superior performance without using any explana-
tory variables, outperforming other methods that do use explana-
tory variables, including machine learning models and regression
kriging. This showcases the advantage of using features derived
from the spatial distribution itself in regression kriging. How-
ever, the advantage does not imply that such spatial distribution

features can entirely replace information from traditional
explanatory variables. For the specific case study in this
paper-predicting heavy metal concentrations-it is particularly
difficult to identify suitable, large-scale, readily available explana-
tory variables. In most spatial prediction tasks, large-scale remote
sensing observations are typically relied upon. However, subsur-
face distributions are often poorly represented by surface-level
features detectable through remote sensing. This is precisely
the application scenario that FFRK aims to address. As shown
in Figure 10, when both explanatory variables and geofeatures
are used together (a model we refer to as GRK), the prediction
accuracy generally improves further compared to FFRK alone. In
addition, to assess the individual contribution of different geofea-
tures, we conducted an ablation study by removing or combining
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feature types. As shown in Appendix D, the full-feature FFRK
consistently achieved the best predictive performance across
metals. We also examined the necessity of the regression
kriging component in FFRK through an additional ablation
analysis. Specifically, we compared FFRK with its kriging-free
counterpart, Focal Feature Regression (FFR), which directly
uses the extracted geofeatures for prediction without residual
interpolation. The detailed results are reported in Appendix E.

FFRK is a general spatial feature engineering framework embed-
ded within RK, allowing users to design task-specific geospatial
features based on their domain knowledge and research goals. In
this study, we demonstrate one implementation using three types
of features-local dependence, local heterogeneity, and geosimi-
larity. While these features have shown consistent effectiveness
in the context of heavy metal concentration prediction. However,
the construction of local heterogeneity and geosimilarity features
requires a sufficient number of neighboring observations (e.g.,
more than 10) around the target location. When this condition is
not met, the resulting quantile-based descriptors may lack the sta-
tistical robustness needed for accurate prediction. In future work,
we plan to develop adaptive spatial feature extraction strategies
that dynamically determine the neighborhood size and composi-
tion based on local data density and spatial context.

5 | Conclusion

We propose FFRK, a generalizable regression kriging frame-
work that mitigates the need for high-resolution covariates
by engineering spatial features directly from the target vari-
able’s spatial distribution. Addressing key limitations in existing
methods—such as reliance on external variables and assump-
tions of spatial stationarity—FFRK captures spatial dependence,
local heterogeneity, and geographic similarity to construct a
robust trend surface. We demonstrate the effectiveness of FFRK
through a spatial prediction task involving the distribution
of three heavy metal concentrations in a region of Australia.
FFRK outperforms traditional kriging, machine learning, and
stratified methods, offering a practical solution for large-scale,
non-stationary spatial interpolation tasks where explanatory data
are scarce or unavailable. This work contributes to GIScience by
demonstrating that spatial features alone can effectively support
predictive modeling. However, FFRK’s performance depends on
the spatial density of observations. Future work will explore
its extension to spatiotemporal settings and automated feature
learning for broader applicability.
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Information section. Data S1: Supporting Information.

Appendix A

Generalization Evaluation with 80/20 Split

In the Section 3, we presented model evaluation results based on 10-fold
cross-validation. To further assess the generalization capability of the pro-
posed FFRK method in real-world applications, we conducted an addi-
tional 80/20 holdout experiment, in which the entire dataset was ran-
domly split into 80% for training and 20% as an independent test set.
Within the training set, we performed cross-validation to tune hyperpa-
rameters and identify the optimal configurations for each machine learn-
ing model. The final models were then fitted on the full training set and
evaluated on the independent test set. As shown in Supporting Informa-
tion: Figure S1, FFRK consistently outperformed other approaches on the
test set, achieving the lowest errors and highest R scores for most metals.
In many cases, the predictive accuracy was substantially improved. The
only exceptions were in Cu prediction using RF and DT models, where
the original machine learning models and RK-based approaches slightly
outperformed FFRK.

Appendix B

Multicollinearity Analysis of Spatial Features

In this study, we constructed several neighborhood-based spatial sta-
tistical features derived from the distribution of the target variable
within local neighborhoods. This design raises potential concerns about
collinearity or redundancy between the derived features and the response
variable. To assess the validity and stability of these spatial features, we
conducted a collinearity analysis. Specifically, we computed the Pear-
son correlation coefficients between each feature and the target variable
(i.e., heavy metal concentrations), as well as the variance inflation fac-
tors (VIF) to evaluate multicollinearity among predictors. As shown in
Supporting Information: Figure S2, most spatial features exhibit moder-
ate correlations with the target variable, typically in the range of 0.3 to
0.6, suggesting that they contribute relevant but non-redundant informa-
tion. All VIF values are below 2, indicating a low risk of multicollinearity.
Moreover, the neighborhood information used to compute these features
is entirely drawn from other training samples, and the target value of the
prediction location is never used in feature construction. As such, this
modeling approach does not involve data leakage and remains applicable
to real-world prediction scenarios.

Appendix C

Multicollinearity Analysis of Covariates

To ensure the fairness and rigor of the comparative experiments, a system-
atic validity analysis was conducted on the nine selected external covari-
ates. This analysis aims to verify whether these environmental factors
provide substantial explanatory power for the benchmark models-such
as Regression Kriging and Machine Learning-rather than introducing
redundant information.

A multi-dimensional statistical testing framework was employed for this
evaluation. First, the VIF was utilized to assess multicollinearity, ensur-
ing the independence of the input features. Second, the contribution of
each feature was quantified using both Linear Model and Random For-
est: the LM estimates weight coefficients via ordinary least squares and
tests statistical significance through P-values; meanwhile, the RF employs
an ensemble learning mechanism to measure feature importance by cal-
culating the Increase in Mean Squared Error (IncMSE) after permut-
ing specific features, thereby capturing their roles in complex non-linear
relationships.

The results, as summarized in Supporting Information: Table S1, demon-
strate that all selected external covariates performed robustly across the
prediction tasks for the three elements. First, the VIF values for all vari-
ables ranged from 1.07 to 3.78, remaining well below the conservative
threshold of 4. This indicates the absence of severe multicollinearity and
confirms the independence and non-redundancy of the selected envi-
ronmental features. Regarding statistical significance, the majority of
variables exhibited high explanatory power within the linear framework
(P < 0.05). For instance, in Cu prediction, Dlith (P < 0.001) and NDVI
(P < 0.001) showed highly significant linear correlations. Similarly, for
Pb and Zn, factors such as SOC and pH maintained consistently high
significance across all tests. Notably, for the few variables that did not
reach statistical significance in the linear models-such as Road density in
Cu prediction (P = 0.1679) or Dfault in Zn prediction (P = 0.2348)-they
nonetheless displayed substantial contributions in the Random Forest
model, with IncMSE values of 15.27 and 30.86, respectively. This dis-
parity suggests that these factors may influence heavy metal distribu-
tion through complex non-linear mechanisms that LM fails to capture,
yet RF effectively utilizes. In conclusion, this multi-dimensional anal-
ysis confirms that the benchmark models (RK and ML) are operating
under high-quality, high-relevance feature inputs. This evidence provides
arigorous baseline for comparison, further highlighting the architectural
advantage of the proposed FFRK, which achieves superior accuracy with-
out relying on these external environmental covariates.
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Appendix D

Ablation Study on the Contribution of Spatial Feature Types

In our study, we developed the FFRK framework for spatial prediction
of heavy metal concentrations by incorporating three types of spatial fea-
tures: local dependence, local heterogeneity, and geo-similarity. To assess
the individual contribution of each feature type, we conducted an abla-
tion study involving four combinations of spatial features.

The results are presented in Figure S3. Across all three metals (Cu, Zn,
and Pb), the full-feature FFRK consistently achieved the best perfor-
mance in both RMSE and R§ metrics (see comparison with Figure 10),
suggesting that the three spatial components offer complementary infor-
mation and jointly enhance model generalization. Notably, we also
observed that local dependence alone already provides strong predictive
power and often outperforms combinations of local heterogeneity and
geo-similarity. However, in more complex machine learning models such
as RF, relying solely on local dependence leads to a marked drop in per-
formance, indicating the necessity of incorporating higher-dimensional
spatial features in such cases.

Appendix E

Ablation Study on the Role of Residual Kriging

FFRK utilizes a two-stage architecture that decouples large-scale deter-
ministic trends from local spatial residuals. Four ML models were
employed to estimate the trend based on extracted geofeatures; the result-
ing residuals were then interpolated via OK and reintegrated with the
trend predictions. To isolate the specific contribution of the kriging com-
ponent, we introduced Focal Feature Regression (FFR) as an ablation
baseline. In FFR, the extracted geofeatures are directly used as inputs to
machine learning models for prediction, without performing kriging on
residuals. This additional experiment allows us to isolate the contribution
of the kriging component and to evaluate the trade-off between model
complexity and predictive performance.

The performance of FFR and FFRK was compared across four base
learners-LM, RF, DT, and SVM-using identical three-dimensional geofea-
tures and cross-validation protocols. Evaluation metrics (R?, MAE, and
RMSE) were averaged across three heavy metals (Cu, Zn, and Pb). As
shown in Supporting Information: Table S2, the utility of residual kriging
is highly dependent on the base learner. For LM and DT, FFRK consis-
tently yielded higher accuracy, suggesting that kriging effectively captures
spatial dependencies that these simpler learners overlook. Conversely,
for Random Forest, FFR performed slightly better, indicating that pow-
erful nonlinear models may inherently internalize the spatial structures
embedded within geofeatures, thereby marginalizing the benefits of addi-
tional kriging. FFRK also provided consistent, albeit moderate, improve-
ments for SVM. Collectively, these findings confirm that residual kriging
is a complementary rather than redundant step, enhancing robustness
across diverse learners-particularly those with limited capacity to model
spatial autocorrelation-without introducing systematic overfitting.
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