














Figure 6: The output of the density reduced dataset.
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f) The value of the current RCID is stored in the previ-
ous RCIDprv in order to be used in the next output
cycle.

g) The first node from the storage is taken to be evalu-
ated.

h) The equality of the evaluated node’s RCID and the
current RCID is checked. If the node’s RCID is the
same as the current RCID then the node is skipped
and the algorithm is continued from the step (s).

i) The set of the neighbouring nodes is defined by using
the evaluated node’s cell’s indexes (e.g. in the 2D
case the node with cell indexes (a,b) has neigh-
bouring nodes with cells’ indexes (a-1,b-1), (a,b-
1),(a+1,b-1),(a-1,b),(a+1,b),(a+1,b+1),(a,b+1)
and (a-1,b+1)).

j) All the points from the neighbouring node set are
processed until the set becomes empty.

k) The first node from neighbouring set is selected for
processing.

1) The selected neighbouring node is deleted from neigh-
bouring node set.

m) If the selected neighbouring node’s RCID is the same
as the current RCID, then the processing of the se-
lected neighbouring node is skipped and the algo-
rithm is continued from the step (j).

n) The coordinate differences of the points from the se-
lected neighbouring node and the evaluating node
is calculated.

0) The minimum difference check is performed and
nodes selected using Eq. (4) for each dimension of
the dataset.

p) If the selected neighbouring node’s point is close to
the evaluated node’s point then the RCID of the
neighbouring node is set equal to the current RCID.
Therefore the selected neighbouring node will be
skipped during evaluation of the current output cy-
cle.

q) After all the points from the neighbouring nodes’ set
are checked for being close to the evaluating node’s
point, the RCID of the evaluating node is set equal
to the current RCID. Thus, the evaluated node will
be skipped during minimum difference check for
other nodes during the current output cycle.

r) The processed point data is outputted by the algo-
rithm.

s) It is checked whether the evaluated node is the last
node of the sorted list of the storage.

t) If the current output cycle hasn’t reached the end of
the sorted node list the next node is taken to be



evaluated and the algorithm is continued from the
step (h).

u) The output cycle of the current density reduced stor-
age ends when the last node of the sorted list is eval-
uated. After the current output cycle all the points’
RCIDs in the storage are set to the current RCID
of the output stage.

5 Experimental results

The developed algorithm was tested on a 3D points cloud
acquired from a range-and-bearing laser scanner. In the
data acquired, the minimum distance between consecu-
tive points depends on the scanning resolution and the
distance between the sensor and the scanning surface.

\laser scanner T /
scanned surface

Figure 7: The minimum distance between two consecu-
tive points.

Figure 7 shows the dependence of the points’ mini-
mal distance on the range between the scanner and the
scanned surface. The distance between them will be min-
imal if the scanned surface is perpendicular to the beam
7. The minimal distance d”'" between the two consec-
utive points a and b is equal to:

oy " = rpsin(y) (5)

where a and b are scanned points; r, and 7, are the
measured ranges for the points a and b, respectively; 1) is
the angular step of the scanner; and dg}f” is the minimal
distance between the consecutive points a and b.

It follows from Eq. (5) that the minimal distance be-
tween consecutive points is proportional to the measured
range and angular step. Therefore, as the angular step
remains unchanged while scanning, the scanned points in
the Cartesian coordinate system are non-homogeneously
distributed. For example, the minimal distance between
consecutively scanned points is 50 times greater for sur-
faces located 50m away from the scanner than it is for
surfaces located 1m away from the scanner.

The density of the dense sections of the non-
homogenous points cloud is reduced using the proposed
density reduction algorithm. The cell’s size is chosen
so that the minimal distance between the points in the
resulting density reduced dataset corresponds to the re-
quirements of the application.
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Figure 8: Reference coordinate frame of the Riegl LMS
7620 3D laser scanner.

Parameter Value
Minimal scanning range 2m

Maximal scanning range 2000m
Horizontal angular step 0.075°
Vertical angular step 0.075°

From 0° to 360°
From 50° to 130°
10 minutes

Horizontal angular range (®)
Vertical angular range (©)
Approximate scanning time

Table 2: Scanning configuration of the Riegl LMS Z620
Scanner.

Figure 9 shows the raw cloud of the points acquired
via Riegl LMS 7620 3D (Figure 8) laser scanner with
configuration listed in Table 2. The acquired raw cloud
represents the scene with 3.31 million points. In the
point cloud, 1m by 1m square surfaces are represented
with up to 145161 points and less than 49 points for
surfaces located 2m and 100m away from the scanner
respectively. Such a dense representation of the close
surfaces is not required for many applications and can
lead to significant additional computational and storage
requirements. For the mapping and navigation applica-
tion considered in the work, the representation of 1m by
1m square surfaces with about 196 points is considered
satisfactory. As the scanner has equal angular resolution
in horizontal and vertical directions, the sizes of the cell
are chosen to be equal for all three axes. To achieve the
mentioned density of points, in high density sections the
sizes of the cell are set as 0.07m.

Figure 10 shows the result after fitting the raw cloud
into the grid and taking from each cell the point which is
the closest to cell’s centre. After applying the grid fitting
stage the number of the points in the cloud is reduced
about six times. The scene now is representing by 0.55
million points.

Even after selecting a single point for each cell the
representation of the densest sections remains unevenly
distributed because many cells in the grid have points



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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