
7th International Symposium on Spatial Accuracy Assessment in Natural Resources and Environmental Sciences. 
Edited by M. Caetano and M. Painho. 

 181

Comparison of Methods for Deriving a Digital Elevation Model 
from Contours and Modelling of the Associated Uncertainty  

Anicet Sindayihebura1, Marc Van Meirvenne1 and Stanislas Nsabimana2 

1 Department of Soil Management and Soil Care, Ghent University 
Coupure 653, 9000 Gent, Belgium 
Tel.: + 32 (0)9 264 6056; Fax: + 32 (0)9 264 47 
anicet_fr@yahoo.fr; marc.vanmeirvenne@ ugent.be 

2 Department of Geography, University of Burundi 
P.O. Box: 1550 Bujumbura, Burundi 
Tel.: + 257 244006; Fax: + 257 22 3288 
snsabim@yahoo.fr 

Abstract 
Topographic maps are the most common sources of Digital Elevation Models (DEMs).On 
these maps elevation data are explicitly displayed along contour lines. However such an input 
is not fully representative of the terrain shape which is known to vary continuously and 
smoothly in space. Moreover, in many instances the DEM is not the final objective. In our 
case, we intend to use it along with its derivatives as secondary information in interpolation of 
soil attributes. So DEM errors will propagate into the target variable. Therefore assessment of 
the amount and spatial distribution of these errors is crucial. Often, what is important is not 
the absolute DEM accuracy but the reproduction of the terrain shape. In this respect 
quantitative assessment criteria should be complemented by other qualitative criteria that 
account e.g. for artefacts and inconsistencies. The topographic data source is an 1:50000 
topographic map with a 20 m contour interval. The study area has an area of 14.8 km2 and is 
composed of two contiguous watersheds located in a mountainous and lithologically 
contrasting zone of Burundi. Correlations between soil attributes and DEM-derived 
topographic attributes are significant, but they are too weak to be readily accounted for in soil 
attributes interpolation. Also propagation of DEM uncertainty into DEM derivatives is too 
pronounced and precludes the use of these as secondary information in soil attributes 
interpolation. Therefore we suggest changing the DEM into topographic units and use these as 
well as lithologic units as categorical soft information.     
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1 Introduction 
Problems in interpolating a digital elevation model (DEM) from topographic maps have been 
invoked in the literature (e.g. Burrough and McDonnell, 1998; Wilson and Gallant, 2000): 
elevation values are explicitly available only along contour lines. DEMs and DEM-derivatives 
have been often used as explanatory variables in continuous soil attributes mapping. However, 
in many instances the amount of error propagation cannot be neglected and should be 
accounted for when using these regression-based techniques (Burrough and McDonnell, 1998; 
Heuvelink, 1998; Holmes et al., 2000).   

For DEM interpolation one has to decide on (1) the DEM resolution or pixel size, (2) the DEM 
interpolation method, and (3) the DEM uncertainty assessment method. In this paper we 
compare methods that are used to address these issues based on results from a study area in 
Burundi. The area is 14.8 km2 and corresponds to two contiguous catchments in a 
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lithologically and topographically contrasting zone. In addition to topographic models, we 
analysed the correlations with soil attributes (organic carbon content and textural fractions) 
obtained from 203 topsoil (down to 30 cm depth) samples (Figure 1). 

 

 
Figure 1 Localisation of the study area, its lithology, the two watershed delineations and the sampling 

locations. 

1.1 The DEM resolution 
The DEM resolution, or pixel size, determines its detail. Therefore, decisions on the DEM 
resolution must depend on the intended application. Thompson et al. (2001) indicated that 
lower horizontal resolution DEMs produce lower slope gradients on steeper slopes and steeper 
slope gradients on flatter slopes. However they concluded that higher-resolution DEMs may 
not be necessary for generating useful soil-landscape models. This implies the need to 
determine an optimal DEM resolution. In case the DEM is to be derived from contours, Hengl 
(2003) proposes the suitable grid size to be half the average spacing between contours. Tempfli 
(1999) relates the grid size to cartographic rules, i.e., the maximum graphic resolution of lines 
on a map, which is 0.4 mm on map scale. A statistically sound method is based on the so-
called “root mean square slope criterion method” (Wilson and Gallant, 2000): using a given 
DEM interpolation method, different DEMs with increasing resolution are created. From each 
DEM, a slope gradient (%) map and the corresponding root mean square (RMS) are computed. 
The optimal resolution is reached when no significant increase in RMS slope (%) is noticed.  



7th International Symposium on Spatial Accuracy Assessment in Natural Resources and Environmental Sciences. 
Edited by M. Caetano and M. Painho. 

 183

1.2 The DEM interpolation methods 
Several DEM interpolation methods are available in most mapping software. In environmental 
applications, the issue is more about the relative rather than the absolute accuracy. Relative 
accuracy refers to reproduction of terrain shape (Wise, 2000). Therefore, the appropriate DEM 
interpolation method should reproduce as close as possible the terrain shape. In our case the 
input data is only an 1:50000 topographic map with a 20 m contour interval. This means that 
we have no elevation values between contours, although we know elevation values change 
smoothly between contours. Therefore the first step in choosing an appropriate DEM 
interpolation method from contours is to discard those methods that do not extrapolate 
elevation beyond contours. 

Of the 11 interpolation methods available in Surfer 8.0, only 5 extrapolate beyond input data. 
These are, (1) Kriging, (2) Minimum Curvature, (3) Modified Shepard’s method, (4) Radial 
Basis Functions and (5) Polynomial Regression methods. However the latter reproduces the 
long-range trend masking local detail. In this paper we compare the 4 remaining methods 
based on following criteria: 

• Reproduction of the terrain shape that can be inferred from contour maps. 
• Distribution of errors. 
• Computational effort. 

1.3 The DEM uncertainty assessment methods 
Intuitively, uncertainty at a given non sampled point depends both on the spatial configuration 
and on values of the surrounding sampling points. Classical statistics cannot address this 
problem because they do not account for the spatial data configuration. Likewise, in 
geostatistics the kriging variance is not appropriate because it only accounts for the spatial data 
configuration and not for data values at sampling points.   

Sequential stochastic simulation techniques address uncertainty by simulation of equiprobable 
target variables as many times as specified by the user. Spatial features are deemed certain if 
seen on most of realizations (Goovaerts, 1997). Sequential Gaussian simulation requires a 
multi-normality assumption which however cannot be demonstrated in practice. Sequential 
indicator simulation is non-parametric but requires modelling of several indicator variograms 
for several cutoffs, which allows reproduction of class-specific patterns. 

2 Materials and methods 
The only available topographic information consists of digitized contours from a 1:50000-scale 
topographic map with a 20 m contour interval (Figure 2). Elevation points sampled on these 
contours are used in DEM interpolation.  

2.1 DEM interpolation methods 
For terrain shape reproduction DEM profiles along a transect AB (Figure 2) are compared. For 
error distribution cross-validation results on 300 points selected from the original contour 
nodes are used to plot interpolated1 values against contour values. 

 

                                                                 
1 For each contour value there are several interpolated values. So the curve relates the mean values of 
interpolated values against corresponding contour values. 
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Figure 2 Digitized contours of the study area and its surroundings. 

2.2 DEM uncertainty assessment and propagation 
A representative zone in the study area is chosen for sequential indicator simulation (SISIM). 
This is because the elevation range in the study area is too high (1820 m – 2100 m) to allow 
topographical detail rendition using a limited number of cutoffs in SISIM. Using too many 
cutoffs would increase order relation problems. 

Elevation data from contours are not well behaved for simulation because they give an illusive 
discrete distribution of elevation. For this reason interpolated elevation data were added to 
those from contours after following post-processing steps: 

• Accounting for the elevation information given by contour maps, elevation values at 
points located between 2 contours with values zi and zi+20 (the contour interval  
is 20 m) should not exceed these limits. Therefore interpolated pixels that violate this 
condition were deleted. 

• From the remaining pixels a sample is taken using a tolerance distance of 100 m. 
Another sample is taken from elevation nodes on contours using also a tolerance 
distance of 100 m. 

• The 2 sample sets are appended and finally sampled using a tolerance distance  
of 50 m. 

SISIM requires choosing cutoffs from the primary data and computing indicator values. For a 
cutoff value zk, the corresponding indicator value i(u; zk) at location u is: 

k
k

1 if z(u) z
i(u;z )=

0 otherwise
≤⎧

⎨
⎩

 (1) 

Elevation values interpolated from contours may be considered as the so-called “type-B soft 
data” (Alabert, 1987) or “inequality data” (Deutsch and Journel, 1992): elevation values for 
points located between 2 contours with values zi and zi+20 are uncertain, but they cannot be 
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outside the constraint interval ]zi, zi+20[.Therefore, given a cutoff zk ∈ ]zi, zi+20[, the 
indicator coding in equation (1) becomes,  

20,
i

k i i

i+20

1 if z z
i(u;z )= undefined for z  z z

0 if z z
+

≤⎧
⎪

∈ ⎤ ⎡⎨ ⎦ ⎣
⎪ ≥⎩

 (2) 

Interestingly, this way of coding inequality data results in increasing the amount of “hard data” 
as one moves to higher cutoffs, which allows modelling indicator variograms with a higher 
amount of hard data. 

3 Results and discussion 

3.1 Optimal DEM resolution 
Figure 3 shows the RMS percent slope as a function of the DEM resolution. It suggests the 
optimal DEM resolution is in between 30 m and 15 m. We choose 20 m, which also 
corresponds to the optimal DEM resolution when applying the cartographic rule criterion. 

 

 
Figure 3 Determining the optimal DEM resolution using the RMS slope criterion. 

3.2 DEM interpolation methods 
The common artefact in DEMs derived from contour lines is the so-called artificial terraces. 
Such artefacts were not found in the 4 DEMs corresponding to the 4 types of interpolation. 

Figure 4 gives profiles for DEMs corresponding to the 4 interpolation methods. It is clear that 
the Modified Shepard’s Method exaggerates the angularity at summits. 

Figure 5 is a plot of cross-validation results for the Kriging, Minimum Curvature and Radial 
Basis Functions methods. The curves for Kriging and Radial Basis Functions clearly show the 
so-called smoothing effect: higher elevation values are under-estimated whereas lower 
elevation values are over-estimated. With the Minimum Curvature method, the smoothing is 
observed only for smaller elevation values, but it is more pronounced than with Kriging and 
Radial Basis Functions. In higher elevation values, the Minimum Curvature method performs 
best: the curve follows the diagonal line and there is no evidence of the smoothing effect. At 
lower elevation values, the Kriging method performs best but still shows the smoothing effect. 
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Figure 4 Profiles of elevation along transect A-B (see Figure 2). 
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Figure 5 Interpolated versus “true” elevation values. 

Better results may be achieved by changing parameters which however does not guarantee 
reproduction of results among users. The risk increases with the number of parameters. The 
number of these parameters is 12 for the Kriging and Radial Basis Functions methods and 6 
for the Minimum Curvature and the Modified Shepard’s methods. 

3.3 DEM uncertainty assessment and propagation 
Figure 6 shows the 50th DEM simulation using SISIM. The image mimics the spatial pattern of 
low elevation values around river channels and high elevation values around summits and crest 
lines. This spatial pattern is observed in all of the 100 DEM realizations. 
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Figure 6 The 50th DEM realization by SISIM with contours overlaid (legend : m a.s.l.). 

Figure 7 shows point-to-point coefficients of variation maps from the 100 DEM values (m) (a) 
and derived slope gradients (%) (b). The uncertainty propagation is too high and discourages 
subsequent regression-based soil attributes interpolation using topographic variables. 

 

 
Figure 7a Point-to-point coefficients of variation map for elevation. 

 

 
Figure 7b Point-to-point coefficients of variation map for slope gradients 
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3.4 Proposal for alternative use of topographic models in soil attributes interpolation 
Correlation between DEM derivatives (elevation, slope and the topographic wetness index - 
TWI) and soil attributes (OC, clay, sand and silt contents) computed for the 203 soil samples 
are low. Computing these correlations after removal of samples from valley bottoms gives 
even lower correlations (Table 1). Accounting for the high DEM error propagation, the use of 
these correlations in regression-based interpolation techniques is risky. As an alternative, we 
evaluate the predictive power of topographic units that can easily be delineated on contour 
maps and DEMs. 

Table 1 Spearman rank correlation coefficients between DEM derivatives and some soil attributes. 

 All samples (n=203) Samples on hillsides (n=177) 

 Elevation (m) Slope (%) TWI Elevation (m) Slope (%) TWI 

OC (%) 
Clay (%) 
Sand (%) 
Silt (%) 

-0.42 
-0.33 
 0.25 
-0.08 

-0.48 
-0.36 
 0.36 
-0.22 

0.48 
0.43 
0.36 
0.13 

-0.32 
-0.33 
 0.19 
 0.03 

-0.35 
-0.37 
 0.31 
-0.08 

 0.34 
 0.48 
 0.33 
-0.04 

 

3.4.1 Topographic units 
Overlaying a contour map and the derived DEM using an appropriate legend allows easily 
distinguish 3 topographic units (TU):  

• Depression zones with low elevation and slow change in elevation; 
• Crest and summit zones with high elevation and slow change in elevation; 
• Intermediate zones with quick change in elevation. 

In crest and summit zones, only few soil samples are available because these zones are rocky. 
Therefore we decided to merge them with intermediate zones (Figure 8). 

 

 
Figure 8 Topographic units defined for the study area. 
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3.4.2 Lithologic units 
Lithologic units (LU) in our study area were shown on figure 1. Explorative statistical analyses 
suggested that sandstones and porphyric granites have similar soil attribute values. So we 
decided to merge them. 

3.4.3 Litho-topographic units 
Combining the 2 TU and the 3 LU gives 6 “litho-topographic units” (LTU). To these we add 
the flat valley bottoms that were delineated using a GPS, which gives in total 7 LTU. 

3.4.4 Assessing the predictive power of LTU 
The predictive power of the LTU is given by the coefficients B(zk) which are defined as 
follows (Deutsch and Journel, 1992; Goovaerts, 1997): 

(0)(1)
kB(z )=m m−  (3) 

where: 
m(1) is the arithmetic average of soft indicator data at locations where i(u; zk) equals 1; 
m(0) is the arithmetic average of soft indicator data at locations where i(u; zk) equals zero. 

The best situation is when m(1) = 1 and m(0) = 0 which means that the soft information predicts 
exactly that the actual value z(u) is no greater than the cutoff zk.  Therefore, the coefficient 
B(zk) measures the ability of the soft information to separate the 2 cases i(u; zk) = 1 and i(u; zk) 
= 0. The higher the coefficient B(zk), the more information is provided by the soft data.    

Table 2 gives B(zk) values corresponding to the 3 quartiles for clay, sand and OC content from 
the 203 soil samples. 

Table 2 B(zk) values for soil attributes at quartile thresholds zk 

Clay content (%) Sand content (%) OC content (%) 

Cutoff zk B(zk) Cutoff zk B(zk) Cutoff zk B(zk) 

23.3 
31.0 
36.8 

0.21 
0.19 
0.10 

40.6 
49.5 
57.5 

0.26 
0.23 
0.17 

1.89 
2.38 
3.09 

0.21 
0.20 
0.38 

 

The values for the coefficients B(zk) in table 2 are similar to those obtained by Oberthür et al. 
(1999) which supported the use of indicator kriging with varying local means in interpolating 
soil texture classes in Northeast Thailand. 

4 Conclusions 
We have investigated DEM interpolation methods that allow to handle the illusive discrete 
distribution of elevation along contours. The kriging, Minimum Curvature and Radial Basis 
Functions methods were found to reasonably reproduce the terrain shape that is inferred from 
contours, whereas the Modified Shepard’s method produces non realistic angular summits. 
Kriging performs best in low elevation areas but smoothes the terrain shape both in low and 
high elevation areas. Minimum Curvature performs best in high elevation areas and there is no 
evidence of smoothing in these areas. The Minimum Curvature method uses fewer parameters 
than the Kriging and Radial Basis Functions. Compared to kriging, the Minimum Curvature 
method is preferred because it is less demanding. 
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Uncertainty assessment using SISIM and treating contour lines as constraint intervals proved 
successful. The main landscape features were reproduced on all simulated DEMs. However the 
DEM uncertainty propagation into slope gradients suggests that computed correlations 
between DEM derivatives and soil attributes are not reliable. Therefore we propose to 
decompose topographic models into categorical topographic units. 

Oberthür et all (1999) indicate that B(zk) values are higher when the contrast between 
landscape units is pronounced. It is anticipated that the use of this predictive index in Burundi 
will give good results given the country is composed of lithologically and topographically 
contrasting zones. 
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