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 ABS TRACT  

The use of climate indices in climate studies and climate-related planning has proven to 
be very important for climate mapping. The aim of this particular study is to use the De 
Martonne aridity index to map the climate of eastern Algeria and to determine the most 
appropriate spatial interpolation method, namely ordinary, universal, simple kriging and 
inverse distance weighting, to delineate the climatic zones of the region based on 
temperature and precipitation data from the NASA Power/Data Access Viewer site over 
a period of 41 years (1981, 1-2021). The root mean square error (RMSE) was used to 
select the optimal interpolation method. Our results show that ordinary kriging has been 
identified as the best method for predicting drought with an RMSE of 0.031 compared to 
simple kriging (RMSE = 0.641), universal kriging (RMSE = 0.576), and inverse distance 
weighting (RMSE = 0.513). Moreover, ordinary kriging demonstrated superior 
performance, as evidenced by its strong correlation with measured and estimated data 
(R = 0.89). 
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INTRODUCTION 
 

The aridity, characterized by the absence of moisture content, 
is a meteorological phenomenon determined by typical 
weather conditions observed in a specific geographical area 
[1]. Aridity can be considered a significant hazard for most 
territories in the world [2]. Climate parameters are useful 
tools for characterizing the state of the climate system and 
perceiving its various involvement mechanisms [3]. The 
aridity index is a climatic indicator that can be used for 
observation and prediction purposes of aridity [4]. So far, 
several climate indices have been developed and used to 
study the climatic conditions of various regions, including 
Emberger, Torrent White [5], De Martonne, etc [6]. Climate 
indices are reliable means of categorizing climate and 
examining levels of drought or humidity in a given area [7]. 
Many climate indices, especially Lang [8]. De Martonne 
(1926) [9], and UNEP (1992) [10], are used to characterize 
the climate of different parts of the world. Various 
researchers (such as Sajjad and Shahzada (2014) [11], have 
used indices for climate characterization to highlight spatial 
disparities in the climate. 

The interpolation techniques can be classified into two main 
groups: deterministic methods and geostatistical methods. 
Deterministic methods include inverse distance weighting 
(IDW), radial basis function (RBF), global polynomial 
interpolation (GPI), local polynomial interpolation (LPI), and 
splines. Geostatistical techniques include kriging and its 
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variants, such as ordinary, simple, empirical, and universal 
kriging. Hybrid techniques, such as regression or 
geographically weighted regression, have been used in recent 
years. [12, 13] 

The most appropriate interpolation method for estimating 
the spatial distribution of climate parameters is determined 
by the determination of its spatial distribution. Various easy 
and fast to compute methods, such as classic methods like 
Thiessen and arithmetic mean, are used to evaluate and 
estimate these parameters, including arithmetic mean, 
gradient, and Thiessen. [14, 15] 

Geostatistical methods, which incorporate spatial correlation, 
greatly help in evaluating the spatial distribution of geological 
data, providing a more accurate estimation of underlying 
parameters in unexplored areas [16]. 

Many researchers have compared and evaluated various 
interpolation methods, highlighting the importance of this 
issue in reducing errors in method selection. Tabari and his 
colleagues (2014) [6] used data collected from a total of 40 
stations covering the period between 1965 and 2005 to 
evaluate the De Martonne aridity index. Barrena-González et 
al (2022) [17] studied soil property mapping using 
deterministic and geostatistical interpolation methods at the 
regional scale. The choice of one of the available interpolation 
methods is a complex and essential task that results in 
variations in the study results as well as in the nature and 
context of the data [18]. 
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A significant amount of literature has been devoted to 
examining and comparing various interpolation models 
recently used worldwide. To accurately map soils, 
particularly in studies conducted at the regional scale, 
Barrena et al. (2022) [17] used interpolation techniques, 
while Mendes and Ribeiro (2010) [19] employed kriging 
methods to map the likelihood of exceeding the maximum 
limit set in the nitrate directive in the Tagus River in Portugal 
and Sri Lanka. In Sri Lanka, Cameron and colleagues (2015) 
[20] compared interpolation techniques to map monthly 
precipitation using several evaluation criteria and auxiliary 
data sources. Zhang and his colleagues [21] used simple linear 
regression to study temporal trends and spatial distributions 
of reference evaporation rates and drought indices in the 
Yangtze River basin in China from 1961 to 2012. In Brazil, 
Borges and his colleagues (2016) [22] concluded that inverse 
distance weighting (IDW), ordinary kriging (OK), and 
multivariate regression with residual filling by IDW 
(MRegIDW) and OK (MRegOK) showed the least errors and 
the highest correlation coefficients and Nash-Sutcliffe 
efficiency. In general, interpolation methods provide spatial 
distributions. 

Pellicone et al. (2016) [23] based their study on annual 
precipitation and temperature data recorded between 1951 
and 2016 in southern Italy in order to determine the optimal 
method for representing the spatial distribution map of 
drought using the De Martonne drought index. 

In another study, Miloud (2024) [24] used geostatistical and 
probabilistic methods based on the Emberger index to map 
drought in the Beni Haroun basin in eastern Algeria. To 
determine the climate type in the Mediterranean 

environment, Passarella et al. (2020) [25] used the De 
Martonne index and tested different geostatistical methods. 
To analyse rainfall distribution, Achite et al. (2024) [26] 
compared several geostatistical and deterministic methods to 
determine the spatial variability of annual rainfall in the 
Makta Basin in Algeria. 

In 2021, Koussa and Barhail [27] conducted a study to 
evaluate the accuracy of several spatial interpolation 
methods. by comparing inverse distance weighting (IDW), 
simple kriging, ordinary kriging, and universal kriging using 
nitrate concentration data from 305 groundwater wells in the 
Ain El Bel Sidi Makhlouf rift valley (Algeria). 

This work aims to compare different interpolation 
techniques, including deterministic and geostatistical 
methods, to analyse the spatial distribution of aridity using 
the De Martonne index. The main objective is to determine 
the most accurate interpolation method capable of effectively 
representing spatial patterns. In addition, the aim is to 
identify the most arid regions in the area. The results of this 
study will be important for specialists in the fields of 
climatology and hydrology, as well as for decision makers. 
The other parts of this work are divided into different 
sections, in particular the section explaining the methodology 
used, the section detailing the results obtained and the 
section discussing the results. The section on methodology 
includes the identification of precipitation and temperature 
data, as well as a comprehensive overview of the different 
interpolation methods used to estimate the De Martonne 
drought index. 
 

 

 

Figure 1. Location of study region 
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PRESENTATION OF THE STUDY REGION 
 

The study region is located in eastern Algeria and covers a 
vast area from Bejaia in the west to the Algerian-Tunisian 
border in the east, and from the Mediterranean Sea in the 
north to Biskra in the south. The area in question is bounded 
by parallels 36°54' and 34°48' and is positioned between 
latitudes 8°27' N and 5°4' E, as illustrated in Figure 1. 

Regarding relief, the geographic area under consideration 
mainly includes five extensive topographic divisions 
arranged from north to south, namely: the coastal plains, the 
Tell Atlas, the internal basins, the high plateaus, and the 
Saharan Atlas. In a geological stratum, the study area consists 
of young altitudes that were shaped during the Tertiary 
period by Alpine processes. 
 

METHODS  
 

The De Martonne Aridity Index 
 

Despite its ancient nature among the aridity/humidity 
indices, its effectiveness and relevance in classifying 
arid/humid climates ensure its continued use worldwide, 
allowing for the effective identification of dry/wet conditions 
in various regions. [23, 28]. 

The De Martonne aridity index, an effective and relevant 
classification tool for arid/humid climates, continues to be 
widely used worldwide to identify arid/humid conditions in 
different regions [29]. It is one of the oldest and most well-
known and used indices [30], with good results in 
characterizing the climatology of different locations [31, 32]. 
This annual index is given by the following equation (1): 
 

𝐼 =
𝑃

𝑇+10
 (1) 

 
Where P and T are respectively the annual precipitation in 
mm and the annual mean air temperature at the surface in °C. 
Table 1 provides a classification of the climate based on the 
Martonne aridity index. The Figure 2 illustrates the various 
stages of this study 

 
Table 1. Climate classification according to the Martonne 
index 

Climate types De Martonne aridity index Values 

Arid I<10 

Semi-arid 10≤I<20 

Mediterranean 20≤I<24 

Semi-humid 24≤I<28 

Humid 28≤I<35 

Very humid 35≤I≤55 

Extremely humid I>55 

 

 
Figure 2. Simplified diagram of the steps followed 

 

Deterministic Methods 
 

Inverse distance weighting 
 

Inverse distance weighting (IDW) is a deterministic approach 
conventionally employed for the purpose of interpolating the 
depth of the water table [33]. This method is considered one 
of the most accessible and simplest interpolation methods. It 
assumes that the attribute value at any given point within the 
selected area is equal to a weighted average of attribute 
values from nearby points. The weights are typically 
inversely proportional to the distances between the points. 
This leads to the following estimator (equation 2). [34, 35] 
 

𝐹(𝑟) = ∑ 𝑤𝑖𝑧(𝑟𝑖) =
∑ 𝑧(𝑟𝑖)/|𝑟−𝑟𝑖|
𝑚
𝑖=1

∑ 1/|𝑟−𝑟𝑗|
𝑝𝑚

𝑖=1

𝑚
𝑖=1

𝑝

 (2) 

 
Where p is a parameter that usually has the value 2. Although 
this method can be easily implemented and is available in 
almost all GIS software, it has certain known flaws that limit 
its practical applications [36, 37]. This approach frequently 
produces local extrema at the extreme points, and the data's 
local shape is not reproduced. Many improvements were put 
forth, resulting in the volume and type of multivariate 
blended IDW surfaces [37]. 
 

Geostatistical Methods 
 

Kriging method 
 

The kriging technique, a geostatistical procedure, adheres to 
the principle of regional change and proposes that spatial 
variation remains consistent throughout the entire region 
[38]. It is important to note that kriging is the only 
interpolation method that incorporates the modelling of 
spatial variance and the estimation of attribute values for 
specific points on a grid. However, in order for kriging to 
produce effective results, it is crucial for the variables to 
exhibit spatial dependence [39]. Kriging encompasses a range 
of geostatistical techniques that enable the interpolation of 
regional variables at unobserved locations by utilizing 
observations of their values at neighbouring sites [40]. 
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Kriging is a spatial modelling technique in the field of 
geostatistics that allows a uniform representation of analysed 
information to be obtained even from sparse data. In the 
study of air pollution, the available data are limited to a 
certain number of monitoring stations. The basic kriging 
model has a similar structure to the classical regression 
model, except that the errors are now considered to be 
spatially correlated. This can be expressed mathematically as 
equation 3 [41] 
 

𝑍(𝑠) = 𝜇(𝑠) + 𝛿(𝑠), ∀𝑠 ∈ 𝐷 (3) 
 

Where: 
µ is the deterministic structure for the expectation of Z, δ is a 
stationary random function. 
 

Ordinary kriging (OK) 
 

The most popular technique for estimating the variable of 
interest at unsampled locations is simple kriging. The study 
variable Z at point 𝑠𝑗 is considered to be a stationary random 
function in ordinary kriging, which means that the mean of 
Z(𝑠𝑗) is stable but unknown. Nonetheless, because it offers 
both prediction values and prediction errors, it is a 
straightforward and popular technique for forecasting the 
study variable. [42, 43, 44]. 

It is assumed in model-based ordinary kriging that the 
response variable Z's distribution is normal, as shown by 
Equation (4). 
 

𝑍 ∼ 𝑁(𝜇, ∑𝑍 ) (4) 
 

Equation 5 can be expressed as follows: µ is the mean, and ∑𝑍 
is the covariance matrix. 
 

∑𝑍 = 𝛿2𝑅(𝛼) + 𝜏2𝐼 (5) 
 

where R is a correlation matrix and 𝛼 = (𝜏2, 𝛿2, and 𝜑) is the 
vector-valued parameter 𝛼. The majority of kriging 
techniques require data that is regularly distributed. The 
transformation technique, also known as the Box–Cox 
Transformation, is used to normalize the response variable 
when the data is not regularly distributed. The ordinary 
kriging equation can be expressed as follows: Equation 6 
 

𝑍(𝑠0) = ∑ 𝛽𝑍(𝑠𝑗)
𝑛
𝑗=1  (6) 

 

The weights in Equation (7) are represented by 𝛽𝑗 (j = 1, 2,..., 
n), and the sum of the weights should equal one (Equation 7) 
 
∑ 𝛽𝑗 = 1𝑛
𝑗=1  (7) 

 

Universal kriging (UK) 
 

For a real-valued random function Z(si), ordinary kriging 
assumes a constant mean; however, if the mean value 
fluctuates throughout the region, the variable is considered 
non-stationary. The mean value of a regionalized variable and 
the residual will be the two halves of the non-stationary 

regionalized variable. When there is a trend in the data and 
the dependent variable does not meet the requirements of 
weak stationary, one of the most used techniques for spatial 
mapping data is universal kriging (UK). Weak stationery 
occurs when the spatial dependency of any two data points in 
space is a function of their distance from one another, and the 
mean of the response variable remains constant throughout 
the region. Equation 8 [42, 43, 44]. 
 

𝑍 ∼ 𝑁(𝜇(𝑠), ∑𝑍 ) (8) 
 

In Equation (9) μ(s) represents the mean, while ∑𝑍 
represents the covariance matrix. The trend component μ(s) 
in universal kriging can be represented as follows: Equation 
9. 
 

𝜇(𝑠) = ∑ 𝑏𝑘𝑃𝑘(𝑠)
1
𝑘=1  (9) 

 

where 𝑏k is the 𝑘th coefficient, 𝑃k is the trend's describing 
function, and 𝑙 is the number of functions utilized to model the 
trend in Equation (10). Similar to Ordinary kriging, Universal 
kriging estimates the weights. The covariance matrix, 
denoted by ∑Z, can be expressed as follows: Equation (10).  
 

∑𝑍 = 𝛿2𝑅(𝛼) + 𝜏2𝐼 (10) 
 

where R is a correlation matrix and 𝛼 = (𝜏2, 𝛿2, and α) is the 
vector-valued parameter 𝛼. Several estimation techniques, 
including Weighted Least Square (WLS), Ordinary Least 
Square (OLS), Restricted Maximum Likelihood Estimation 
(REML), and Maximum Likelihood Estimation (MLE), are 
used to estimate the parameter values. 
 

Simple kriging (SK) 
 

In contrast to ordinary kriging, which employs a local average 
that is, the average of the scatter points in the kriging subset 
for a certain interpolation point this uses the average of the 
entire data set. Consequently, SK may yield a smoother 
outcome than ordinary kriging, but it may also be less 
accurate [44]. 
 

RESULTS AND DISCUSSIONS  
 

Statistical Analysis 
 

The statistical parameters have been analyzed and calculated 
using the SPSS software V.21, table 2 shows descriptive 
statistics for precipitation and temperature data. 

The skewness coefficients (SK) showed an obvious 
asymmetry in the probability distribution, which required 
transforming all the data from the annual series using a 
conventional logarithmic method to facilitate the use of 
variables that follow a normal distribution. 

According to the analysis of statistical parameters (Table 2), 
the values of precipitation and temperature have low 
variability, with coefficients of variation of 22, 3 % and 12.2 
% respectively. 

 

Table 2. Statistical parameters for variables (precipitation and temperature) 

Parameter Max  Mean Min S-tdev CV SK Sample 

Precipitation (mm) 704,21 626,8 198,7 139,81 0,223 0,32 100 

Temperature (°C) 20,52 15,63 14,21 1,92 0,122 -1,24 100 
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Development of Spatial Variation Maps of De Martonne 
Aridity Coefficient 
 

Inverse distance weighting method 
 

The results of interpolating aridity index data using the 
inverse distance weighting method were classified into four 
categories (Figure 3), namely: 
- I  10 
- 10 ≤ I <20 
- 20 ≤ I <24 
- 24 ≤ I 
 

 
Figure 3. Maps of spatial variation of De Martonne aridity 
index by t IDW method 
 

Geostatistical Methods 
 

Semi-variogram 
 

Geostatistics, which has been in existence for nearly four 
decades, originated from the gold mines of the 
Witwatersrand, where Daniel Krige proposed a statistical 
adjustment to estimate the grade of an ore block based on a 
limited number of samples taken around the block to be 
extracted [45]. The concept of regionalized was subsequently 
developed by Georges Matheron ten years later. Matheron 
introduced a tool called "the semi-variogram" to evaluate the 
spatial continuity of grades and devised an estimation 

technique named "Kriging" in honor of D. Krige, which relies 
on the variogram [45]. The experimental semi-variogram is a 
discrete function that quantifies the level of spatial 
dependence between pairs of points separated by different 
distances (lags) throughout the year.  

The variogram is calculated over the distances (lags) at which 
the following parameters describe each semi-variogram [46]:  
✓ Range, α, which is the distance at which the variogram 

becomes negligibly different from the sill;  

✓ Nugget, C0, which represents the jump height of the 
semi-variogram at the discontinuity at the origin;  

✓ Partial sill, C, which is calculated as the difference 
between the sill, C1, and the nugget; and Sill, C1.  

Where C1 = C0 + C, representing the limit of the variogram as 
lag distances tend to infinity.  

The initial step in spatial modelling involves determining the 
magnitude of the semi-variogram by utilizing 
semivariograms. This process entails determining the value 
of the semi-variogram for each pair of stations at a distance h 
from each other, as outlined by Nielsen and Wendroth (2003)  
[47] (equation 5). 
 

𝛾(ℎ) =
1

2𝑁(ℎ)
∑ (𝑍𝑠𝑖 − 𝑍𝑠𝑖+ℎ)
𝑖=𝑁(ℎ)
𝑖=1

2
  (11) 

 

Where γ(h) represents the magnitude of the semi-variogram 
at a specific distance h, N(h) denotes the count of data 
location pairs that are separated by a distance h, and ZSi and 
ZSi+h signify the magnitudes of the variable at two distinct 
points that are h units apart from each other. 

By standardizing the statistical characteristics of real data, 
geostatistics enables prediction [48]. The natural spatial 
characteristics of the pollutant are taken into account using a 
variographic analysis, also known as structural analysis, in 
the geostatistical kriging method [49]. The selection of the 
appropriate interpolation model for the experimental data 
depends on this analysis, where the spatial continuity or 
correlation of the studied phenomenon is represented by the 
variogram [50].  

Due to the large number of data points measured, an 
omnidirectional semivariogram was used for the spatial 
dependence analysis. Consequently, the variability in space 
was considered to be identical in all directions (Figures 4, 5 
and 6). Details of the variogram model used can be found in 
Table 3. 
 
Variogram analysis is a preliminary step in kriging. It is performed to 
highlight the spatial behaviour of the variable in question. The 
variograms calculated for all combinations of the regionalised 
variable (100 experimental points) show a certain structure of spatial 
dependence (Figures 4, 5 and 6). Indeed, points representing pairs of 
the closest weather stations at short distances have lower variogram 
values than points representing pairs of the most distant stations. 
 

 

Table 3. Statistical parameters for variables (precipitation and temperature) 

Kriging 
models 

Variogram 
model 

Nugget 
effect 

Lag 
size 

Number 
of Lags 

Range 

(m) 
Sill 

Bandwidth 

(Lags) 
Anisotropy 

Steering 
angle  

Ordinary 
kriging 

Spherical 2,456 3757 12 45 0,572 3 Yes 52.38 

Simple 
kriging 

Exponentiel 0,343 2019 12 242 0,8 3 Yes 68.55 

Universal 
kriging 

Spherical 2,322 3757 12 45 0,572 3 Yes 45.35 
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Figure 4. Maps of spatial variation of De Martonne aridity by 
Ordinary kriging (OK) method 
 

 
Figure 5. Maps of spatial variation of De Martonne aridity by 
Ordinary kriging (OK) method 
 

 
Figure 6. Maps of spatial variation of De Martonne aridity 
index by Universal kriging (UK) method 
 

However, beyond the maximum distance, 242.285 kilometres 
for simple kriging, 45.089 kilometres for ordinary kriging, 
and 36.775 kilometres, the cloud of experimental points 
begins to flatten, indicating very weak correlation between 
the points. Additionally, a nugget effect is clearly visible, with 
a few points at very low distances having very high variogram 
values. This can be explained by the presence of a number of 
weather stations very close to each other with very different 
measured values. 

Once the spatial structure of the variable under study has 
been determined through variogram analysis, Krige 
interpolation can take place. Maps of the spatial variation of 
De Martonne aridity coefficient using three types of Krige 
interpolation are shown in Figures 7, 8, and 9. However, it 
should be noted that the variogram models established for 
OK, UK, and SK will yield slightly smoother results, partly due 
to the "nugget effect" used as the initial structure of the 
variogram model to adjust the specific behavior of these 
models, which tends to smooth extreme values more for KO 
and UK than for SK. 

The use of variogram in this particular study clearly 
demonstrated the ability of semi-variograms to model 
changes in spatial correlation from different directions, as 
well as to illustrate the spatial correlation between the data 
of De Martonne aridity index. Our results revealed that the 
ordinary kriging method showed the strongest correlation 
with the observed data from the De Martonne aridity index. 

Furthermore, it was demonstrated that the spherical 
variogram, with a Nugget effect of 2,456 and a threshold of 
0,572, effectively modeled the strongest correlation between 
the observed De Martonne aridity index data and was 
therefore selected as the optimal interpolation method. 

The results of the three Figures 7, 8 and 9 suggest that the 
southern and south-western regions of the Algerian Sahara 
have the lowest Martonne aridity index due to their limited 
rainfall. It should also be noted that the geographical area 
south of the Saharan Atlas is characterised by a desert 
climate. Rainfall patterns show considerable variability, both 
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along the north-south axis and along the east-west axis. 
Moreover, the decrease in precipitation from north to south 
is further accentuated by a decrease in precipitation from east 
to west. 
 

 
Figure 7. Maps of spatial variation of De Martonne aridity 
index by OK 
 

 
Figure 8. Maps of spatial variation of De Martonne aridity 
index by UK 
 
 
 
 

 
Figure 9. Maps of spatial variation of De Martonne aridity 
index by SK 
 

These results are confirmed by the results of previous studies 
[51], which showed that the area with high humidity rates is 
known for its precipitation of over 900 mm and the presence 
of humid air. It is mainly located in the coastal region, 
especially in the Jijel region, in the east of Béjaia, in the south-
eastern regions of Skikda and in the north-eastern regions of 
Annaba. There is also a small area in the Souk Ahras region, 
which includes the Medjerda mountains. 

As for the sub-humid area, it is characterised by rainfall in 
excess of 600 mm and is also widespread in the coastal region. 
Although it has similarities with the humid area, it is more 
widespread. 

As for the semi-arid area, it experiences variable rainfall 
ranging from 300 mm to 600 mm. This area is located in the 
inner basins of the Tell, particularly in the Mila-Ferdjioua 
region. In addition, there is a localised zone in the Guelma 
region where semi-arid conditions are evident. In addition, it 
is mainly developed in the high plains that extend 
southwards. 

The subarid zone, characterised by rainfall of less than 350 
mm, is represented by a strip to the south of the Aurès and 
Nememcha foothills, this strip extends as far as the M'sila 
region, but does not include Hodna. 

The detailed statistics of the prediction accuracy of the 
interpolation methods are presented in Table (4). Based on 
the RMSE results (Table 4), ordinary Kriging gives better 
results than other interpolation methods, although the RMSE 
results indicated that the method was the best approach for 
interpolating the De Martonne index. The IDW interpolator 
can be ranked as the least favorable technique for spatial 
analysis of precipitation and temperature data. These 
conclusions are supported by previous studies [52, 53, 22] 
that have demonstrated the lower accuracy of the IDW 
interpolator compared to geostatistical methods for 
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estimating monthly and annual precipitation. It should be 
noted, however, that there were no significant disparities in 
terms of computation time between the different approaches. 

 

Table 4. The prediction accuracy of interpolation methods 

Method (Model) 
Root Mean Squared 

Error (RMSE) 
MAE 

IDW 0.5132 0,83 

Ordinary kriging 0.031 0,241 

Simple kriging 0 .0829 0,641 

Universal kriging 0.069 0 ,576 

 
 
 
 

Checking Fit Quality 
 

Figure 10 shows the comparative analysis of the correlation 
clouds, illustrating the relationship between the actual values 
and the estimated values derived from the two methods. The 
concentration of the cloud along the line is significantly 
higher compared to the correlation clouds from the ordinary 
kriging estimate. This observation is indicative of the 
increased precision of the estimates. 

The robust correlation between observed and predicted data 
demonstrates the exceptional effectiveness of ordinary 
kriging as an interpolation method in the present study (R = 
0.89). [54; 55] used the correlation between observed and 
predicted data (R = 0.69 and R = 0.77) correspondingly to 
authenticate data series. 
 

 

 
Figure 10. Correlation between measured and pridected DE Martonne aridity index values 

 

CONCLUSION 
 

The main objective of this study was to evaluate aridity using 
the DE Martonne index in the eastern region of Algeria, using 
four spatial interpolation techniques based on a GIS 
environment. The aim was to highlight the importance of 
better planning for sustainable development. Choosing an 
appropriate method to estimate the spatial distribution of 
aridity with minimal error is of paramount importance to 
facilitate effective management practices. For this particular 
study, the IDW, SK, UK and OK techniques were evaluated as 
four methods used to study aridity in the eastern part of 
Algeria. As a result, the ordinary Kriging method gives more 

accurate results (R=0.89, RMSE=0.031) than those obtained 
with other methods: universal (R=0.68, RMSE=0.069), simple 
(R=0.65, RMSE=0.082) and the IDW method (R=0.59, 
RMSE=0.51) for climate characterisation. In our specific case, 
factors such as low and irregular rainfall, intense brightness, 
high evaporation rates and significant temperature variations 
seem to play an essential role in watershed planning and 
development. 
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