










(a) Uniform sampling of West Angelas
data

(b) Patch sampling of West Angelas
data

(c) Patch sampling of Tom Price data

Figure 3: 3(a) depicts cross validation using uniform sampling. Points are uniformly sampled from the dataset to
produce 10 equally sized folds and cross validation is performed by testing each fold while learning from the remaining
folds. The figure depicts the data and test points from three folds. 3(b) and 3(c) depict cross Validation using patch
sampling. The dataset is gridded into 5m (Tom Price) and 10m (West Angelas) patches. 10 fold cross validation
is done by randomly selecting patches for training and testing in each cycle. The figures depict the test patches in
three cycles of testing in the two laser scanner datasets.

occlusions or voids in data. Figure 3 depicts the two
kinds of cross validation performed.

The results of the cross validation with uniform sam-
pling experiments are summarized in Tables 1, 2 and
3. In each of these cases, only the interpolation tech-
nique of the GP using the SQEXP/NN kernels and the
various standard interpolation methods are compared -
ie. the test is applied after performing the fast local ap-
proximation step in the inference process. Thus, all the
interpolation techniques are applied on exactly the same
neighborhood of training/evaluation data. The tabu-
lated results depict the mean and standard-deviation in
MSE values obtained across the 10 folds of testing per-
formed. The results of the cross validation with patch
sampling experiments performed on the Tom Price and
West Angelas datasets are respectively summarized in
Tables 4 and 5.

5 Discussion

From the experimental results presented, many infer-
ences on the applicability and usage of different tech-
niques could be drawn. The results obtained validate
the findings from [Vasudevan et al., 2009]. They show
that the NN kernel is much more effective at modeling
terrain data than the SQEXP kernel. This is particu-
larly true in relatively sparse and/or complex datasets
such as the Kimberlite Mine or West Angelas datasets
as shown in Tables 2, 3 and 5.

For relatively flat terrain such as the Tom Price scan
data, the techniques compared performed more or less
similarly. This is shown in Tables 1 and 4. From the
GP modeling perspective, the choice of non-stationary

or stationary kernel was less relevant in such a scenario.
The high density of data in the scan was likely another
contributive factor.

For sparse datasets such as the Kimberlite Mine
dataset, GP-NN easily outperformed all the other it-
nerpolation methods. This is shown in Table 2. This
is quite simply because most other techniques imposed
apriori models on the data whereas the GP-NN was ac-
tually able to model and adapt to the data at hand much
more effectively. Further, GP-SQEXP is not as effective
as the GP-NN in handling sparse or complex data.

In the case of the West Angelas dataset, the data was
complex in that it had a poorly defined structure and
large areas of of the data were sparsely populated. This
was due to large occlusions as the scan was a bottom-
up scan from one end of the mine pit. However, the
dataset spanned over a large area and local neighbor-
hoods (small sections of data) were relatively flat. Thus,
while the GP-NN clearly outperformed the GP-SQEXP,
it performed comparably with the piecewise linear/cubic
and triangle based linear/cubic methods and much bet-
ter than the other techniques attempted. This is shown
in the Tables 3 and 5. Thus, even in this case, the
GP-NN proved to be a very competitive modeling op-
tion. GP-SQEXP was not able to handle sparse data or
the complex structure (with an elevation of 190 m) eff-
fectively and hence performed poorly in relation to the
aforementioned methods.

As evidenced by Tables 2, 3 and 5, the non-parametric
and triangle based linear/cubic interpolation techniques
performed much better than the parametric interpola-
tion techniques, which fared poorly overall. This is ex-
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Table 1: Tom Price Mine dataset 10-fold cross validation with uniform sampling. Comparison of Interpolation
techniques.

1000 test data per fold 10000 test data per fold
Interpolation Method Mean MSE Std. Dev. MSE Mean MSE Std. Dev. MSE

(sq m) (sq m) (sq m) (sq m)
GP Neural Network 0.0107 0.0012 0.0114 0.0004

GP Squared Exponential 0.0107 0.0013 0.0113 0.0004
Nonparametric Linear 0.0123 0.0047 0.0107 0.0013
Nonparametric Cubic 0.0137 0.0053 0.0120 0.0017

Nonparametric Biharmonic 0.0157 0.0065 0.0143 0.0019
Nonparametric 0.0143 0.0010 0.0146 0.0007

Mean-of-neighborhood
Nonparametric 0.0167 0.0066 0.0149 0.0017

Nearest-neighbor
Parametric Linear 0.0107 0.0013 0.0114 0.0005

Parametric Quadratic 0.0110 0.0018 0.0104 0.0005
Parametric Cubic 0.0103 0.0018 0.0103 0.0005

Triangulation Linear 0.0123 0.0046 0.0107 0.0013
Triangulation Cubic 0.0138 0.0053 0.0120 0.0017

Table 2: Kimberlite Mine dataset 10-fold cross validation with uniform sampling. Comparison of Interpolation
techniques.

Interpolation Method Mean MSE (sq m) Std. Dev. MSE (sq m)
GP Neural Network 3.9290 0.3764

GP Squared Exponential 5.3278 0.3129
Nonparametric Linear 5.0788 0.6422
Nonparametric Cubic 5.1125 0.6464

Nonparametric Biharmonic 5.5265 0.5801
Nonparametric 132.5097 2.9112

Mean-of-neighborhood
Nonparametric 20.4962 2.5858

Nearest-neighbor
Parametric Linear 43.1529 2.2123

Parametric Quadratic 13.6047 0.9047
Parametric Cubic 10.2484 0.7282

Triangulation Linear 5.0540 0.6370
Triangulation Cubic 5.1091 0.6374
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Table 3: West Angelas Mine dataset 10-fold cross validation with uniform sampling. Comparison of Interpolation
techniques.

1000 test data per fold 10000 test data per fold
Interpolation Method Mean MSE Std. Dev. MSE Mean MSE Std. Dev. MSE

(sq m) (sq m) (sq m) (sq m)
GP Neural Network 0.0166 0.0071 0.0219 0.0064

GP Squared Exponential 0.4438 1.0289 0.7485 0.7980
Nonparametric Linear 0.0159 0.0075 0.0155 0.0021
Nonparametric Cubic 0.0182 0.0079 0.0161 0.0021

Nonparametric Biharmonic 0.0584 0.0328 0.1085 0.1933
Nonparametric 0.9897 0.4411 0.9158 0.0766

Mean-of-neighborhood
Nonparametric 0.1576 0.0271 0.1233 0.0048

Nearest-neighbor
Parametric Linear 0.1019 0.0951 0.0927 0.0173

Parametric Quadratic 0.0458 0.0130 0.0390 0.0059
Parametric Cubic 0.0341 0.0109 0.0288 0.0038

Triangulation Linear 0.0162 0.0074 0.0157 0.0022
Triangulation Cubic 0.0185 0.0078 0.0166 0.0023

Table 4: Tom Price Mine dataset 10-fold cross validation with patch sampling. Comparison of Interpolation tech-
niques.

1000 test data per fold 10000 test data per fold
Interpolation Method Mean MSE Std. Dev. MSE Mean MSE Std. Dev. MSE

(sq m) (sq m) (sq m) (sq m)
GP Neural Network 0.0104 0.0029 0.0100 0.0021

GP Squared Exponential 0.0103 0.0029 0.0099 0.0021
Nonparametric Linear 0.0104 0.0047 0.0098 0.0040
Nonparametric Cubic 0.0114 0.0054 0.0108 0.0045

Nonparametric Biharmonic 0.0114 0.0046 0.0124 0.0047
Nonparametric 0.0143 0.0036 0.0142 0.0026

Mean-of-neighborhood
Nonparametric 0.0139 0.0074 0.0132 0.0048

Nearest-neighbor
Parametric Linear 0.0103 0.0029 0.0100 0.0021

Parametric Quadratic 0.0099 0.0029 0.0091 0.0022
Parametric Cubic 0.0097 0.0027 0.0605 0.1072

Triangulation Linear 0.0104 0.0047 0.0098 0.0039
Triangulation Cubic 0.0114 0.0054 0.0108 0.0045
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Table 5: West Angelas Mine dataset 10-fold cross validation with patch sampling. Comparison of Interpolation
techniques.

1000 test data per fold 10000 test data per fold
Interpolation Method Mean MSE Std. Dev. MSE Mean MSE Std. Dev. MSE

(sq m) (sq m) (sq m) (sq m)
GP Neural Network 0.0286 0.0285 0.0291 0.0188

GP Squared Exponential 0.7224 1.1482 1.4258 2.0810
Nonparametric Linear 0.0210 0.0168 0.0236 0.0161
Nonparametric Cubic 0.0229 0.0175 0.0243 0.0165

Nonparametric Biharmonic 0.0555 0.0476 0.0963 0.0795
Nonparametric 1.6339 0.8907 1.7463 1.2831

Mean-of-neighborhood
Nonparametric 0.1867 0.0905 0.2248 0.1557

Nearest-neighbor
Parametric Linear 0.1400 0.0840 0.1553 0.1084

Parametric Quadratic 0.0612 0.0350 0.0658 0.0454
Parametric Cubic 0.0380 0.0196 0.0752 0.0880

Triangulation Linear 0.0212 0.0169 0.0235 0.0160
Triangulation Cubic 0.0232 0.0175 0.0245 0.0164

pected and intuitive as the parametric models impose
apriori models over the whole neighborhood of data
whereas the non-parametric and triangle based tech-
niques basically split the data into simplexes (triangu-
lar or rectangular patches) and then operate only one
such simplex for a point of interest. Thus their focus
is more towards smooth local data fitting. The para-
metric techniques only performed well in the Tom Price
dataset tests (Tables 1 and 4) due to the flat nature of
the dataset. Among the non-parametric techniques, the
linear and cubic also performed better than the others.
The nearest-neighbor and mean-of-neighborhood meth-
ods were too simplistic to be able to handle any complex
or sparse data.

The results prove that the GP-NN is a very versatile
and competitive modeling option for a range of datasets,
varying in complexity and sparseness. For dense datasets
or relatively flat terrain (even locally flat terrain), the
GP-NN will perform as well as the standard grid based
methods employing any of the interpolation techniques
compared or a TIN based representation employing tri-
angle based linear or cubic interpolation. For sparse
datasets or very bumpy terrain, the GP-NN will signif-
icantly outperform every other technique that has been
tested in this experiment. When considering the other
advantages of the GP approach such as Bayesian model
fitting, ability to handle uncertainty and spatial correla-
tion in a statistically sound manner, the GP approach to
terrain representation seems to have a clear advantage
over standard grid based or TIN based approaches.

Finally, note that in essence, these experiments com-

pared the GP - Kriging interpolation technique with
various other standard interpolation methods. The GP
modeling approach can use any of the standard inter-
polation techniques through the use of suitably cho-
sen/designed kernels. For instance, a GP-linear ker-
nel performs the same interpolation as a linear inter-
polator, however, the GP also provides the correspond-
ing uncertainty estimates among other things. The GP
is more than just an interpolation technique. It is a
Bayesian framework that brings together interpolation,
linear least squares estimation, uncertainty representa-
tion, non-parametric continuous domain model fitting
and the Occam’s Razor principle (thus preventing the
over-fitting of data). Individually, these are well known
techniques; the GP provides a flexible (in the sense of
using different kernels) technique to do all of them to-
gether.

6 Conclusion

This paper presented an extensive experimental evalua-
tion of the Gaussian process terrain modeling approach
presented in [Vasudevan et al., 2009]. The modeling ap-
proach yielded a probabilistic, multi-resolution, contin-
uous domain and non-parametric representation of large
scale and complex terrain. The following conclusions
could be drawn out of the experiments performed in this
paper

1. The non-stationary neural network kernel based
Gaussian process (GP-NN) proved to be a versatile
and capable solution for the problem of modeling
complex large scale terrain. This was demonstrated
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by the ability of the GP-NN to be able to consis-
tently perform well on different datasets of varying
resolution, obtained from different sensory modali-
ties and being representative of a range of scenarios.

2. The proposed Gaussian process modeling method-
ology will perform very competitively in comparison
with grid maps or TIN’s for dense datasets (such as
that obtained from the RIEGL laser scanners). The
latter two methods represent the state-of-the-art in
both robotics research as well as in many indus-
tries. For sparse or complex (not flat) terrain, the
proposed GP approach will significantly outperform
grid maps using standard interpolation techniques
or TIN’s.
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