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Abstract 
In urban areas Light Dectection and Ranging (LIDAR) data is becoming a widely available 
source for the construction of Digital Surface Models (DSMs). Because the urban surfaces 
have specific geometric characteristics such as discontinuities in terms of elevation and slope 
gradient, the interpolation of the irregularly spaced set of Lidar points to a regular grid have 
to be done carefully. In fact, many of the commercial GIS interpolation packages are based on 
the assumption that the surface is smoothly undulating. The choice of one of these 
interpolation functions will introduce errors across the surface models that they will be more 
expressive in the presence of surface discontinuities. Any subsequent analysis of the 
interpolated urban surface model, such as flood and viewshed analysis, feature extraction or 
image segmentation will be affected by propagation of these errors. In this paper, the pattern 
of errors and the general characteristics of six well-known interpolation methods (nearest 
neighbour, inverse distance weighting, triangulation with linear interpolation, minimum 
curvature, kriging and radial basis functions) are analysed using data either from synthetic 
surface models and from real urban scenes.  
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1 Introduction 
Currently, there are many applications, such as urban planning, flood analysis, 
telecommunication and security services that require 3D models of urban areas. Because these 
areas are changing very fast, this orders the availability of fast height acquisition techniques. 
Airborne Laser Scanning (ALS - Laser Airbone Scanning) is a new technology that integrates 
some sensors with the aim to obtain, very accurately 3D coordinates (x,y,z) of points located in 
the earth surface. It makes use of Global Positioning Systems (GPS) to determine the 
necessary position of the sensor, Inertial Navigation Systems (INS) to determine the attitude of 
the sensor, and narrow laser beams to determine the range between the sensor and the target 
points. Besides, as the laser scanning systems are active, they can operate day and night and 
the shadows also do not affect the laser data. 

Previous literature on the interpolation of Lidar point clouds had focused on the effect of some 
interpolation methods on the global characteristics of the DSM.  

• Zinger et al (2002) commented that triangle-based linear interpolation gives DSMs 
which have problems with edges and represents facades with non-vertical surfaces. 
For the nearest neighbour interpolation, they suggest that the surface is very rough, 
and the oblique surfaces like some roof facets are represented with discontinuous 
surface. Finally they suggest that kriging interpolation gives smooth areas, where 
edges are blurred.  
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• Smith et al (2003) investigated the effect of changing grid size in the interpolation 
stage. They found that the patterns of errors are largely coincident with the 
occurrence of breaklines in the lidar point-cloud.  

• Rees (2000) investigated the problem of resampling gridded DEMs to higher 
resolutions. He found that in non-urban areas, simple bilinear and bicubic 
interpolations are adequated for the interpolation of Digital Elevation Models.  

• Behan (2000) found that the most accurate surfaces were created using grid with a 
sampling size that relates as close as possible to the point density at the acquisition 
stage.  

However, these general characteristics reveal little about the spatial pattern of error within the 
surface model, as accurate interpolators do not preserve distinct spatial patterns. In this paper, 
we aim to evaluate the quality of the gridded urban DSMs generated by six well-known 
interpolation methods: nearest neighbour, inverse distance weighting, triangulation with linear 
interpolation, minimum curvature, kriging and radial basis functions. This quality is evaluated 
in terms of both the accuracy with which the heights are interpolated (height precision) and the 
fidelity with which the spatial pattern of the topography is preserved by interpolated surface 
model (Desmet, 1997). First, in order to analyse the spatial structure of the interpolation error, 
we use a reference DSM obtained by photogrammetric techniques. Second, the robustness of 
the interpolation method is evaluated by using both the method's sensitivity to the variation of 
grid size and to the variation of sampling density of simulated Lidar point samples. Finally, the 
accuracy of the interpolation methods is evaluated using a jack-knifing style technique. 

2 Gridding interpolation methods 
The purpose of any gridding methods is to create, by spatial interpolation, a regularly spaced, 
rectangular array of Z values from irregularly spaced XYZ data points. The term "irregularly 
spaced" means that the points don’t follow any particular pattern over the extent of the area, so 
there are many "holes" where data are missing. 

Spatial interpolation methods can be classified in different ways: local or global, exact or 
approximate and deterministic or stochastic methods. In the global methods, each interpolated 
value (grid node) is influenced by all of the data points (Lidar points cloud). In the local 
methods, the interpolated value is only influenced by the values at “nearby” points from the 
points set. The exact interpolation methods produce a surface that passes through all of the 
data points. Approximate methods produce a surface that follow only a global trend in the data 
points in which there is some degree of error. While stochastic interpolation methods 
incorporate the concept of geo-statistics to produce surfaces with specific levels of error, 
deterministic methods do not use this concept. 

For large Lidar point sets the grid computation of some global interpolation methods is too 
slow. However, these interpolation methods can be transformed into local by limiting the 
interpolation area to a neighbour area.  

2.1 Nearest neighbour binning 
This is the simplest gridding interpolation method. In this method the z value of a grid node is 
assigned to the z value of the closest original Lidar point. If no point is found within a 
maximum search radius the grid cell remains empty. 
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2.2 Inverse distance weighting 
One of the most frequently used techniques for interpolation of irregularly spaced points is 
inverse distance weighted interpolation. In this method, the Lidar points are weighted during 
interpolation such that the influence of one point relative to another decreases with distance 
from the grid node. The basic idea behind this technique is that nearby points have similar 
heights values, while the heights at faraway points are almost independent. Weighting is 
normally assigned to data through the use of a weighting power that controls how the 
weighting factor drop off as distance from a grid node increases.  

One of the characteristics of this method is the generation of "bull's-eyes" surrounding the 
position of observations within the gridded area. We can assign a smoothing parameter during 
the interpolation process to reduce the "bull's-eye" effect by smoothing the interpolated grid. 

2.3 Triangulation with linear interpolation 
The algorithm creates a TIN structure from the Lidar points using a Delaunay Triangulation 
routine. The original points are connected in such a way that no triangle edges are intersected 
by other triangles. A sequential search then establishes the triangle in which each grid node is 
contained. Using the gradients of the selected triangle a value is interpolated for the grid node. 
Because the original data are used to define the triangles, the heights of the data points are 
preserved by interpolator. Therefore, this method is an exact interpolator. 

2.4 Minimum curvature 
The minimum curvature method is commonly in Earth Sciences for the interpolation of 
geophysical data. This method minimizes the total curvature of reconstructed surface under the 
constraint that the surface preserves the values at sampled locations and it satisfies the 
biharmonic differential equation. The interpolated surface generated by this method is 
analogous to a thin, linearly elastic plate passing through each of the data values with a 
minimum amount of bending. In most of the practical cases, the curvature method produces 
visually nice smooth surface. However, in cases of larges changes in the surface gradient, the 
method can create strong artificial oscillations in the unconstrained regions. A remedy is to 
include a tension term which corresponds to tension in elastic plates. 

Minimum Curvature algorithm produces a grid by solving the differential equation with a 
multigrid method. It finds an approximate solution on a coarse grid, and then improves the 
solution on a finer grid, with periodic recourse back to the coarse grid for speed. Each pass 
over the grid is counted as one iteration. The grid node values are recalculated until successive 
changes in the values are less than the Maximum Residuals value, or the maximum number of 
iterations is reached. 

2.5 Kriging 
Kriging is a geostatistical interpolation technique that estimates the heights at the grid nodes as 
a weighted average of the measured heights at the reference points (Lidar points). This 
weighted moving average technique is generally done in two steps: weights determination and 
estimation of the heights values using a weighted average. The determination of weights is 
done by using a procedure called variogram modeling which describes the spatial variability 
between the heights values of the reference points. It involves two stages: i) the construction of 
the experimental variogram and ii) fitting a theoretical model (linear, spherical,…) on the 
variogram.  
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2.6 Radial basis functions 
The main idea behind radial basis functions interpolation method is that any continuous 
surface can be approximated by a sum of a series of simple surfaces (basis functions) with a 
desired accuracy. This can be seen as an analogy of the Fourier surfaces. This means that the 
interpolator will be constructed as a linear combination of basic functions. As the values of the 
basis function depends only on the distance from the data point they are called radial. 

The choice of the radial basis function gives rise to different methods such as the Hardy 
multiquadratic method or the thin plate spline.  

3 Methodology 

3.1 Test area and Lidar data 
 

a) b) 

c) d) 

Figure 1 Lidar data: a) Image (in epipolar geometry) of the test area; b) Reference DSM of the test area; c) 
Spatial distribution of Lidar point data over the test area; d) Heights histogram for Lidar point data. 

The Lidar data covering the Amiens city were provided by the French Institut Geographique 
National (IGN). The data were captured from an airborne sensor (TopoSys) with a density of 
1.2m spacing across-track and 0.10m along track (Figure 1-c). This gives a mean sample 
density of about 11.7 pts/m2 and a mean sample distance (mean distance of the Delaunay TIN 
edges) between Lidar points of about 0.43m. In order to represent a typical surface in an urban 
environment, we have chosen one subset that incorporate buildings, some vegetation and bare 
earth (Figure 1-a). 
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3.2 Evaluation of the quality of the gridded surface models 
The quality of the interpolated model is evaluated in both quantitative and qualitative terms. 
To estimate, quantitatively, the quality of the interpolated surface we use the correlation 
coefficient between the reference DSM (X) and the interpolated DSM (Y): 
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where, 
N, M are the number of rows and columns in the two surface models, 

ijX  and ijY are the heights at the grid node (i,j), 

X  and Y  are the mean heights of both surface models. 

The closer the correlation coefficient is to the positive unit, the closer the two surface models 
will be similar. 

The spatial distribution of the interpolation error is evaluated qualitatively by using a hill 
shaded model of the error surface which is calculated as the difference between the reference 
DSM and the interpolated DSM. 

3.3 Interpolation robustness  
The robustness of the interpolation methods was evaluated using both the method’s sensitivity 
to the variation of the sample Lidar point density and to the variation of grid size.  

In spite of the cross-validation technique is often used to identify potential problems with 
Lidar sample data points is not desirable to use it to assess which interpolation method gives 
the most accurate results (Lloyd and Atkinson, 2002). As an alternative the jack-knifing 
technique can be used as a measure of a particular interpolation method. This technique 
consists of the extraction of K random data points, and using the remaining N-K data to 
interpolate the surface. The created surface is used later to estimate the heights of the extracted 
K points. The idea behind this technique resides in the fact that the most robust interpolation 
methods will continue to produce good estimates in spite of the reduction of the data point 
sample (Smith et all, 2003). 

To analyze the effect point density in the interpolation methods we used simulated point 
samples. For the area covered by reference DSM, stratified systematic samples with different 
point densities were generated. The heights values of these samples were obtained from this 
reference DSM using a bilinear interpolation.  

3.4 Interpolation parameters 
All the interpolations have been done by using the commercial SURFER software package in a 
Personal Computer equipped with an Intel Pentium III processor, operating at 1.0, GHz and 
256 MB of RAM. 

As the Lidar point clouds are very bulky to speed up the computing time of some interpolation 
algorithms, it is necessary to limit the number of points considered in the interpolation of each 
DSM cell. For that effect, in this software it is possible to control the number of Lidar points 
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that are considered by the gridding method. This is done by limiting the maximum of data 
points, the number of sectors to search and the radius of the search circle/ellipse. In this paper, 
we used 8 sectors with the maximum of 8 points per sector and 5 m for the search radius. For 
the different interpolation algorithms we used the parameters listed in the table 1.  

Table 1 Interpolation parameters used.  

Interpolation algorithms Parameters 

Nearest neighbor  --- 

Inverse distance Weighting power: 2 
Smoothing factor: 0 

Triangulation with linear interpolation. --- 

Minimum curvature Max residual: 0.001 
Max iteration: 5000 

Kriging with linear variogram Variogram slope: 1.58 
Nugget effect: error var = 18.2, Micro var = 0 

Radial basis functions Basis function: Multiquadratic 
Shape factor (R2): 0.005 

 

4  Results 
In the Figure 2, we used two quality measures for the evaluation of the surface reconstruction: 
i) the correlation coefficient between the reference DSM and the interpolated MDS and ii) the 
root mean square error (rmse) of the differences in the z coordinate of a point set taken as 
reference and its value computed in the interpolated surface. When the reference DSM has a 
different resolution from the interpolated DSM, the first is resampled to the resolution of the 
second in order to calculate the correlation coefficient between these two models. 

Figure 2-a shows the effect of the grid size on the correlation coefficient. In spite of being no 
significant variation in this coefficient, it is observed that, for all of the interpolations methods, 
this parameter reaches a maximum value when the grid size is 0.5m. This suggests that, for all 
the interpolation methods tested, the grid size of 0.5m is the most appropriate value for the 
construction of the DSM. 

Figure 2-b shows the effect of the sample density on the correlation coefficient. Six stratified 
systematic data samples were used with the following densities: 25pts/m2, 11.11pts/m2, 
4pts/m2, 1pts/m2; 0.44pts/m2 and 0.25pts/m2. We observed that, for all of the interpolation 
methods, the correlation coefficient stays practically unchangeable until to the sampling 
density of 4pts/m2. From this value on, the correlation coefficient for the nearest neighbor 
method begins to be inferior to all of the other methods. This result suggests that, in urban 
areas e for Lidar samples densities lower than 4pts/m2, the nearest neighbor method is less 
robust than the other five methods. 

Figure 2-c shows the effect of grid size on the rmse when using jack-knifing technique. From 
the initial Lidar data set, we extracted 25% of points (16854 pts) and we used the remaining 
ones to interpolate the surface. We observed that the robustness of all the methods seems to 
become more similar at higher grid size values.  



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

166 

Figure 2-d shows the effect of grid size on the rmse when using control points manually 
extracted from the reference DSM. These 21 control points are meticulously chosen on streets, 
roofs and building facades. It is observed that, excluding the method of the curvature, the rmse 
of the remaining five methods stays practically unalterable when the grid interval is increased. 
This suggests that for these methods and for this sampling density, we can increase the 
resolution of DSM to 1 m without considerable loss of height accuracy. For the minimum 
curvature method it is observed that the rmse of the interpolated surface decreases significantly 
when the grid size increases. This seems that for this method there is a better agreement 
between the resampled reference DSM and the interpolated DSM for higher grid sizes values. 
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Figure 2 Statistical analysis of the interpolation methods: a) and b) effect of grid size and sampling 
density, respectively, on the correlation coefficient; c) and d) variation of the rmse with grid size for the 

jack-knifing technique and for a set of control points, respectively. 

Finally, in order to analyze the spatial pattern of the interpolation errors, we used the last Lidar 
pulse to interpolate six surface models corresponding to the six interpolation methods. For 
these DSM we have used the same grid size as the reference DSM (20 cm). The fact of having 
a reference surface obtained by photogrammetric stereorestitution, it allowed us to calculate 
the error surface relative to the different interpolation algorithms. Figure 3 is a hill shaded 
model of the six surface errors and shows the spatial location of the error for the interpolated 
DSMs. We verified that for all of surface models, the majority of the errors are located at the 
buildings facades and even near to them. Besides, we can also observe that the error surface is 
practically the same for any of the interpolation methods. This fact suggests that, for this data 
sample characteristics (density and distribution of the data points) and for the characteristics of 
this urban surface (size and form of the buildings) the different interpolation methods produce 
sensibly the same results. 
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Figure 3 Shaded surface errors of the interpolated DSMs: a) Nearest neighbour; b) Inverse distance; c) 
Triangulation with linear interpolation; d) Minimum curvature; e) Kriging; f) Radial basis functions. 

5 Conclusions 
The results of this work showed that for this real sampling density of Lidar points there is no 
great difference among the six interpolation methods. However, with the simulated Lidar data 
we have verified that the performance of the interpolation methods varies for each method. As 
the Lidar point density decreases, the correlation coefficient also decreases. In this case, it is 
interesting to notice that the correlation coefficient for the different interpolation methods 
begins to be different from one method to another method. Our results suggest that in urban 
areas and for lower Lidar samples densities, the nearest neighbor is the less robust method; the 
kriging and radial basis functions are the most robust methods. 

Although the comparison among the two surface models (the reference DSM and the 
interpolated DSM) was made by using the correlation coefficient, we noticed that the value of 
this parameter is better for the interpolated surfaces which are slightly smoothed. This fact puts 
the challenge of finding a good quality measure for the comparison of two urban DSM?  

Finally, we notice that in urban areas the majority of errors are located at (or even near) 
important slope discontinuities such as building facades and some roof ridges. 
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