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ABSTRACT

The main aim of the study was to compare the different geostatistical methods used to map the 
spatial distribution of temperature and to select the optimal method using the example of maximum 
temperatures in Africa. An exploratory data analysis was carried out, including statistical tests, 
distribution verification, and identification of outliers. Maps were produced in ArcGIS Pro using 
deterministic (IDW, LPI) and stochastic (Kriging Ordinary, Kriging Simple, Kriging Universal, EBK) 
methods with different parameters. Validation was then carried out using the GIS Data Modelling 
Validator software, analysing the interpolation error parameters. The validation made it possible 
to compare the different methods and select the most effective one. Prediction, probability and error 
maps were developed for the selected method. The analysis carried out showed that the appropriate 
selection of the interpolation method is crucial for the accuracy and usability of the resulting maps. 
Several key research questions were posed to identify the optimal geostatistical method for spatial 
mapping of temperature distribution, using data from Africa as a case study. The effectiveness of various 
methods in this process was investigated, along with the parameters during the data modelling phase 
that have the greatest impact on the accuracy of temperature predictions. Additionally, an attempt was 
made to determine to what extent the presence of outliers influences interpolation results. A critical 
issue was also to establish which method provides the highest predictability and concordance with 
actual temperature measurements.
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more related than distant things”, also referred to 
as the First Law of Spatial Analysis (Ogryzek, 2018). 
Geostatistics adopts this principle, assuming that the 
values of a phenomenon at nearby locations are more 
similar than those at distant points. This property, 
known as spatial autocorrelation, is  essential for 
understanding and modelling many natural and social 
phenomena (Marmol, 2002). Geostatistical methods 
constitute a  fundamental toolkit for spatial data 
analysis, enabling precise modelling and interpretation 
of the spatial variability of geographic data. These 
methods are primarily applied to spatially correlated 
data (Cellmer, 2014).

Geostatistics can be used to study the distribution 
of temperatures (Vicente-Serrano et al., 2003) and 
maximum temperatures (Davison & Gholamrezaee, 
2012). Geostatistical modelling methods are 
particularly useful for modelling temperature in 
regions with complex topography and limited 
availability of meteorological data (Ahmed et al., 
2014), as well as in mountainous regions (Raquel 
et al., 2007). Research has confirmed the achievement 
of more detailed local forecasts of climatic variables 
using geostatistical methods (Jha et al., 2013; Jha et al., 
2015) and also enables the identification of climate 
types (Alvares et al., 2013). The Kriging method 
has also proven effective in predicting temperature 
distribution in greenhouse environments (Bojacá et al., 
2009). The challenge still lies in modelling over time 
(Pickens et al., 2021). The land surface temperature 
is an important variable in global climate change 
because it can prevent the deterioration of air quality 
in environments using preventive measures (Taoufik 
et al., 2021). Temperature changes affect the decision 
to abandon their fields, and consequently, thousands 
of hectares of land that were previously green areas 
have turned into deserts (Morsy & Ahmed, 2023).

The goal of this study was to determine the opti-
mal geostatistical interpolation technique analysing 
mean maximum temperature data across Africa. 
For this purpose, two hypotheses were formulated, 
defined as H1 and H2. H1: Stochastic methods gen-
erate smaller interpolation errors than deterministic 
methods; and H2: Exploratory Data Analysis (EDA)  

INTRODUCTION

Geographic Information System (GIS) is a funda-
mental component in geostatistics, facilitating spa-
tial data analysis and providing critical support for 
selecting optimal interpolation methods. GIS enables 
the efficient processing of geospatial datasets, such as 
temperature measurements from diverse locations, 
which can then be rigorously analysed and visualised.  
In the realm of interpolation method selection, GIS 
offers advanced capabilities for evaluating data dis-
tribution, detecting spatial trends, and analysing 
spatial dependencies between measurement points. 
This comprehensive understanding of spatial data 
characteristics allows for the precise alignment 
of interpolation techniques with the underlying spatial 
patterns. Moreover, GIS affords robust visualisation 
tools, enabling the generation of interpolation maps 
that enhance the interpretation and communication 
of analytical results (Urbański, 2008). An integral 
feature of GIS is its standardised approach to spatial 
data identification, which ensures seamless integration 
with datasets from various systems (Gaździcki, 1990; 
Izdebski 2015; Maguire, 1991).

Geostatistics is a branch of statistics dedicated to 
the analysis and modelling of spatial data, accounting 
for its geographical distribution and the dependencies 
between values at different points in space (Matheron, 
1962; 1965). Over the following decades, geostatistics 
found widespread application both in theory and in 
empirical research across disciplines such as geology, 
hydrology, and meteorology. Despite its extensive 
practical applications, geostatistics continues to 
evolve and expand its theoretical framework (Royle, 
1979). Geostatistics is distinguished primarily by 
its consideration of spatial dependencies between 
data points, in contrast to classical statistics, which 
typically assumes the independence of observations. 
The innovation of geostatistics lies in treating the 
analysed parameter as a “regionalised variable”, whose 
values are dependent on the spatial coordinates of the 
measurement points. The First Law of Geography, 
articulated by Tobler (1970), asserts that “everything 
is related to everything else, but  near things are 
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is an indispensable stage in the geostatistical model-
ling process, as it enables the identification of spatial 
patterns, data distribution characteristics, and poten-
tial anomalies that may influence model accuracy.

Several key research questions were also posed:
–	Which methods are the most effective in this 

process?
–	What parameters during the data modelling 

phase have the greatest impact on the accuracy 
of temperature predictions?

–	To what extent does EDA facilitate the modelling 
process?

–	What methods, techniques, or tools can be applied 
to identify areas with the highest predictability and 
agreement with actual temperature measurements?

MATERIALS AND METHODS 

The primary objective of this research was to 
conduct a detailed comparison of various methods 
for developing maps of mean maximum temperature 
in the African region using advanced geostatistical 
techniques. To achieve this, the focus was placed on 
utilising the geostatistical methods available within 
the Geostatistical Wizard, which is a component 
of the ArcGIS Pro software. As part of the study, 
cross-validation and subset validation were performed 
to obtain comparative parameters for assessing the 
model’s fit to actual measurements, using the GIS 
Modelled Data Validator tool. The GIS modelling 
validator analyses and extracts parameters for 
comparison through an algorithm (Ogryzek 
et al., 2020), allowing for the identification of the 
technique that can be considered optimal, as its results 
demonstrate the highest accuracy in representing 
the actual temperature distribution in the African 
region. The research procedure followed the workflow 
illustrated in Fig. 1.

Geostatistics employs both mathematical and 
statistical approaches to data analysis, considering 
both local and global variability. Two main categories 
of geostatistical methods are distinguished: 
deterministic methods and stochastic methods. 
Deterministic methods are used to calculate values 

at raster cell centres through specific mathematical 
algorithms that ensure the continuity of the modelled 
surface. Interpolation using these methods focuses on 
achieving a smooth transition of values between cells 
and estimating the most probable (average) values. 
The result is surface models that are “smoothed” and 
may not fully capture local data variability. Although 
there are many deterministic methods, the focus 
has been on those most recommended for this type 
of analysis, namely, the Inverse Distance Weighting 
(IDW) method and Local Polynomial Interpolation 
(LPI) (Ogryzek et al., 2020).

Stochastic methods in geostatistics are advanced 
interpolation tools that, unlike deterministic methods 
based on strict mathematical relationships, account for 
the random nature of spatial variability. By utilizing 
statistical models and the concept of  spatial 
autocorrelation (the relationship between variable 
values at different locations), these methods enable 
not only the estimation of the most probable value 
at a given location but also the quantification of the 
uncertainty associated with that estimation (Krige, 

Fig. 1.	 Research procedure
Source:	own elaboration based on Ogryzek (2018).
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1951; 1952). Kriging employs statistical models for 
spatial data interpolation, based on the assumption 
that variable values at different points in space are 
correlated, with the strength of this correlation 
diminishing as the distance between points increases. 
This approach enables kriging to provide precise 
estimates of variable values at unknown locations 
by leveraging the measured values at neighbouring 
points, while simultaneously accounting for the spatial 
structure of variability. One of the key advantages 
of–kriging, distinguishing it from other geostatistical 
methods, is its ability to estimate interpolation 
error. This capability allows for the assessment 
of uncertainty in the results, which is crucial in many 
fields such as environmental studies, geology, and 
hydrology, where the accuracy of estimates is essential 
(Chiles & Delfiner, 1999). As noted by Marmol (2002), 
an advanced technique like kriging requires a detailed 
analysis of the input data. Lack of control over the 
individual stages of the geostatistical analysis can 
lead to obtaining misleading or erroneous results.

Kriging methods include:

–	Ordinary Kriging (OK): the basic form of kriging, 
which assumes data stationarity and treats the mean 
as an unknown value.

–	Simple Kriging (SK): assumes that the mean is 
known and constant across the entire area.

–	Universal Kriging (UK): a method that accounts 
for a global trend in data.

–	Empirical Bayesian Kriging (EBK): an advanced 
technique that automatically adjusts model 
parameters based on the data, allowing for more 
accurate predictions.

The Parametric Method for Estimation Quality 
Assessment (MPQE) is an approach used in geostatis-
tical analysis to compare the quality of different spatial 
interpolation methods. Within MPQE, estimation 
quality parameters are determined for each inter-
polation method in the study area and time frame. 
These parameters can include various quality indica-
tors such as mean error, standard error, standardised 
error, and others. Then, using linear programming, 
the optimal interpolation method for a specific case 
can be identified. In this context, “optimal” refers 

Fig. 2.	 Interface view of the GIS Data Modelling Validator program
Source:	own elaboration based on GIS Data Modelling Validator program.
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to the method whose Cn parameter (which defines the 
quality of the estimation) is closest to or equal to zero. 
This indicates that MPQE identifies the method that 
provides the most realistic estimation results. The GIS 
Data Modelling Validator program, developed by 
Ogryzek (2025), was designed (Fig. 2) to streamline the 
process of selecting the optimal geostatistical method 
for spatial data modelling. This tool enables objective 
evaluation of the quality of different interpolation, 
approximation, or extrapolation models, thereby sup-
porting decision-making in spatial analysis.

The program utilises Parametric Estimation 
Quality Assessment (MPQE), which is based on 
comparing error parameters between actual and 
predicted values at measurement points (Ogryzek 
& Kurowska, 2016). It employs both cross-validation 
and subset validation and then applies an optimization 
algorithm to identify the model with the lowest 
weighted prediction error. The program analyses 
a range of error parameters, such as:
–	Mean Error (ME),
–	Root Mean Square Error (RMSE),
–	Average Standard Error (ASE),
–	Mean Standardized Error (MSE),
–	Root Mean Square Standardized Error (RMSSE).

Different interpolation methods generate a varied 
number of comparative parameters. When modelling 
empirical semivariograms, it is crucial to align the 
model characteristics with the phenomenon being 
studied, taking into account the analysis of previously 
discussed parameters (Dębowska & Zawadzki, 
2005; Isaaks & Srivastava, 1988). However, an ideal 
fit between the model and the data does not always 
guarantee the lowest errors, which is why result 
validation is essential before selecting the optimal 
model. In practice, choosing the best method can 
be challenging due to the multitude of estimation 
quality statistics and the lack of clear criteria for 
selection. The Parametric Method for Estimation 
Quality Assessment (MPQE) addresses this issue 
by employing an optimisation algorithm based on 
estimation parameters from cross-validation (CV) 
and subset validation (SV).

When selecting the optimal method, a weighting 
scheme is applied (Formula 1), based on Ogryzek 
(2018): parameters from cross-validation (CV) 
+ parameters from subset validation (SV) for the 
optimal model, which has the lowest value.

{
Δ1𝑎𝑎1 + Δ2𝑏𝑏1 + Δ3𝑐𝑐1 + Δ4𝑑𝑑1 +⋯+ Δ𝑛𝑛𝑛𝑛𝑛𝑛 = 𝐶𝐶1

Δ21𝑎𝑎2 + Δ22𝑏𝑏2 + Δ23𝑐𝑐2 + Δ24𝑑𝑑2 + ⋯+ Δ2𝑛𝑛𝑛𝑛𝑛𝑛 = 𝐶𝐶2…
Δ𝑛𝑛1𝑎𝑎𝑛𝑛 + Δ𝑛𝑛2𝑏𝑏𝑛𝑛 +⋯+ Δ𝑚𝑚𝑛𝑛𝑚𝑚 = 𝐶𝐶𝑛𝑛

 

		  (1)
where:

C1, C2, …, C𝑛	–	quality assessment of a geostatis-
tical estimation method,

Δ1, Δ2, …, Δ𝑛	–	weight of a parameter,
a1, a2, …, a𝑛	 –	value of parameter a in the data 

group at 100%,
b1, b2, …, b𝑛	 –	value of parameter b in the data 

group at 100%,
c1, c2, …, c𝑛	 –	value of parameter c in the data 

group at 90%,
d1, d2, …, d𝑛	 –	value of parameter d in the data 

group at 90%,
𝑛1, 𝑛2, …, 𝑛𝑛	–	number of parameters.

The geostatistical method for which the C𝑛  
parameter is closest to or equal to 0 is considered 
the optimal method, with C𝑛 ≤ 0 = max. The method 
with the lowest weighted prediction error in MPQE 
is deemed the optimal method. Based on the weights 
used in C10, it is recommended to apply MPQE for 
each model as an algorithm expressed as RMSE (KW) 
+ 5% ME (KW) and for RMSE (WP) + 5% ME (WP).

The universal nature of the method allows it to 
be applied to various types of data. Once the data 
is entered, the program generates a PDF report 
containing the analysis results, summary tables, and 
an overview of the modelling process. The GIS Data 
Modelling Validator is a tool that streamlines the 
process of selecting the optimal geostatistical method 
by providing an objective assessment of model quality 
and facilitating decision-making in spatial analysis. 
Its universal nature makes it applicable to different 
types of data, which makes it a valuable tool for GIS 
professionals.



Tarnowska, P., Ogryzek, M., Tarantino, E. (2025). Geostatistical methods of map preparation on the example of temperature 
distribution in Africa. Acta Sci. Pol. Administratio Locorum 24(3), 449–468. 

454
*patrycja.tarnowska11@gmail.com, *marek.ogryzek@uwm.edu.pl, *eufemia.tarantino@poliba.it

By using MPQE, researchers can make more 
informed decisions regarding the choice of inter-
polation methods, depending on the specifics of the 
area and the objective of the analysis. This method 
is particularly useful when multiple interpolation 
methods are available, and the best solution for a par-
ticular case needs to be identified.

RESULTS AND DISCUSSION

Africa is the second-largest continent on the 
planet, surrounded by several major bodies of water: 
the Mediterranean Sea to the north, the Arabian Sea 
and Indian Ocean to the east, and the Atlantic Ocean 
to the south and west. The land is largely shaped by 
elevated plateaus that gradually slope down toward 
the coastal regions, creating depressions within 
the interior, the largest being the Congo Basin. 
Mountainous areas are present in the north (Atlas 
Mountains), the south (Drakensberg Mountains), and 
the east (Ethiopian Highlands). In terms of climate, 
most of Africa falls within hot and very hot zones, 
as defined by Köppen’s classification system. The 
highest temperatures are recorded in the Sahara, 
where extreme highs exceed 44°C. In contrast, the 
lowest maximum temperatures are found in Algeria, 
along the Mediterranean coast, hovering around 7°C 
(Makowski, 2018; Martyn, 2000).

The first phase of analysis focuses on identifying 
trends, irregularities, correlations and key features 
within the dataset under review. This stage is 
inherently iterative and involves the use of multiple 
methods – such as visual exploration, summary 
statistics and multivariate techniques – to better 
understand the organisation of the data and identify 
potential problems. The dataset to be analysed 
consists of a point layer, showed on Fig. 3, containing 
maximum temperature values recorded at various 
locations across Africa.

The Average Nearest Neighbour analysis the 
spatial distribution of point objects by calculating the 
average distance between each object and its nearest 
neighbour. The average nearest neighbour ratio is 
calculated as the observed average distance divided 

by the expected average distance (with expected 
average distance being based on a hypothetical 
random distribution with the same number of features 
covering the same total area) (Jackowski, 2004; 
Ogryzek & Jaskulski, 2025; Śliwicki, 2014). The result 
of the analysis is the Nearest Neighbour Index (NNI), 
which helps determine the nature of point distribution:
–	NNI < 1: Indicates clustering of points, meaning 

a tendency to form groups or clusters.
–	NNI = 1: Suggests a random distribution of points, 

with no apparent clustering or dispersion patterns.
–	NNI > 1: Signifies point dispersion, indicating 

a tendency for points to be more evenly distributed 
across space.

The tool also outputs z-scores and p-values, 
which help assess whether the results are statistically 
significant. A p-value lower than a chosen threshold 
(typically 0.05) signifies that the observed pattern 
significantly deviates from randomness. As the 
tool executes, relevant statistical results are shown 
at the bottom of the Geoprocessing panel and can be 
monitored live or accessed later via the Geoprocessing 
History. Additionally, the tool can produce an HTML 
report summarizing the findings visually, which can 
be opened using the file path mentioned in the output 
messages.

To assess the spatial pattern of the dataset, the 
Nearest Neighbour Index (NNI) was applied. This 
metric is calculated as the ratio between the observed 
average distance among points and the expected 
distance assuming a random spatial distribution. 
In this analysis (Fig. 4), the test was performed 
under the assumption of a null hypothesis that the 
points are randomly distributed. The aim was to 
determine whether the data display a non-random 
spatial structure, such as clustering or regular spacing. 
An NNI value below 1 indicates a clustering tendency, 
while a value above 1 points to a more dispersed 
or competitive arrangement.

In the analysed dataset, the NNI was found to be 
less than 1, pointing to a clear clustering pattern. This 
result supports the rejection of the null hypothesis and 
indicates that the data are not randomly distributed, 
but instead form statistically significant clusters.
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Fig. 3.	 Map of the distribution of measurement points processed in ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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The Spatial Autocorrelation (Global Moran’s I) tool 
evaluates the overall spatial autocorrelation in a dataset 
by simultaneously considering both the locations of 
features and their associated attribute values. The 
analysis generates the Moran’s I statistics, which 
quantifies the degree of spatial correlation, ranging 
from -1 (indicating negative spatial autocorrelation) 
to 1 (indicating positive spatial autocorrelation). 
Interpretation of results:

–	Moran’s I < 0: The attribute values of neighbouring 
objects differ from each other more than expected 
under a random distribution (dispersion).

–	Moran’s I = 0: The attribute values of neighbouring 
objects are independent of each other (random 
distribution).

–	Moran’s I > 0: The attribute values of neighbouring 
objects are more similar to each other than expected 

Fig. 4.	 Report from the Average Nearest Neighbour Test in ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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under a random distribution (clustering) (Anggani 
et al., 2023; Ogryzek & Jaskulski, 2025).

To assess the statistical significance of the result, 
the tool also provides a z-score and a p-value. The 
p-value represents the probability that the observed 
pattern could have occurred by chance, serving as an 
approximation based on the test statistic and a known 
probability distribution.

As with the Average Nearest Neighbour tool, this 
analysis provides real-time messages showing the 
computed values and offers the option to generate 
an HTML report that includes a visual summary 
of the results.

Both tools are useful for spatial analysis but differ 
in what they measure:
–	Average Nearest Neighbour: Assesses the spatial 

distribution of objects (points) regardless of their 
attributes.

–	Spatial Autocorrelation (Global Moran’s I): 
Assesses the spatial distribution of object attributes, 
considering their mutual relationships.

In the next stage of the analysis, spatial 
autocorrelation was assessed using the Global Moran’s 
I statistic (Fig. 5). This method assesses whether the 
spatial arrangement of the attribute values associated 

Fig. 5.	 Report from the Moran’s I Test using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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with the features exhibits a clustered, dispersed 
or random pattern. The Moran’s I test is useful 
for detecting spatial dependencies between data 
points. The z-score and p-value are key indicators 
of  statistical significance when interpreting the 
results. A significantly positive Moran’s I value 
indicates clustering, while a significantly negative 
value indicates a dispersed distribution. In this case, 

the Moran’s I value was close to 1, indicating a strong 
clustering pattern. These results justify rejecting the 
null hypothesis of a random spatial distribution.

The statistical significance shown by both the 
z-score and the Moran’s I index confirms the presence 
of spatial relationships in the dataset – indicating that 
the observations are spatially structured rather than 
randomly distributed.

Fig. 6.	 Histogram of the data distribution for the full dataset using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).

Fig. 7.	 QQ Plot of the data distribution for the full dataset using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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Checking the distribution of data is an important 
aspect of geostatistical analysis, particularly as many 
methods, such as kriging, are based on the assumption 
of normality. If this assumption is not met, it may be 
necessary to transform the data or use alternative 
interpolation techniques. For a data set to be 
considered normally distributed, the skewness should 
ideally be close to 0, indicating symmetry around 
the mean, while the kurtosis should be around 3, 
indicating a similar peak sharpness to that of a normal 
distribution. In this analysis, a histogram (Fig. 6) and 
a QQ plot (Fig. 7) were used to assess the nature of the 
data distribution. The full data set showed a slight 
positive skewness of 0.307 and a kurtosis of 2.93. 
Although no transformation was applied, the visual 
and statistical evaluations suggested that the data 
were approximately normally distributed. Several 
transformations – logarithmic, square root, inverse 
and Box-Cox – were considered and the results are 
summarised in Table 1. The Box-Cox transformation 
performed similarly to the untransformed data. 
While such a method can improve the normality 
of a distribution, its use may be of limited benefit 
in cases where the data are already close to normality.

Table 1. List of parameters
Transformation Method Skewness Kurtosis

No Transformation 0.307 2.93
Logarithmic -0.82 4.8
Square Root -0.177 3.3

Inverse 2.86 16.0
Box-Cox 0.307 2.93

Source: own elaboration based on Tarnowska (2024).

As a result, the original data values were retained 
as the exploratory analysis indicated no need for 
transformation and the final results were unaffected.

Next, the full dataset was split into a test set (10%) 
and a training set (90%). The Subset Feature tool was 
used to extract 10% of the data for the test set. Then, 
by inverting the selection, the remaining 90% of the 
data was extracted as the training set.

Similar to the complete dataset, both a histogram 
(Fig. 8) and a QQ plot (Fig. 9) were generated for the 

training subset (comprising 90% of the data) to assess 
its distribution. The training data showed a slight 
positive skewness of 0.26 and a kurtosis of 2.9. Various 
transformation techniques – including logarithmic, 
square root, inverse and Box-Cox – were evaluated, 
with the results summarised in Table 2. The Box-
Cox transformation produced results almost identical 
to those from the untransformed data, suggesting 
that it may improve the approximation to normality. 
However, as the dataset was already close to a normal 
distribution, it was considered unnecessary to apply 
this transformation. The decision to retain the 
original values was supported by the exploratory 
analysis, which revealed no compelling reason for 
transformation and confirmed that this decision did 
not compromise the results of the subsequent analysis.

Table 2. List of parameters
Transformation Method Skewness Kurtosis

No Transformation 0.26 2.9
Logarithmic -0.88 4.9
Square Root -0.226 3.3

Inverse 2.9 16.2
Box-Cox 0.26 2.9

Source: own elaboration based on Tarnowska (2024).

A t-test was performed to evaluate whether there 
were statistically significant differences between the 
full dataset (100%) and the training subset (90%). 
The findings, summarised in Table 3, show that the 
differences in skewness and kurtosis between the two 
datasets are not statistically significant, with p-values 
of 0.85 and 0.99, respectively. These results indicate 
that the training set is a reliable representation of the 
complete dataset, thereby validating its use in sub-
sequent analyses and for constructing geostatistical 
models.

Table 3. Parameters skewness and kurtosis
Parameters 100% 90% p-value
Skewness 0.31 0.26 0.85 
Kurtosis 2.93 2.9 0.99 

Source: own elaboration based on Tarnowska (2024).
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The next stage of the analysis was to use the Create 
Thiessen Polygons tool. This method is widely used in 
spatial analysis to delineate zones of influence around 
individual points. Each resulting polygon – referred 
to as a Thiessen or Voronoi polygon – encompasses 

an area in which all locations are closer to the 
associated input point than to any other point in the 
dataset. The edges of these polygons are formed by 
the perpendicular bisectors of the lines connecting 
adjacent input points.

Fig. 8.	 Histogram of the data distribution for the training set (90% of the data) using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).

Fig. 9.	 QQ Plot of the data distribution for the training set (90% of the data) using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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Thiessen polygons facilitate the interpretation and 
evaluation of spatial point distributions by delineating 
individual zones of influence. Larger polygons can 
suggest areas of lower point density or highlight points 
of potentially greater spatial significance. Analysis 
of these polygons can provide important insights into 
the spatial configuration of the dataset and support 
informed decision making in a variety of areas. In the 
next stage of the analysis, a Voronoi diagram (Fig. 10) 
was created using the Create Thiessen Polygons tool 
available in ArcGIS Pro.

 The analysis revealed no significant outliers 
or anomalies in the dataset, indicating a uniform 
spatial distribution of values. This supports the 
reliability and consistency of the data, which is 
essential for the geostatistical procedures that follow.

Interpolated maps of maximum temperature 
across Africa were then produced using a range 
of geostatistical and deterministic techniques. 
The mapping process was carried out for both the 
complete dataset (100%) and a 90% training subset. 
For each method used, multiple maps were produced 
using different parameter configurations available 
in the Geostatistical Wizard, such as varying the 
number of sectors or adjusting the model types. 
A total of 84 maps were generated (42 for each dataset), 
providing a broad basis for evaluating the impact 
of different interpolation settings. The methods used 
in the analysis included:
– Empirical Bayesian Kriging (EBK),
– Local Polynomial Interpolation (LPI),
– Inverse Distance Weighting (IDW),
– Kriging Simple (KS),
– Kriging Oridinary (KO),
– Kriging Universal (KU).

For each of the maps, several indicators were 
obtained and considered when comparing the results 
of spatial analyses related to property values. These 
indicators are:
– Mean Error (ME),
– Root Mean Square Error (RMSE),
– Average Standard Error (ASE),
– Mean Standardized Error (MSE),
– Root Mean Square Standardized Error (RMSSE).

To perform a parametric evaluation of estimation 
quality, both cross-validation (CV) and subset 
validation (SV). These techniques allowed for the 
assessment of estimation quality using both validation 
methods. Indicators such as RMSE (Root Mean Square 
Error) and ME (Mean Error) represent the statistical 
error characteristics of the interpolation for each 
examined interpolation model. The MPOJE value 
was calculated based on the algorithm provided in 
the GIS Data Modelling Validator, as detailed in the 
chapter dedicated to this program. This procedure 
takes into account various aspects of estimation 
error and enables a more comprehensive assessment 
of  interpolation methods’ quality. The summary 
results are presented below in Fig. 11. 

The summary results of the analysis highlight 
the effectiveness of different interpolation methods 
depending on the validation technique used and the 
characteristics of the dataset. In the case of cross-
validation, Empirical Bayesian Kriging (EBK) was 
found to be the most effective method. The optimal 
configuration for EBK included no data transformation 
and division into four sectors at 45 degree intervals. 
For subset validation, Simple Kriging with a Gaussian 
model proved to be the most accurate and maintained 
its superiority throughout the analysis. This method 
provided the most satisfactory results when applied 
with the same sector configuration and Gaussian 
model. In addition, prediction, probability and error 
maps were generated for this method, providing 
further insight into the spatial distribution and quality 
of the estimates.

The results of the analysis support hypothesis H1,  
which states that stochastic interpolation methods 
yield lower estimation errors compared to 
deterministic methods. Both EBK and Simple Kriging 
with a Gaussian model significantly outperformed 
deterministic techniques such as Inverse Distance 
Weighting (IDW) and Local Polynomial Interpolation 
(LPI) in terms of error reduction. Simple Kriging 
produced the best results in subset validation, while 
EBK was optimal in cross-validation, confirming the 
greater accuracy and precision of stochastic methods.

It is important to emphasize that the selection 
of an optimal interpolation method depends not only 
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Fig. 10.	Map of the division into Thiessen polygons using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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on the technique itself but also on the parameters 
applied during interpolation and the specific 
characteristics of the spatial dataset. Therefore, the 
final selection should result from a holistic evaluation 
encompassing exploratory analysis, model calibration, 
and validation. Based on this comprehensive approach, 
Simple Kriging with a Gaussian model was identified 

as the most suitable geostatistical interpolation 
method. The outcomes of this analysis served as the 
basis for creating three final maps illustrating the 
spatial distribution of maximum temperature across 
Africa.

The prediction map (Fig. 12) shows the spatial 
distribution of predicted maximum temperatures 

Fig. 11. Summary result using the GIS Data Modelling Validator

Fig. 12.	Prediction map for the optimal geostatistical method using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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across Africa, generated using the Simple Kriging 
geostatistical interpolation method. This map 
is based on the available measured data and provides 
a  comprehensive visualisation of temperature 
variations, supporting the identification of spatial 
patterns and climatic trends.

The resulting map shows considerable spatial 
variability in maximum temperatures. The highest 
temperatures, above 36.8°C, are mainly concentrated 
in the Sahara, reflecting the extreme aridity that 
characterises this region. Elevated temperatures are 
also observed in other parts of the continent, but 
their intensity is generally lower than in the Sahara. 
In  contrast, the lowest maximum temperatures, 
around 7°C, are recorded in the northernmost regions 
of Africa, particularly along the Mediterranean coast 
of Tunisia. Cooler temperature zones are also found 

in the southern part of the continent, particularly in 
the territory of South Africa.

The probability map (Fig. 13) illustrates the 
probability that the actual maximum temperature 
at a given location falls within the range estimated by 
the Simple Kriging method. Higher probability values 
correspond to greater confidence in the predicted 
results, indicating regions where the interpolation 
model has greater reliability and accuracy.

Regions marked in red with probability values 
close to 1 indicate a high possibility that the 
interpolation method was applied accurately. Large 
areas in Central Africa and Sub-Saharan Africa 
have high probability values, indicating that these 
regions had more complete and reliable measurement 
data, which positively influenced the performance 
of the interpolation model. In particular, the area 

Fig. 13.	Probability map for the optimal geostatistical method using ArcGIS Pro software
Source: own elaboration based on Tarnowska (2024).
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within the Democratic Republic of Congo has 
a medium probability zone (shown in yellow) where 
the probability values are between 70–80%, despite 
the near absence of direct measurement points. 
This pattern may be due to the ability of the model 
to incorporate spatial information from neighbouring 
areas where data availability is higher.

Conversely, regions marked in blue with 
probability values close to 0 are located at the extremes 
of the continent – notably in the north near the 
Mediterranean Sea and in southern Africa. In these 
areas, despite the presence of some monitoring 
stations, the data may be less representative or contain 
inaccuracies. Possible contributing factors include 
limited coverage by meteorological stations, logistical 
challenges in data collection or local climatic 
variability. 

The error map (Fig. 14) shows the spatial 
distribution of prediction errors, highlighting the 
discrepancies between predicted and actual maximum 
temperatures across Africa. The prediction error 
serves as a key metric in assessing the accuracy 
of the interpolation model. Ideally, the error should 
be minimised, as lower values reflect greater model 
precision and a greater ability to accurately reproduce 
observed temperature.

The regions with the lowest prediction error 
(represented by the lightest colours) are concentrated in 
the central part of the continent, as well as in selected 
areas in northern and southern Africa. These low 
error values reflect the high precision of the Simple 
Kriging model, indicating close agreement between 
predicted and observed temperature values. Areas 
of medium prediction error, generally surrounding 

Fig. 14.	Error map for the optimal geostatistical method using ArcGIS Pro software
Source:	own elaboration based on Tarnowska (2024).
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the low error zones, show moderate model precision – 
suggesting that the predictions, although less accurate, 
are still reliable. In contrast, the highest prediction 
errors, exceeding 6, are observed along the periphery 
of the continent. These elevated errors indicate low 
model precision and a significant deviation between 
predictions and observed measurements in these 
regions.

CONCLUSIONS

This study focused on an in-depth analysis of 
maximum temperature data in Africa, aiming to 
identify the optimal geostatistical interpolation 
method. The research involved comprehensive data 
exploration, including statistical tests, distribution 
analysis, and outlier identification. Subsequently, 
using ArcGIS Pro software, maps were generated using 
various interpolation methods, both deterministic 
(IDW, LPI) and stochastic (Ordinary Kriging, Simple 
Kriging, Universal Kriging, EBK).

Exploratory Data Analysis (EDA) proved to be 
an extremely important stage in the geostatistical 
modelling process, confirming Hypothesis H2. 
Through EDA, it was possible to conduct a thorough 
analysis of the spatial distribution of the data, identify 
outliers, and detect spatial dependencies between 
measurement points. Techniques such as the Moran’s 
I test and Average Nearest Neighbour analysis 
enabled a deep understanding of the data structure, 
contributing to a better fit of the interpolation models. 
These findings demonstrate that EDA was an essential 
step that allowed for the optimization of modelling 
parameters and the selection of the most accurate 
interpolation method.

An equally important step was model validation 
using the GIS Data Modelling Validator software, 
which allowed for a comparison of the results 
of different interpolation methods based on error 
parameter analysis. This process led to the selection 
of the optimal method that most accurately reflects 
the actual distribution of temperatures in Africa with 
the highest probability.

The analysis results showed that Empirical 
Bayesian Kriging (EBK) gave the best performance in 
the cross-validation procedure, while Simple Kriging 
with a Gaussian model proved to be the optimal 
method in the subset validation. Furthermore, based 
on the MPOJE values, Simple Kriging with a Gaussian 
model was identified as the most efficient interpolation 
technique among all those evaluated in this study. 
Prediction, probability and error maps were generated 
for this method, providing valuable insight into both 
the spatial distribution of maximum temperatures 
and the overall accuracy of the interpolation model.

The results of this research highlight the 
importance of selecting an appropriate interpolation 
method to ensure the accuracy and applicability 
of spatial maps. A detailed assessment of model 
quality was carried out in order to identify areas 
with the smallest prediction errors and the highest 
probability of agreement with actual measurements. 
This assessment allowed the identification of regions 
where the interpolation methods were the most 
accurate, thereby supporting more reliable estimates 
of maximum temperature patterns. The results 
of  this analysis make an important contribution 
to understanding the spatial variability of estimation 
errors and provide a solid basis for evaluating the 
performance of geostatistical models.

In relation to the hypotheses, the research results 
confirm both H1 and H2:
–	H1: The hypothesis stating that stochastic methods 

generate smaller interpolation errors than 
deterministic methods was positively verified. 
The analysis shows that stochastic methods, such 
as Simple Kriging and Empirical Bayesian Kriging 
(EBK), indeed proved to be more precise and 
produced smaller prediction errors compared to 
deterministic methods like IDW and LPI. Simple 
Kriging with the Gaussian model achieved the best 
results, confirming the superiority of stochastic 
methods in more accurately representing the spatial 
distribution of temperatures.

–	H2: The hypothesis that Exploratory Data Analysis 
(EDA) is an essential stage in the geostatistical 
modelling process was also confirmed. Through 
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preliminary data analysis, including spatial 
distribution analysis, outlier identification, 
and trend assessment, proved to be crucial for 
the accuracy of the model results. EDA enabled 
precise adjustment of modelling parameters and 
the selection of optimal interpolation methods, 
which directly impacted the quality of the final 
predictions.

In conclusion, both hypotheses were confirmed 
during the study, highlighting the importance 
of stochastic methods in the interpolation process and 
the necessity of preliminary data analysis to achieve 
reliable geostatistical modelling results.
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