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Abstract

In Cartography, interpolation methods are used to identify the spatial arrangement of a variable by estimating unknown values based on sample
points. Although they are increasingly used in social and human sciences, in general, in these fields of knowledge, there is no concern regarding the
use of the ideal interpolator. Considering this research question, this paper presents an evaluation of the three most used methods for the spatial
interpolation of socioeconomic variables: Inverse Distance Weighting (IDW), Thin Plate Spline (TPS) and Kriging. The performances of the three
methods for interpolating a real socioeconomic variable (average land prices per square meter in a Brazilian city) are compared to the respective
results for a physical variable (hypsometry by quoted points). The evaluation of the interpolators was performed based on visual analysis of the
spatialization, and with cross-validation statistics using two error metrics (Mean Absolute Error and Root Mean Squared Error). In general, the
results indicate that the socioeconomic variable was interpolated more efficiently by the Kriging method, while the IDW and Spline interpolators
performed better for the physical variable.

Keywords: Socioeconomic Variables, Spatial Interpolation, Inverse Distance Weighting, Thin Plate Spline, Kriging.

Resumo / Resumen

AVALIACAO DE METODOS DE INTERPOLACAO ESPACIAL PARA VARIAVEIS SOCIOECONOMICAS

Em Cartografia, os métodos de interpolagdo sdo utilizados para identificar o arranjo espacial de uma varidvel, por meio da estimagdo de valores
desconhecidos com base em pontos amostrais. Apesar de serem cada vez mais utilizados nas ciéncias sociais ¢ humanas, em geral, nesses campos
do conhecimento, ndo ha uma preocupagdo quanto ao uso do interpolador ideal. Tendo em vista essa questdo de pesquisa, o presente trabalho
apresenta uma avaliacdo dos trés métodos mais utilizados para a interpolagdo espacial de variaveis socioeconomicas: Inverso da Distancia
Ponderada (IDW), Thin Plate Spline (TPS) e Krigagem. Sdo comparadas as performances dos trés métodos para a interpolagdo de uma variavel
socioecondomica real (pregos médios de terrenos por metro quadro em uma cidade brasileira) aos respectivos resultados para uma variavel fisica
(hipsometria por pontos cotados). A avaliagdo dos interpoladores foi realizada com base em analise visual da espacializa¢ao, e com estatisticas de
validagdo cruzada utilizando duas métricas de erro (Erro Médio Absoluto e Erro Quadratico Médio). De modo geral, os resultados indicam que a
variavel socioecondmica foi interpolada de maneira mais eficiente pelo método de Krigagem, enquanto que os interpoladores IDW e Spline
apresentaram melhor desempenho para a variavel fisica.

Palavras-chave: Variaveis socioecondmicas, Interpolacdo espacial, Inverso da Distancia Ponderada, Thin Plate Spline, Krigagem.

EVALUACION DE METODOS DE INTERPOLACION ESPACIAL PARA VARIABLES SOCIOECONOMICAS

En Cartografia, los métodos de interpolacion se utilizan para identificar la distribucion espacial de una variable, mediante la estimacion de valores
desconocidos a partir de puntos muestrales. Aunque su uso es cada vez mas frecuente en las ciencias sociales y humanas, en general, en estos
campos no existe una preocupacion por emplear el interpolador ideal. Ante esta problematica, el presente trabajo evaliia los tres métodos mas
utilizados para la interpolacion espacial de variables socioeconémicas: Inverso de la Distancia Ponderada (IDW), Thin Plate Spline (TPS) y Kriging.
Se comparo el desempeiio de los tres métodos en la interpolacion de una variable socioecondmica real (precios medios de terrenos por metro
cuadrado en una ciudad brasilefia) con los resultados obtenidos para una variable fisica (hipsometria por puntos cotados). La evaluacion se basé em
analisis visual de la espacializacion y validacion cruzada con dos métricas de error (Error Medio Absoluto y Error Cuadratico Medio). Los
resultados indican que la variable socioecondmica se interpolé con mayor eficiencia mediante Kriging, mientras que IDW y Spline mostraron mejor
desempefio para la variable fisica.

Palabras-clave: Variables Socioeconomicas, Interpolacion Espacial, Inverso de la Distancia Ponderada, Thin Plate Spline, Kriging.
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INTRODUCTION

In a broad definition, interpolation is the process of constructing a new set of data from previously
known discrete point values. In Cartography, it becomes a powerful tool, as from sampling and data
collection of some points referring to a geographic variable, it is possible to employ an interpolator and,
from it, identify the spatial arrangement of the referred variable (Stein, 2012). In other words, spatial
interpolation methods are used to estimate values of a variable in unsampled locations based on known
points. The literature shows that they are widely used in research in natural sciences, in areas such as
geology (Liu et al., 2021), climatology (Farias et al., 2017), pedology (Silva et al., 2010), bathymetry
(Ferreira et al., 2013), topography (Barbosa et al., 2008), agronomy (Cora et al., 2004), among others.

Although some studies use spatial interpolation methods for research on social and human
phenomena, such as diseases, social risks, crime, and income inequality (Folharini et al., 2023;
Nascimento et al., 2020; Ramos & Melo, 2022; Silva et al., 2020), in general there is no concern about
the quality of the use of the ideal interpolator. That is, there is a research gap regarding the application
of spatial interpolation methods for social, demographic, and economic variables. Do interpolators
applied to physical variables perform the same when used for socioeconomic variables in the same area?
If not, what would be the main directional differences?

In order to provide answers to these research questions, the present study analyzes the three most
used methods for the spatial interpolation of socioeconomic data (Inverse Distance Weighting, Spline,
and Kriging), comparing their performances in predicting values of a real socioeconomic variable (land
prices) with the respective results for a physical variable (quoted points) in the same area. Furthermore,
based on the principle of scientific reproducibility, the research also presents a script developed in the R
language, which allows the replication of this experiment for any set of spatial data.

The text, henceforth, is organized into three parts. In the first of these, below, a characterization of
the interpolation methods used in the research is carried out based on specialized literature. The text is
completed, next, with the methodological approach and the research results, followed by the final
considerations.

SPATIAL INTERPOLATORS

The methods of spatial interpolation are quite numerous and varied. But in general, they can be
differentiated into two groups, according to the mathematical mechanism of interpolation: the so-called
deterministic methods, which use predefined mathematical functions for value estimation, and the
stochastic methods, which consider the existing spatial dependence between the data (Stein, 2012).
These methods differ in how they handle data variability and in the consideration of the uncertainty
associated with spatial estimates. In the present study, three interpolators widely used in the literature for
their applicability in different spatial contexts were selected. Two of them are deterministic, the Inverse
Distance Weighting (IDW) and the Thin Plate Spline (TPS); and one is stochastic, Kriging.

The IDW interpolator estimates values based on the weighting of the distances between the
unknown point and the known neighboring points within a certain area of coverage. This method is
based on the premise that things that are closer tend to be more alike than those that are farther away
(Canada Torrecilla, 2007), which is why points closer to an unknown location exert a greater influence
on the estimate than more distant points (Panigrahi, 2023). The estimation of a value Z(x0) at an
unknown point x0 is given by:
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where:

e 7{x0) is the estimated value at point x(;
® 7ixi) are the known values at neighboring points xi;
® Vi the number of neighboring points considered in the interpolation;

e wi are the weights assigned to each point xi, calculated based on the distance &7 to x0.

The Spline interpolation method adjusts a smooth, radial-based polynomial function that
intersects each of the sample points, ensuring a smooth transition between them. The goal is to minimize
the curvature of the interpolated surface. The most common radial function for mapping applications is
the TPS (Akima, 1970), whose equation is defined by:

S(e,y) = Y wield:) @

where:

8 5(xz.y) isthe interpolated surface;

s i are weights adjusted for the known points;

8 i isthe distance between the interpolated point and point i.

e d) =d? \n(d) is the radial bagis function that controls the smoothness of the surface.

Spline interpolation is frequently used to calculate smoothed surfaces from a large number of
sample data. According to Cafiada Torrecilla (2007), this method presents good results when the surface
varies moderately, but tends to be less appropriate when there is a large variation of values over short
horizontal distances, or when it is suspected that the sample is prone to errors or some uncertainty.

Finally, Kriging assumes that the data follow the principle of spatial variability and that there is an
autocorrelation between nearby points. The method uses the semivariogram, a function that describes
how data variability changes with distance. This stochastic interpolation has many variations that can be
found in the literature (Yamamoto & Landim, 2013). In our study we used Ordinary Kriging:

N
Z(zo) = Z X Z(z;) 3)

where:

Z(zd) is the estimated value at the unknown point x;

Z(xi) are the known values at neighboring points x7;

Ai are the weights assigned to each point xi, calculated based on the spatial dependence
determined by the semivariogram;

M ig the number of points considered in the interpolation;
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The weights Ai are determined by solving the Kriging system of equations, which minimizes the
mean squared error of the estimate:

N
; Ay(isz;) + p = y(xi, 20) )

2 e 5)

Ju=

where:
y{xi,x7) is the semivariogram, which measuresthe spatial variability between points x/ and x/;
¥(xi,x0) iz the semivariogram between the known pointsxi and the point to be interpolated x(;

4 is a Lagrange parameter, necessary to ensure that the sum of the weights is 1.

The semivariogram is essential in Kriging and defines the relationship between data variability
and distance. It can also be adjusted by a theoretical model, such as spherical, exponential, and Gaussian
(Yamamoto & Landim, 2013).

METHODOLOGICAL ASPECTS
VARIABLES USED

For empirical analysis, two data sets were collected to represent a physical-territorial element and
a socioeconomic aspect of a city — in this case, the urban area of the municipality of Chapecd, located in
the west of Santa Catarina (southern Brazil), with an estimated population, in 2025, of approximately
282 thousand inhabitants.

As a physical variable, point data of terrain altitudes (Imbituba vertical datum), recorded in the
field using a GNSS receiver, derived from the municipal digital cartographic base, were used. It is,
therefore, a continuous spatial variable, whose nature often requires its representation in the form of
sample (point) field data (Longley et al, 2015).

The socioeconomic variable adopted was the average price per square meter of vacant urban land,
calculated from the compilation of data (square footage and price) contained in sale advertisements,
available on real estate company websites and online classifieds, in the year 2024. This, in turn,
corresponds to a discrete point variable (Longley et al, 2015), given that each piece of land has a unique
price, although this is influenced by a set of external factors (infrastructure and available services,
average land values in the vicinity, topography, among others).

The option was made to use real data from a Brazilian urban area instead of carrying out a
simulation, as this provides situations more consistent with research that employs interpolation methods.

Next, Table 1 gathers the descriptive statistics of the variables used, while Figure 1 presents the
respective spatialization.

: Number of | Minimum Maximum Standard
Variable Mean L.
samples value value deviation
Land price per m? 240 53,90 7.901,26 1.010,12 | 1.045,399
Quoted point 76 530 826 704,1 63,851

Table 1 — Descriptive statistics of the variables. Source: Prepared by the authors.

4/11 Mercator, Fortaleza, v. 25, €25007, 2026 ISSN:1984-2201


http://www.mercator.ufc.br

EVALUATION OF SPATIAL INTERPOLATION METHODS FOR SOCIOECONOMIC VARIABLES

330000 335000 340000 345000
T T T T

SAMPLE POINTS
Chapecd, Brasil

Chapeco
» State of
Santa Catarina A

7010000
T
=
L]
1
7010000

0 15 230 km : ’& A A .
| A E— | N A

Municipality of A A
i =

7005000
T
1
7005000

Urbanized
Area

z)
>
>

0 4 8km A
L |

7000000
T
1
7000000

Legenda
Sample A Quoted Point
Points Land
Traffic Road A
Urbanized Area* A A
Rural Area

maea5000
T
>
1
6995000

* Includes conurbated areas in neighboring A
municipalities: Cordilheira Alta (north)
and Guatambu (west).” A 4

UTM Coordinate System (Zone 22 S) I E— A
Horizontal Datum: SIRGAS-2000 1 1 1 1
Vertical Datum: Imbituba, SC

330000 335000 340000 ME 345000

Figure 1- Spatial distribution of sample points used in interpolation tests. Source: prepared by the
authors, with cartographic bases from IBGE (2024) and the Municipal Prefecture of Chapeco (2025).

Interpolation surfaces were generated by testing the three interpolators already mentioned — IDW,
Spline, and Ordinary Kriging — using the R Studio® software, and with additional use of the ArcGIS
ArcMap ® software (Geoestatistical Analyst module) for final cartographic editing. The availability of
the R language script resulting from the experiments is highlighted, with which it is possible to
reproduce them with other variables and from other spatial contexts.

EVALUATION OF INTERPOLATIONS

The analysis of the effectiveness of spatial interpolation methods depends on several factors, such
as data distribution and spatial variability (Bohling, 2005). To evaluate the interpolators, it was essential
to compare different techniques, using visual analysis and cross-validation statistics. In the visual aspect,
the quality of the interpolated surface map was evaluated (whether the patterns were consistent with the
data distribution) and the residual plot (whether the errors were randomly distributed). However, spatial
surface models cannot be evaluated only visually, and statistical metrics are necessary to remove any
possible perception bias.

The cross-validation technique has been used more frequently in machine learning models
(Ramos et al., 2023). It consists of evaluating models by separating the data into parts and training
algorithms on each of them. Thus, 80% of the land price and quoted point data were divided as training;
the remaining 20% of the data were used as interpolation validation. The idea was to compare the
interpolated training values with the real values using error metrics. For this purpose, two metrics
already consolidated by the literature (Oliveira et al., 2015) were employed: Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE).
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The Mean Absolute Error (MAE) measures the average difference between the observed values
Z(xi) and the estimated values Z (xi):
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MAE = £ 3| 2(2) - 2(2) (6)
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The Root Mean Squared Error (RMSE) penalizes larger errors and measures the precision of the
interpolation:

i 2
RMSE = | + > (2@) - 2() (7)

ARTICLE

Both MAE and RMSE presenting smaller values indicate a better result in validation.

RESULTS AND DISCUSSION

Figures 2 and 3 present the interpolated surfaces of the variables "land price per m2," generating a
surface of urban land values, and "quoted points," resulting in a hypsometric map.

Visually, the socioeconomic variable example is more concentrated in space than the physical
variable. A synthesis of the representations reveals that the IDW method presented a more segmented
surface, with abrupt transitions between the interpolated areas, reflecting the strong influence of the
nearest sample points. In some points this generated what is colloquially known as a “bullseye effect.”
The Spline interpolator, on the other hand, generated a smoother surface, with more gradual transitions,
but also presented extrapolated values in areas with few samples. In turn, Kriging maintained a spatial
pattern with smooth gradations in the face of spatial variability, but, on the other hand, excessively
smoothed some sections.

IDW Spline Krigagem

7.900

7010000 mN

1610

7000000 7005000

6995000

0,05

330000 mE 335000 340000 330000 335000 340000 330000 335000 340000

Price
(RS/m?)

N
UTM Coordinate Syster 228)
w@z Horzanol ety SIRGASZ000 ) r'_:_‘J_-‘ Urbanized area boundary
Vertical Datum: Imbituba, SC

s

Figure 2 — Different spatial interpolations for the variable land price per square meter. Source: the
authors (2025).
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Figure 3 — Different spatial interpolations for the variable quoted point. Source: the authors (2025).

Table 2 presents the results of the error metrics. According to the Root Mean Squared Error
(RMSE) and the Mean Absolute Error (MAE), the best interpolator for land price per m? is Kriging,
followed by IDW and Spline. As for hypsometry, RMSE and MAE indicate IDW as the best model,
followed by Kriging and Spline interpolations. The results make it explicit that the choice of the
appropriate interpolator is fundamental for the reduction of residuals in the representation of the
generated surface. For example, according to the RMSE of the socioeconomic variable, Kriging reduced
the error by 18.53% compared to IDW.

In:]e:lg:i)alteed Error Measure Spline IDW Krigagem
Liand price pes i RMSE 965,0718 943,0169 768,3174
MAE 478,8806 486,9618 404,7592
Quoted points RMSE 60,9189 41,7260 48,2884
MAE 38,7243 34,1379 36,2115

Table 2 — Error Measures of the different types of spatial interpolation for the analyzed variables.
Source: the authors (2025).

Corroborating the results, Figure 4 allows viewing the comparison of residuals. Kriging presents
less dispersion along the ideal line (where observed values would be equal to estimated values)
compared to IDW and Spline, indicating a better ability to capture the spatial structure of the land price
variable.
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Figure 4 — Relationship between observed and estimated values from the cross-validation of the

In general, the study indicates that deterministic methods (IDW and Spline) are simpler and faster
to process, without the need for a robust sample and a strong degree of spatial dependence. The

stochastic method (Kriging), on the other hand, is more accurate for variables with greater spatial
autocorrelation, as is generally the case for socioeconomic variables, especially in urban areas.

However, there is a need for more computational resources and prior statistical analysis, which includes,

for example, the construction of the semivariogram.
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The study also needs to be understood in the context of its specificities and limitations. Firstly, it
is important to consider that the results were obtained from a specific data set, so extrapolation to other
areas may require adjustments to the interpolator parameters. Future studies can explore different
socioeconomic variables and evaluate the impact of different sample densities on the results.

Furthermore, the study considered only three interpolation methods, leaving out more advanced
techniques that might consider modeling with more variables — such as Co-Kriging (Angelico, 2006),
Random Forest (Sekuli¢ et al., 2020), and Neural Networks (Wanderley et al., 2014) — and, thus,
possibly improving accuracy under certain conditions. Future research on the performance evaluation of
spatial interpolators for socioeconomic variables should take other variables into consideration.

CONCLUSION

The objective of this work was to evaluate the most traditional spatial interpolation methods
(Inverse Distance Weighting — IDW, Thin Plate Spline, and Kriging) for socioeconomic variables and
compare the results with those of a physical variable. As an empirical example, predictions for the
spatial variable "land price per square meter" in an urban area, of a socioeconomic nature, were
compared with those carried out for hypsometric data in the same area. The results indicate that the
socioeconomic variable was interpolated more efficiently by the Kriging method, while the physical
variable showed better performance with the deterministic interpolators (IDW and Spline).

The study does not intend to state that one interpolator is better than the other — although one of
them performed better for our data set — but, rather, to emphasize that more than one interpolator should
be employed in order to produce the best spatial representation. Furthermore, the results are relevant for
studies mapping urban phenomena and public policies that require reliable estimates for territorial
planning and the evaluation of socioeconomic inequalities and differentiations.
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