


Figure 9: 3D points cloud with 3.31 million points. The
distribution of points is non-homogenous. The highest
density and lowest density areas of the cloud are marked
with red and blue ellipses, respectively.

Figure 10: 3D points cloud with 0.55 million points. The
result after fitting the raw point cloud into grid and tak-
ing a single point for each cell. The distribution of points
in high density area (red ellipse) remains uneven because
the dataset still has points belonging to neighbouring
cells being close to each other.
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that belong to neighbouring cells but are located very
close to each other. The elimination of these closely lo-
cated points is performed in the next stage.

Figure 11: 3D points cloud with 48K points. The size of
the raw cloud is reduced almost seven times after pro-
cessing with the density reduction algorithm. The dis-
tribution of points in the high density area (red ellipse)
becomes almost uniform, while the low density area (blue
ellipse) remained almost unchanged.

Figure 11 shows the same points’ cloud after being
processed with the developed density reduction algo-
rithm with cells’ sizes equal to 0.07m. The processed
cloud now represents the same scene with only 48K
points without noticeably reducing the quality of the
high density sections and keeping the low density sec-
tions untouched.

A dramatic reduction of the number of points can
be achieved for large environment representations. The
dataset shown in Figure 12 is the 3D point cloud of a
single scan of a mine environment. The points cloud
consists of 534460 points. As can be observed from the
figure, a large amount of points is concentrated in the
areas close to the scanner. These high density areas
are processed by the density reduction algorithm. Af-
ter processing, the same environment is represented via
only 26309 points which is about 20 times less than in
the original representation as shown in Figure 13.

6 Conclusion

The paper presents an online density reduction algo-
rithm for non-homogenous multidimensional datasets



Figure 12: Single scan’s 3D point cloud of the mine en-
vironment represented via 534K points.

Figure 13: Raw points cloud (red) and density reduced
points cloud (white) of the scan shown in Figure 12.
After density reduction the same environment is repre-
sented via about 20 times less points.
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with sequential input. The work was motivated by appli-
cations to terrain modeling with dense laser data. The
presented algorithm removes data from high density sec-
tions making them almost uniform. Importantly, the
processed data is a subset of the dense input data rather
than a set of new points. The algorithm ensures that
every pair of datum in the dataset is located no closer
to each other than the half size of the specified cell size
in each dimension. It is also designed to support real
time applications. Results of the algorithm on dense
real world data in both urban and mining environments
have been presented to demonstrate its effectiveness.

Although this paper presents the density reduction al-
gorithm by selecting the points that are close to the cells’
centres, the algorithm can be used with different cell
datum selection criteria, such as mean value or criteria
based on datum acquisition accuracy.
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