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ABSTRACT
Responding to Climate Change in Small Island Developing States (SIDS), accurate Digital Elevation Model (DEM) can support the Sea 
level Rise (SLR) scenarios and sequenceit is impacts on coastal zone for proper adaptation. The DEM accuracy may vary to a certain degree 
following different interpolation algorithms and the data acquisition method. Indeed, numerous mathematical interpolation methods have 
been developed on spatial interpolation for topographic information densification and DEM restitution. The aim of this study focuses on 
the accuracy assessment of high spatial resolution DEM (at 2.5 m pixel size) regenerated from high topographic contour lines map at scale 
of 1:5,000 applying four different interpolation algorithms. Three deterministic methods were considered including the IDW with variable 
and fixed parameters, the Spline with regular and tension conditions, and the Natural Neighbor. While, for stochastic methods, the ordinary 
and simple Kriging were analyzed according to the semi-variogram adjustment considering five mathematical functions: Stable, Circular, 
Spherical, Exponential and Gaussian. For validation purposes, a datasets of 400 ground control points (GCPs) uniformly distributed over 
the study site, to cover all the existing altitude classes, were used. These were measured using Differential Global Position System (DGPS) 
with ± 1 cm and ± 2 cm for planimetric and altimetric accuracies, respectively. The results obtained show that ordinary and simple kriging 
methods, based on the exponential function, achieved a similar DEMs restitution with the best RMSE (± 0.65 m), which proved to be less 
than the tolerance or the total deviation (± 0.78 m). Consequently, these two Kriging methods are more accurate for DEM production 
for small island applications such as the evaluation of coastal zones vulnerability to SLR, flooding, detection of topographic features and 
hydrological modeling.
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INTRODUCTION
Digital Elevation Model (DEM) is a numerical representation of 
Earth surface topography. This model it is used to derive many 
topographic attributes in several geoscience applications (i.e., 
hydrology, geology, cartography, geomorphology, landslide, soil 
erosion, etc.), as well as performing geometric and radiometric 
corrections for topographic and shadow effects on remotely sensed 
imagery [1-4]. In combination with remote sensing and other 
geospatial data in a GIS environment, it can be used to model, 
simulate and/or visualize in 3D several natural resources, natural 
hazards and environmental phenomena (i.e., inundation, flash 
flood, Earthquake, wetlands discrimination, forest management, 
precision agriculture, etc.). Based on the requested accuracy 
and/or the nature of the project, which is often determined 
by economical aspects (investment vs. accuracy), as well as the 
conditions of surveying environment (e.g. terrain accessibility, 
topography and geometry, vegetation cover, etc.), DEM can be 

created by several methods. These include surveying engineering, 
stereo-photogrammetry, altimetric GPS in situ measurements, 
Lidar altimetry, radar interferometry (InSAR), topographic map 
contours, and stereoscopic pairs of optical satellite imageries, 
such as: SRTM (Shuttle Radar Topography Mission) and ASTER 
(Advanced Space borne Thermal Emission and Reflection 
Radiometer) [5,6]. However, independently to data acquisition 
mode, sometimes datasets contain gaps, irregularities and/or 
other anomalies that prevent immediate use in many applications. 
Nevertheless, these anomalies (or voids) can be filled using a range 
of interpolation algorithms in conjunction with other sources of 
elevation data [7].

Furthermore, it has been demonstrated that independently to the 
data acquisition method and the application, the DEM accuracy 
can vary to a certain degree with different interpolation algorithms 
[8]. Indeed, numerous mathematical models have been developed 
on spatial interpolation for topographic or bathymetric information 
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constitute severe and significant long-term menaces to small 
islands [25]. Consequently, several international organizations 
have pointed out the necessity to produce comprehensive impact 
assessments of SLR, especially on small islands, in order to 
establish scenarios or impact studies for proper adaptation and 
mitigation policies [26]. In these contexts, accurate DEM is the 
most appropriate for assessing the vulnerability of coastal zones 
vulnerability to SLR [27]. However, the quality and the accuracy 
of the used DEM in such environment are automatically related to 
the accuracy of the phenomenon under investigation, the source of 
input data, and the selected interpolation method [28]. To provide 
a clear idea and useful suggestions to scientists and decision 
maker, especially for SLR scenarios or hazards impact studies over 
Kingdom of Bahrain, the aim of this study is a comparison and 
assessment of absolute surface heights accuracies of derived DEMs 
based on deterministic (IDW, Spline, and Natural neighbour) and 
stochastic (Kriging) interpolation methods.

MATERIALS AND METHODS
The methodology pathway applied is presented in Figure 1. Three 
deterministic methods were considered including the IDW with 
variable and fixed parameters, the Spline with regular and tension 
conditions, and the Natural Neighbor. While, for stochastic 
methods, the ordinary and simple Kriging were analyzed according 
to the semi-variogram adjustment considering five mathematical 
functions: Stable, Circular, Spherical, Exponential and Gaussian. 
The dataset input for the interpolation methods to derive the 
DEM’s was a very large scale topographic contour lines map 
(1:5000) generated from photogrammetric stereo-preparation and 
restitution exploiting optico-mechanic stereo-plotter and aerial 
photographs. For validation purposes, a datasets of 400 ground 
control points (GCPs) were used. They were uniformly distributed 
over the Bahrain territory in order to cover the existing altitude 
classes, and they were measured using Differential Global Position 
System (DGPS) with ± 1 cm and ± 2 cm for planimetric and 
altimetric accuracies, respectively.

densification. More than 40 spatial interpolation models and 
methods are described and classified into three different groups: 
deterministic, stochastic and combined methods [9]. These methods 
are mainly integrated in the emerging advanced geostatistical 
software technologies for users and specialists. For instance, most 
of them are accessible in ArcGIS [10] and other mapping software’s. 
Theoretically, the best and the most appropriate topographic 
surface interpolation method must reproduce the land terrain 
shape as closely as possible [11-14]. Nonetheless, the selection of an 
appropriate spatial interpolation method for small islands, DEM 
derivation is not an easy task [5]. As reported by many scientists, 
the performance of spatial interpolators depends on many factors 
[9], and it seems that there is no justification regarding the choice 
of an appropriate method because where each specifically is the 
“best” only for specific situation and application [15-18].

Likewise, small islands developing countries are characterized by 
small low-lying coastal zones, limited in size, and most vulnerable 
to the global warming and climate change impacts [5,19]. Moreover 
small island countries have vulnerable economies and depend 
both on very limited resource bases and on international trade, 
with limited means to influence the terms of that trade. Around 
the world, there are approximately 52 small islands developing 
countries among them 37 are identified as independent nations 
including the Kingdom of Bahrain [20]. The most environmental 
catastrophes experienced by these small islands are SLR, cyclones, 
volcanic eruptions, earthquakes, landslides, coastal inundation and 
erosion, and infrastructure destruction [21]. For instance, the low-
lying nature of the coastal zones of Bahrain islands coupled with 
significant land reclamation investments and extensive industrial, 
commercial, and residential activity, emphasize the country’s critical 
vulnerability to SLR [22]. These will produce environmental, 
ecological and socio-economic sever impacts [23]. For instance, 
the increasing vulnerability due to coastal inundation may lead to 
considerable natural hazards, such as: the loss of coastal, damage to 
infrastructure, displacement of the population, loss of agricultural 
production, etc. [24]. Obviously, these negative natural disasters 

Figure 1: Flowchart of the used methodology.
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Study area

The Kingdom of Bahrain (26° 00’ N, 50° 33’ E) is anarchipelago 
located in the Arabian Gulf, east of Saudi Arabia and west of Qatar 
(Figure 2). The archipelago comprises 33 islands, with a total land 
area of about 800 km2 in 2017. Bahrain topography composed of 
five distinctive physiographic zones [4,29]. The first region is the 
coastal lowlands with elevation less than 10 m above mean sea 
level and slopes less than 0.5%. The second region is the upper 
Dammam back-slope which reflects the general asymmetrical 
shape of the main Bahrain dome whit elevation between 10 and 
20 m, and slopes less than 5.4%. The third region is the multiple 
escarpment zones surrounding the interior basin of the island, it 
is a continuous belts of low multiple enfacing escarpments. From 
the north-west to the south-west of this region, the elevation and 
slopes varies significantly, respectively, from 20 to 34 m and from 
5.4 to 14%. The fourth region is the interior basin which looks 
as an asymmetrical ring of lowlands surrounds the central plateau 
region (fifths region) whit relatively height elevation and strong 
slopes classes, respectively, 34 to 51 m and 14 to 29.5%. Finally, 
the fifth region is central plateau with upstanding residual hills 
and mountain. In this region, the elevations and slopes varies 
significantly between 51 and 134 m for JabalDukhan (the highest 
point in Bahrain) and 30 to 81%, respectively [30].

Interpolation methods

Spatial interpolation can be applied by deterministic (local), 
stochastic (global) or combined methods. In general, the process is 
based on the use of points with known attribute values to estimate 
the same attribute on other unknown points. The global method 
considers all the sampling points in the study area to make feature 
fitting for the study area [31]. While, the local method uses only the 
neighboring points to estimate the unknown point values [32,33]. 
However, estimations of nearly all spatial interpolation methods 
can be represented as weighted averages of sampled data. They all 
share the same general fundamental estimation Equation 1, which 
is the following [9]:
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the weight assigned to the sampled point “i”, and “n”represents 
the number of sampled points used for the estimation [34]. In the 
following paragraph, the interpolators employed in this work are 
briefly described.

IDW: The IDW is a local deterministic method based on 
autocorrelation concept. It estimates the value of an unknown 
attribute in a specific point using a linear combination of known 
attribute values weighted by an inverse function of the distance 
from the point under investigation to the known or observed 
points within a well-defined neighborhood. The selection of this 
neighborhood is based on the choice of a circle with varying size 
or a fixed number of known (observed) points, hence the names 
of variable or fixed IDW. It is based on the assumption that the 
known points closer to the unknown points are more similar than 
those further away in their values [1,35,36]. In other words, greater 
weights are given to points closest to the predicted locations, 
and the weights diminish as a function of distance. The main 
factor affecting the accuracy of IDW is the value of the power 
parameter [15]. The impact of the weights decrease as the distance 
increases between observed and estimated points, especially occur 
when the value of the power parameter increases. Consequently, 
nearby samples have a heavier weight and more influence on the 
estimation, where the power parameter and neighborhood size 
selection are arbitrary [9]. However, according to literature, the 
most popular choice of the power “p” is “2” and the method used 
is often inverse square distance or inverse distance squared [9,34]. 
The weights can be expressed in Equation 2 as:
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Where d_iis the distance between x
0
 and x

i
, p is a power parameter, 

and n represents the number of sampled points used for the 
estimation. 

Spline: The Spline interpolation method estimates unknown 
attribute values almost similarly to IDW but with some specific 
conditions according to the integrated mathematical function in 
the adjustment and  estimation process [35-38]. Indeed, Spline 
method include different mathematical function types that 
minimizes overall surface curvature, resulting in a smooth surface 
that passes exactly through the input points. These functions are 

Figure 2: Study site location (Kingdom of Bahrain).
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the Thin-plate, the Multi-quadric, the Inverse Multi-quadric, the 
Tension and the Regularized function [39,40]. Only the latter two 
functions are considered in this study. The Regularized function 
creates a smooth, gradually changing surface with values that may 
lie outside the sample data range. Whereas, the Tension function 
controls the abrupt change of the surface according to the character 
of the modeled phenomenon. It creates a less smooth surface with 
values more closely constrained by the number of input sample 
data. Indeed, for the both selected methods the output surface is 
accomplished through two fundamental parameters: weight and 
number of known sampling points. For Regularized method, the 
weighted parameter defines the weight of the third derivatives of 
the surface in the curvature minimization expression. Obviously, 
the higher the weight, the smoother the output surface. In ArcGIS 
environment, the typical values entered for this parameter are 0, 
0.001, 0.01, 0.1, and 0.5,whereas, in the Tension method, the weight 
defines the tension power. The typical values to be introduced in 
ArcGIS must be equal to or greater than zero (i.e., 0, 1, 5, and 10). 
According to many applications, the higher the weight, the coarser 
will be the output surface. Furthermore, regarding the number of 
known sampling points introduced as an input to the interpolation 
process, usually that more input points are considered, the more 
each estimated point will be influenced by distant points and the 
smoother the output surface will be. According to ESRI (2015), 
these methods are best for generating slightly varying surfaces such 
as elevation, water table heights, or pollution concentrations.

Natural neighbors: This method has been introduced by Sibson, 
which, also known as Sibson or “area-stealing” interpolation. This 
method combines the concepts of two unlike process: nearest 
neighbors and triangular irregular network (TIN). In two inter-
related steps, this method finds the closest subset of input samples 
to a query point and applies weights based on proportional areas in 
order to interpolate the value of unknown point. The first step is 
a data triangulation following the Delauney’s method, wherein the 
vertices of the triangles are the sample points in adjacent Thiessen 
polygons. The second step is to estimate the value of an unknown 
point, where it is inserted into the tessellation and then its value is 
determined by sample points within its bounding polygons [34,41]. 
In other words, its basic properties are local, using only a subset of 
samples that surround a query point, and that interpolated heights 
are guaranteed to be within the range of the samples used. On 
the other hand will not infer trends and, will not also produce 
peaks, pits, ridges or valleys that are not already represented by the 
input samples. Moreover, this method passes through the input 
samples and smooth everywhere except at locations of the input 
samples. Break-lines may be used in the TIN process to create 
linear discontinuities where appropriate, such as: along roadsides 
and water bodies. It adapts locally to the structure of the input 
data, requiring no input from the user pertaining to search radius, 
sample count, or shape, and it works equally well with regularly 
and irregularly distributed data [40].

Kriging: Kriging is a global stochastic or geostatistical 
interpolation method that considers both the distance and the 
degree of variation between known attribute points to estimate 
attribute values of unknown points. It works similarly to IDW 
method [41] with exception of the weights which are not based 
only on the distance between the known and unknown points 
but on the overall spatial arrangement of the known points. 
Kriging assumes that the distance or direction between sample 
points reflects a spatial correlation that can be used to explain the 
variation in the surface [31]. It is a multistep analysis process that 

fits a mathematical function to a specified number of points, or 
all points within a specified radius, to determine the output value 
for each location using sophisticated weighted average technique 
[42]. Indeed, it derives the spatial arrangement in the weights by 
quantifying the spatial autocorrelation using the semi-variogram 
based on one of the following mathematical functions: circular, 
spherical, exponential, Gaussian and linear [35,43]. There are two 
kriging methods; ordinary and simple. The ordinary kriging (OK) 
assumes that the constant mean is unknown, on the other hand 
the simple kriging (SK) assumes that there is a dominant trend in 
the data and this trend can be modeled by a polynomial function. 
Kriging fits a mathematical function to a specified number of 
points, or all points within a fixed radius, to determine the output 
value for each unknown point [9].

The semi-variance (γ) of unknown point Z between two known 
data points (one pair of sample points) is an important concept in 
geostatistics (Equation 3), as well it can be estimated from “n” pairs 
of sample points as indicated in Equation 4, as follow:
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Where “d” is the distance between points x0
 and x

i
, and γ (d) is the 

semi-variogram, as well commonly referred as variogram [34]; while “n” is 
the number of pairs of sample points separated by distance “d” [11]. The 
semi-variogram modeling, analysis and estimation are extremely important 
for structural analysis and spatial interpolation based on the input of: 
nugget, range and sill. The “nugget” is a residual reflecting the variance 
of sampling errors and the spatial variance at a shorter distance than the 
minimum sample spacing. The “range” is a value of distance at which the 
“sill” is reached, providing information about the size of a search window 
used in the spatial interpolation methods. Samples separated by a distance 
larger than the range are spatially independent because the estimated semi-
variance of differences will be invariant with sample separation distance. 
If the ratio of “sill” to “nugget” is close to 1, then most of the variability is 
attributed to non-spatial [44].

Accuracy assessment

The accuracy of DEMs derived from different and independent 
interpolation methods was assessed by reference to elevation data 
acquired with DGPS representing the elevation truth. According 
to the American Society for Photogrammetry and Remote Sensing 
[45], the elevation accuracy of each DEM should be expressed by the 
root mean square error (RMSE) given by the following Equation 5:

( )2
1 Ref DEM-i

DEM- j

H - H
RMSE

1

n
i

n
=Σ

= ±
−

                   (5)

Where HRef is the reference DGPS elevation data (in situ 
measurements), HDEM-i is the elevation derived from the used 
interpolation method, and “n” corresponds to the total number 
of DGPS GCPs used for validation. As recommended by USGS 
(1997), DEM accuracy assessment is usually made with a minimum 
of 28 GCPs. However, Li reported that many GCPs are needed to 
achieve a consistency closer to what is accepted in most statistical 
tests. Indeed, the number of the used GCPs for validation is an 
important factor in consistency because it adjusted the range 
of stochastic variations on the RMSE and standard deviation 
values [46]. In this study, 400 GCP points were used for accuracy 
assessment, measured with DGPS assuring accuracies of ± 1 and ± 
2 cm for planimetry and altimetry, respectively. These points were 
uniformly distributed over the study area considering all existents 
topographic terrain variability’s (different slopes, orientations, 
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elevations, roughness, etc.).

RESULTS AND DISCUSSON
The accuracy assessment of the derived DEMs based on the 
considered interpolation methods is a critical step for information 
extraction analysis. In addition to statistical methods that are 
often used for DEMs exactitudes analysis, visual interpretation 
methods are generally important for derived thematic maps quality 
assessment. Certainly, the complementarily between these two 
methods of analysis (visual and statistic) would result in a more 
efficient improvement of the derived product quality.

Visual analysis

In order to have a reliable comparison reference, it is necessary 
to describe the topographic classes of the study area accurately 
according to geodesy and surveying engineering methods. 
Generally, the topography of Bahrain has low variability with five 
major physiographic regions (4,30,31). The first region is the coastal 
lowlands, with an elevation of less than 10 m above mean sea level 
characterized with slopes less than 0.5%. The second region is the 
upper Dammam back-slope reflecting the general asymmetrical 
shape of the main Bahrain dome with elevations that vary between 
10 and 20 m, and slopes less than 5.4%. The third region is the 
multiple escarpment zones surrounding the interior basin of 
the island. From the northwest to the southwest of this region, 
elevations and slopes vary significantly from 20 to 34 m and from 
5.4% to 14% respectively. The fourth region is the interior basin, 
which appears as an asymmetrical ring of lowlands surrounding 
the central plateau (fifth region) with relatively higher elevations 
(34 to 51 m) and steeper slope classes (14% to 29.5%). The central 
plateau (fifth region) has upstanding residual hills and a more 
mountainous-type terrain, with greater variations in elevation (51 
to 134 m) and slopes (30% to 81%) and includes Jabal-Dukhan 
(the highest point in Bahrain, i.e. 134 m). According to this 
topographic description, it is possible to distinguish among four 
major groups of drainage (catchments) zones that mimic the major 
physiographic areas: the coastal lowland, the upper Dammam back-
slope, the multiple escarpment zones, and the interior-basin and 

central plateau.

Furthermore, two derived DEMs were generated based on IDW 
methods, characterized byvariable and fixed parameters. For the 
first method, after many tests, the optimal results were obtained 
using a number of 12known points that are the nearest to the 
unknown and estimated points. While, the second method 
adopted a fix radius at 20 mand all known points within this 
radius were considered in interpolation process. Figures 3a and 3b 
illustrate the derived DEMs using both methods;thus the output 
cell was setto 2.5 m.In general, the tow generated DEM reflect the 
five major topographic classes. However, the IDW method with 
variable parameters smooth the terrain texture, roughness and the 
micro-topography; and change the output values of the introduced 
low and high altitudes (Figure 3a). Indeed, the very low altitude at 
the mean sea level (MSL) which is null value (zero) was estimated to 
+1.87 m, whereas the highest altitude was overestimated with +0.50 
m. While, the derived DEM based on IDW with fixed parameters 
reflect correctly the five topographic classes describing properly 
the geomorphological variability without smoothing or change in 
micro-topography of terrain roughness. It conserve the integrity of 
the original value of low altitude at the MSL, but it overestimate 
the high altitude at Jabal-Dukhan with +0.20 m (Figure 3b).

Figures 4a and 4b illustrate obtained DEMs maps applying 
regularized and tension spline methods. These results revealed 
that the morphology of the original five topographic classes has 
not been characterized in both methods and are not relevantfor 
Small-Island topographic attributes derivations. Indeed, the both 
methods smoothed the abrupt topographic variations producing 
important fuzzy aspects of topographic classes and fragment 
the uniform and flat terrains of lowland class.Moreover, the 
regularized method generate a maximum elevation of +237.3 m for 
Jabal-Dukhan (i.e. overestimation with +103 m) and a minimum 
elevation of -123 m by reference to MSL that must be zero (Figure 
4a). Thereby, the tension method estimated the minimum and the 
maximum altitudes to -65m and +130 m, respectively (Figure 4b). 
By reference to the original data introduced in the interpolation 
process we observe that the predicted altitude of Jabal-Dukhan was 

Figure 3: a) Derived DEM using IDW with variable parameters; b) Derived DEM using IDW with Fixed parameters.
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underestimated with 4 m, and the MSL was underestimated with 
65 m. These significant biases introduced by these two methods 
do not give them the possibility of being suitably used for the 
estimation and mapping of altitudes in small islands.

Otherwise, the Natural Neighbors method generate a smooth DEM, 
gradually changing topographic surfaces with values range between 
0.00 and 134.3 m, which reflect correctly the lowest and the highest 
elevation points in Bahrain Island (Figure 5). Except the locations 
of the input samples with known values, this method smoothed 
all other areas of estimated altitude values. Moreover, it fails to 
describe correctly and independently the fourth topographic class 
(interior basin) with relatively higher elevations (34 to 51 m) and 
the fifth class (central plateau) with greater variations in elevation 
(51 to 134 m). Consequently, the topographic areas in Bahrain 
cannot be properly and accurately mapped with this method. 

Due to specific shape of Bahrain Island topography, ordinary 
and simple kriging interpolations were implemented considering 
several semi-variogram adjustments, based on the five mathematical 
functions (stable, circular, spherical, exponential, and Gaussian),and 
assuming a multiplicative skewing distributions. All combinations 
of tests were implemented, examined and adjusted until the best 
fit of the model was achieved. Finally, the interpolation procedure 
was carried out considering the contour lines, using eight (8) 
neighbor points, the direction trend analysis, the number of lags 
was fixed at 12, the lag size was 0.086, and the output pixel size 
was fixed to 2.5 m × 2.5 m. Among all tested cases, SK and OK 
based on the exponential function provided the best results as 
illustrated by Figures 6a and 6b.Visually the derived map are similar 
faithfully representing the five different topographic classes. They 
describe similarly the terrain shapes, forms, texture, roughness and 
micro-topography. By reference to the original data introduced 
in the interpolation process we observe that the altitude of Jabal-
Dukhan was predicted at 134.40 m by the both methods, with an 

overestimation of +0.40 m. While, the lowest elevation at the MSL 
was estimated at +0.14 m and +0.22 m by SK and OK, respectively 
(Figures 6a and 6b). Comparatively to the deterministic methods, 
these very low biases are introduced because the Kriging method 
considered the spatial autocorrelation structure of elevations 
among the considered points.

STATISTICAL ANALYSIS
The relationships between the measured and estimated altitudes 
values were analyzed using a linear regression model (p<0.05). For 
the validation process, 400G CPs were measured using correlation
DGPS and their homologous estimated from the DEMs based on 
the considered interpolation methods were compared using the 
1:1 line. Ideally, the observed and predicted values should have 
a correspondence of 1:1. For the IDW variable parameters, the 
validation DGPS-GCPs showed fitness of (R2=0.93) with their 
homologous (Figure 7). The scatter-plot for this method show a 
good fit with 1:1 line with an intercept and origin of 0.96 and 
0.68, respectively. However, although this good statistical fits, 
the yielded RMSE was found to be ± 3.73 m corroborating the 
visual interpretation results. Definitely, this method is not accurate 
enough to be applied for Small Island DEM derivation under 
SLR scenario simulations or any other application that requires 
accurate topographic information. While, the scatter-plot of IDW 
fixed parameters indicated that this method perform slightly better 
than the variable parameters. Indeed, this slight performance 
depicted the distribution of validation points around the fitting 
axis (1:1 line) expressing R2 of 0.99 with a slope of 0.98 (near to 
the unity) and intercept of 0.25. Unfortunately, the calculated 
RMSE was ± 1.94 m, which is also not sufficient for DEM use 
in several geoscience applications. In general, regarding these two 
methods, the statistical results are in agreement with those of visual 
interpretation.

Furthermore, the validation scatter-plot obtained for regularized 

Figure 4: a) Derived DEM using Spline with regularized parameters; b) Derived DEM using Spline with tension parameters.
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Figure 5: Derived DEM using Natural Neighbors method.

Figure 6: a) Derived DEM using S.K. with Exp. Function; b) Derived DEM using O.K. with Exp. Function.

spline method (Figure 7) revealed some irregularity in the why that 
this method process the very high and very low altitudes. Indeed, 
the low altitudes are significantly underestimated and oppositely 
the high altitudes are strongly overestimated. The distribution of 
validation points around the fitting axis (1:1 line) are not well fitted 

showing an R2 of 0.51. As well as the slope (1.31) and intercept 
(-8.38) are supporting this low fit, yielding a very strong RMSE of 
± 24.36 m. Although the results of spline tension interpolation 
revealed a better adjustments than the regularized method, 
especially for moderate and high altitudes, the lowest altitudes 
are significantly underestimated. In fact, the presented scatter-plot 
in the Figure 7 exhibited an R2 of 0.77 with a slope of 1.04 and 
intercept of -2.95. Whereas, the calculated RMSE is approximately 
± 10.60 m, which is not consistent with accurate topographic 
attributes integration in many DEM applications. Otherwise, the 
scatter-plot of Natural neighbors indicates that the results are in-
between the IDW variables and fixed parameters methods with R2 
of 0.96, slop of 0.97, and the intercept of 0.03. Nevertheless, the 
resulting RMSE is equal to ± 3.87 m, expressing a large variability 
of altitudes difference. Obviously, due to specific shape of Bahrain 
island topography, this accuracy is not adequate for SLR scenarios 
or any other hydrological application. Finally, for simple and 
ordinary Kriging, the estimated altitude values based on these two 
methods showed high fitness (R2=0.96) with their homologous. 
These scatter-plots illustrate in general a good fit to 1:1 line with 
a slop of 0.96 (near to unity) and an intercept of 0.36. Moreover, 
these methods exhibit the best RMSE of ± 0.65 m that is less than 
the tolerance or the total calculated error (± 0.78 m)based on errors 
sources propagation [47]. Consequently, the kriging approach is a 
powerful statistical interpolation method, adjusting to the spatial 
data structure and provided better estimations of the altitude than 
the other interpolation methods. Definitely, the derived DEM 
based on Kriging is more accurate for small island applications such 
as the evaluation of coastal zones vulnerability to SLR, flooding 
and the detection of topographic features and the magnitude of 
hydrological processes [48].
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CONCLUSIONS
The aim of this research is a comparison of absolute DEM 
surface heights accuracies retrieval based on three deterministic 
interpolation methods, such asIDW with variable and fixed 
parameters, Spline with regular and tension conditions, and the 
Natural Neighbor. As well as, two stochastic methods (ordinary 
and simple Kriging) were considered applying the semi-variogram 
adjustment and analysis based on five mathematical functions, 
which are Stable, Circular, Spherical, Exponential and Gaussian. 
To achieve this objective, a very large scale topographic contour lines 
map (1:5000) generated from photogrammetric stereo-preparation 
and restitution exploiting optico-mechanic stereo-plotter and 
aerial photographs was used as input in the interpolation process. 
Likewise, for validation purposes, a datasets of 400 GCPs were 
used. They were uniformly distributed over the Bahrain territory 
in order to cover the existing altitude classes, and they were 
measured using DGPS with ± 1 cm and ± 2 cm for planimetric 
and altimetric accuracies, respectively. The results obtained show 
that visual interpretation and statistical analysis converge toward 
the same conclusions. The Spline methods are not able to identify 
adequately change in topographic attributes, achieving a very large 
RMSE of ± 24.36 m and ± 10.60 m for regularized and tension 
process, respectively. Nevertheless, the IDW methods provides 
an RMSE of ± 3.73 m and ± 1.94 m for the variable and fixed 

parameters, respectively. Otherwise, the Natural neighbours 
method yield an RMSE of ± 3.87 m, expressing a large altitudes 
difference with the filed truth. Definitely, these deterministic 
methods revealed some irregularity in the way that they process 
the very high and very low elevations. Consequently, they are not 
accurate enough to be applied for Small Island DEM derivation 
under SLR scenario simulations or any other application that 
requires accurate topographic information. Contrariwise, the 
estimated DEM altitude values based on stochastic methods 
(simple and ordinary Kriging) fits similarly and very significantly 
(R2=0.96) with their homologous GPS’s measured with DGPS. 
They exhibited the best RMSE (± 0.65 m) which is less than the 
tolerance (± 0.78 m) which is the total altimetric error. Decidedly, 
the derived DEM based on Kriging is more accurate and adequately 
depicting the five major topographic classes in the study area, and 
identified the change in topographic attributes, shapes, forms and 
micro-topography. These two methods are more appropriate for 
small island applications such as the evaluation of coastal zones, 
vulnerability to SLR, flooding, detection of topographic features, 
and magnitude of hydrological processes.
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