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Abstract
This paper introduces an online density reduction algorithm for non-homogenous multidimensional datasets. This work is motivated
by applications in terrain modeling using laser
data. Unlike most existing density reduction algorithms, the developed algorithm is designed
for sequentially provided data and online implementation.
Experimental results are presented for a 3D
points cloud with 3 million points obtained via
high resolution Riegl LMS Z620 scanner. The
experimental results show that after processing
the point cloud, the new density reduction algorithm uniformly reduced the number of points
in the cloud from 3M down-to 48K points without decreasing the spatial representation quality of the scene.
The algorithm presented here is shown to be
eﬃcient in terms of both memory and processer
usage and and can be implemented for real-time
applications.

1

Introduction

In many modern robotics applications, range-andbearing sensors are used to build volumetric representations of the environment. However, as range-and-bearing
sensors scan with a ﬁxed angular resolution, the resultant data cloud can have very diﬀerent densities in the
Cartesian coordinate system. The distribution of points
in the cloud is aﬀected by factors such as the distance of
the scanned objects from the scanner and the orientation
of the scanned surface relative to the laser beam. Thus,
the resulting point cloud of the scene can have nonhomogenous distribution of points. Surfaces close to the
scanner are typically represented with a high density of
points and those further away with a signiﬁcantly lower
point density. The representation of distant objects can
be improved by increasing the angular resolution of the

scanner. However, the increase of the scanning resolution will yield even higher density representations of
closer surfaces. This concentration of large volumes of
data in small regions will require additional computational and storage resources but may only marginally
increase the overall quality of the representation.
The need for density reduction algorithms has been
recognised in many applications. In image processing,
a number of methods for data reduction have been proposed, but they are typically designed for dealing with
mesh point data. Density reduction algorithms have also
been developed for creating engineering design data from
existing parts [Lee et al., 2001], i.e. the density of the
cloud is reduced to recreate the drawing of the scanned
part. In SLAM applications in autonomous mapping, 3D
data has been reduced by approximating the scanned 3D
surface [Nuchter et al., 2004]. To speed up the iterative
closest points (ICP) algorithm a small fraction of the 3D
point cloud is taken for surface approximation [Nuchter
et al., 2005]. The density reduction is also used for
homogenous representation of non-homogenously sampled surfaces [Melkumyan, 2009]. In the large scale terrain modeling applications which motivate this work, the
density reduction is used to reduce the computational
complexity of the processing for multi-resolution representations [Vasudevan et al., 2009].
Data reduction, therefore, is an important issue for
datasets with dense non-homogenous distributions. Existing density reduction algorithms that require the
whole dataset to be kept unchanged while processing
cannot be used for incremental mapping and environment representation applications. The requirement of
keeping the provided dataset unchanged is mainly based
on spatial data structures [Samet and Webber, 1988]
used in these algorithms. Another limitation of many
present algorithms is that they are not designed for high
dimensional datasets.
In this paper a solution to density reduction in
datasets with sequential data input is proposed by sequentially ﬁtting the data into grid cells and selecting a
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single datum from each cell based on a selection criterion.
The paper is organized as follows: A review of related
work is presented in Section II. The developed density
reduction algorithm is presented in Section III. Section
IV presents the implementation of the developed algorithm. Section V presents the experimental results and
Section VI concludes the paper.

2

Related Work

During the last decade the data reduction algorithms
have been well discussed in 3D-digitization applications
[Budak et al., 2005] where the quantity of 2D/3D points
needed to be reduced for accurate surface reconstruction.
A major problem is that accurate scanners produce large
numbers of points for each scan. The processing of these
can lead to serious computational diﬃculties.
Rate sampling, deviation sampling and space sampling
methods are used widely for reducing dense laser data
because of their simplicity and small computation cost.
The rate sampling method reduces the number of points
in a dataset with a user-speciﬁed sampling rate. This
method requires the points in the scanned data to be ordered in advance. The deviation method selectively extracts points from the data while preserving the original
point cloud to a speciﬁed accuracy. The space sampling
method extracts points with a deﬁned 3D neighbourhood size so that only points that are further away than
a speciﬁed distance from one another are kept.
A data simpliﬁcation algorithm that works directly on
a range image was developed by [Chang and Park, 2009].
In their algorithm, the major challenge is handling the
topology changes caused by the edge contractions. The
key idea of the algorithm is to employ an additional data
structure, called a ‘ﬂag map’, for the support of the irregular topology changes that happen during the simpliﬁcation procedure.
The problem of point cloud simpliﬁcation by searching
for a subset of the original input dataset according to a
speciﬁed data reduction ratio was studied by [Song and
Feng, 2008]. The underlying simpliﬁcation principle is
based on clustering the input dataset. The cluster representation essentially partitions the input dataset into
a ﬁxed number of point clusters and each cluster is represented by a single representative point. The set of
the representatives is then considered as the simpliﬁed
dataset and the resulting geometric deviation is evaluated against the input data on a cluster-by-cluster basis.
A massive meshes simpliﬁcation algorithm with two
passes was presented by [Shaﬀer and Garland, 2001]. In
the ﬁrst pass, the model is quantized using a uniform
grid and surface information is accumulated in the form
of quadrics and dual quadrics. This sampling is then
used to construct a Binary Space Partitioning (BSP)

Tree in which the partitioning planes are determined
by the dual quadrics. In the second pass, the original
vertices are clustered using the BSP-Tree, yielding an
adaptive approximation of the original mesh.
A data reduction method using uni-directional and bidirectional non-uniform grids was proposed by [Lee et
al., 2001]. The proposed methods demonstrated that
data reduction can be performed eﬀectively while maintaining the quality of the point data.
In their work [Martin et al., 1996] proposed a data reduction method based on ”median ﬁltering” approach.
The algorithm starts by building a uniform grid structure and then the data points are assigned to the corresponding cells. From all of the points assigned to a given
cell, a median point is selected to represent data point
belonging to that cell.
Although a number of diﬀerent algorithms are introduced for reducing the density of the point cloud, in
the existing algorithms the researchers assume that the
whole dataset is provided before processing. Because of
this limitation the existing algorithms cannot be used in
real-time robotics applications where the data is gathered incrementally.
This paper addresses the problem of multidimensional
data density reduction when the data is received sequentially.

3

Density reduction of
multidimensional datasets

In this section the developed algorithm is presented using 2D points cloud as higher dimensional data is not
convenient for visualisation in the paper.

3.1

Formation of the grid cells

In the developed density reduction algorithm, a grid
structure is used for dividing the space into equal sized
cells. For each sequentially received point the cell of that
point is determined and added to the grid. The cells in
the grid are accessed through their indexes. The number of the indexes for each cell in the grid is equal to the
dimensionality of the dataset. The index of the cell for
a single coordinate 𝑋 is calculated using the following
equation:
𝑖𝑥 = ⌊(𝑥 − Δ𝑥0 )/Δ𝑥⌋

(1)

where 𝑥 and Δ𝑥 are the point’s coordinate and the size
of the cell for the 𝑋 axis, respectively; Δ𝑥0 is the shift
of the cell relative to the origin of the coordinate system;
⌊.⌋ is the ﬂoor operator, where ⌊𝑡⌋ calculates the greatest
integer not exceeding t; and 𝑖𝑥 is the index of the cell for
the 𝑋 coordinate.
For 2D points cloud, the cells in the grid are constructed by using indexes for the X and Y axes. Figure 1
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((𝐴𝑖𝑥 = 𝐵𝑖𝑥 ) and (𝐴𝑖𝑦 < 𝐵𝑖𝑦 )) or
((𝐴𝑖𝑥 = 𝐵𝑖𝑥 ) and (𝐴𝑖𝑦 = 𝐵𝑖𝑦 ) and (𝐴𝑖𝑧 < 𝐵𝑖𝑧 ))]
then (𝐴 < 𝐵) else (𝐴 > 𝐵)

(2)

where (𝐴𝑖𝑥 , 𝐴𝑖𝑦 , 𝐴𝑖𝑧 ) are the indexes of the cell 𝐴 for 𝑋,
𝑌 and 𝑍 axes, respectively; and (𝐵𝑖𝑥 , 𝐵𝑖𝑦 , 𝐵𝑖𝑧 ) are the
corresponding indexes of the cell 𝐵.

3.3

Figure 1: Indexing of 2D points cloud.

Point name
a
b
c
d
e
f

Point coordinate
𝑋
𝑌
212.3
588.2
217.6
563.1
224.5 570.2
232.6 573.3
263.8
583.3
266.7
587.4

Cell’s
𝑋
12
12
13
13
15
15

index
𝑌
73
70
71
71
72
73

Table 1: Cells indexes of a 2d points cloud.

Cell point selection criteria

To reduce the density of the dataset each non-empty cell
in the grid is represented via a single point. The method
used to represent the cell’s point in the density reduced
dataset depends on the requirements of the application.
In many applications the selection of the point that is
close to its cell’s centre is preferable than the mean of the
cell’s points, as in this case the provided points remain
unchanged and no artiﬁcial points are created.
In this paper the cell’s point selection is realized based
on the distance between the point and its cell’s centre.
For example, in the case when the cell (𝑖𝑥 , 𝑖𝑦 ) already
has the point 𝑐 and the next input point 𝑑 belongs to
the same cell, then point 𝑐 will be replaced with the
point 𝑑 if and only if the point d is closer to the cell’s
centre: 𝑑𝑙 < 𝑐𝑙. This is shown in Figure 3.

shows the indexes of the 2D points cloud listed in
Table 1. In this example the sizes of the cell are 8 and
17 for X and Y axes, respectively.

3.2

Cell index search using red-black tree

In this paper the search of the indexes of the cells is
realized using the red-black self-balancing binary tree.
Red-black tree gives ability to dynamically update the
set of cells’ indexes without major reconstruction. Redblack tree [Guibas and Sedgewick, 1978], [Reade, 1992]
can search, insert, and delete in O(log n) time, where n
is the total number of tree nodes.
In this paper the red-black tree is a ﬁnite binary tree
whose inner nodes are associated with cells’ indexes. For
dense non-homogenous datasets the number of nodes
(cells) will be much smaller than the number of points
in the dataset because in high density sections multiple
points will belong to a single cell.
In the red-black tree [Okasaki, 1999] a node comparison is used in the process of node insertion and search.
The presented algorithm extends the native single dimensional node comparison method for cells’ multidimensional indexes. In the presented algorithm the cells’
comparison is realised by subsequently comparing the indexes of each dimension of the cells. The comparison of
the 3D cells 𝐴 and 𝐵 has the following formulation:
if [(𝐴𝑖𝑥 < 𝐵𝑖𝑥 ) or

Figure 2: Selection of the point that is closer to the cell
centre.
For 2D case the distance between point and its cell’s
centre is calculated using the following equation:
𝑙2 = (𝑥 − Δ𝑥0 − Δ𝑥(𝑖𝑥 + 1/2))2 +
+(𝑦 − Δ𝑦0 − Δ𝑦(𝑖𝑦 + 1/2))2

(3)

where 𝑖𝑥 and 𝑖𝑦 are the indexes of the cell; Δ𝑥 and Δ𝑦
are the sizes of the cell; Δ𝑥0 and Δ𝑦0 are the shift of
the grid relative to the origin of the coordinate system;
𝑥 and 𝑦 are the point’s coordinates; and 𝑙 is the distance
between the point and the cell’s centre.

3.4

Elimination of close points based on
minimum diﬀerence check

In the grid ﬁtting stage a signiﬁcant number of points
may be ﬁltered because only a single point from each cell
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is selected. Although only the points that are close to
the cells’ centres are kept in the selection process, there
can exist points that belong to neighbouring cells that
are located close to each other, as shown in the Figure 3.

be implemented as two threads running in parallel and
sharing the same dataset. When the input and output
stages’ threads run in parallel, any new points added will
be skipped by the output thread running at that time
and be evaluated by the next cycle of the output thread.
This synchronization is achieved by setting the Read Cycle Identiﬁcation (RCID) number of the newly added or
updated nodes to the RCID of the current output cycle.
The data is stored in the structure called node. Each
node consists of the following ﬁelds:
∙ coordinates of the point
∙ point’s cell’s indexes

Figure 3: The minimum diﬀerence checks for points belonging to neighbouring cells.
Two points from neighbouring cells are considered to
be close if for each coordinate axis their coordinate difference is smaller than the half of the cell’s size in the
direction of the corresponding coordinate. The check of
the coordinate diﬀerence instead of the points distance
is based on the fact that the cell can have diﬀerent sizes
for diﬀerent axes.
The minimum diﬀerence check for a pair of 2D points
shown in Figure 3 has the following formulation:
if [(∣𝑒𝑥 − 𝑓𝑥 ∣ < Δ𝑥/2) and (∣𝑒𝑦 − 𝑓𝑦 ∣ < Δ𝑦/2)]
then 𝑒 and 𝑓 are considered to be close points

(4)

∙ the distance between the point and the centre of its
cell
∙ Read Cycle Identiﬁcation (RCID) number (used to
skip close points during the output stage)
A red-black binary tree is used for fast access to the
required nodes using cells’ indexes. The tree is formed
during the input stage of the algorithm. The nodes
are sorted according to the distance between the node’s
point and the node’s point’s cell’s centre. During the
output stage this sorted list is used to ﬁrst evaluate the
nodes with points closest to their cells’ centres. The
points from the neighbouring cells that are close to the
evaluated node’s point and far from their own cells’ centres are skipped as output.
Hereafter the combination of the data, red-black binary tree and sorted list of the nodes will be called storage.

where (𝑒𝑥 , 𝑒𝑦 ) and (𝑓𝑥 , 𝑓𝑦 ) are coordinates of the points
𝑒 and 𝑓 , respectively; and Δ𝑥 and Δ𝑦 are the sizes of
the cell.
In the process of elimination of close points belonging
to neighbouring cells, the point closer to its cell’s centre
is kept while the other one is removed. This elimination
makes the density reduced dataset more uniform. In the
example shown in Figure 3 from the points 𝑒 and 𝑓 the
point 𝑒 will be removed while the point 𝑓 will remain
unchanged.

4.1

4

c) The distance between the point and its cell’s centre
is calculated using Eq. (3).

Implementation of the density
reduction algorithm

The online implementation of the presented algorithm
consists of two stages: the input stage when the data is
added to (or removed from) the dataset, and the output
stage when the density reduced data is outputted from
the dataset. During sequential input the points in the
cell change dynamically because of the cell’s point selection criteria. The elimination of close points in the
data based on the minimum diﬀerence check (see Section 3.4) is handled in the output stage. The input and
output stages are independent from each other and can

Input stage

In the input stage the data is added to the storage sequentially. The ﬂowchart of the sequential data addition
is shown in Figure 4. The ﬂowchart consists of the following steps:
a) The sequentially received point is given as an input
to the algorithm.
b) For every dimension of the point the index of the
point’s cell is calculated using Eq. (1).

d) The added point’s node is searched in the storage
using the added point’s cell’s indexes.
e) If the added point’s node is not found, then the node
is created and added to the storage. The addition
of the node to the red-black binary tree is realised
using the node comparison Eq. (2).
f ) If the added point’s node is found, then the distance
between the added point and its cell’s centre is compared with the distance between the existing point
and its cells’ centre.
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Figure 5: The deletion of the data from storage.
d) If the node with the deletion point’s indexes is found
then it is checked whether the existing node’s point’s
coordinates are equal to the deletion point’s coordinates.

Figure 4: The sequential addition of the data to storage.

e) If the existing point has the same coordinates as
the deletion point, then the corresponding node is
deleted from the red-black tree and from the sorted
list.

g) If the added point is closer to its cell’s centre then
the existing point in the node is replaced with the
added point.

f ) After deletion, the balance of the red-black tree and
the ascending sorting of the nodes’ list are reestablished.

h) The newly added or point replaced node is placed in
the sorted list according to its point’s distance from
its point’s cell’s centre.

4.2

i) The RCID of the newly created or replaced point’s
node is set to the RCID of the current output cycle.
j) As a result of processing, the storage with ascending
sorted nodes is created.
The developed algorithm also provides the ability to
sequentially remove data from the storage with minimal local reconstructions. The deletion of the data from
storage has almost the same computational cost as the
addition of the data.
The ﬂowchart of the data deletion is shown in
Figure 5. The ﬂowchart consists of the following steps:
a) The deletion point is given as an input to the algorithm.

Output stage

In the output stage the data is read from the storage
that was created in the input stage. In this stage RCID
is used to skip the points that are close to their neighbouring points but are far from their cells’ centres. In
each output cycle the RCID is changed in order to skip
only those points that are marked to be skipped in that
output cycle.
The ﬂowchart of the density reduced data output is
shown in Figure 6. The ﬂowchart consists of the following steps:
a) During the program initialization the current RCID
and previous RCIDprv are sets to 1.
b) The storage with ascending sorted nodes is provided
as an input to the algorithm. Each node in the
storage has a single point in it.
c) The current RCID is set to 1.

b) For every dimension of the point the index of the
point’s cell is calculated using Eq. (1).

d) The equality of the current RCID and the previous
RCIDprv is checked.

c) The deletion point’s node is searched in the storage
using the deletion point’s cell’s indexes.

e) If the current RCID is equal to the previous RCIDprv, then the current RCID is set to 0.
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f ) The value of the current RCID is stored in the previous RCIDprv in order to be used in the next output
cycle.
g) The ﬁrst node from the storage is taken to be evaluated.
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 neighbouring nodes with cells’ indexes (a-1,b-1), (a,b1),(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.
l) The selected neighbouring node is deleted from neighbouring node set.
m) If the selected neighbouring node’s RCID is the same
as the current RCID, then the processing of the selected neighbouring node is skipped and the algorithm is continued from the step (j).
n) The coordinate diﬀerences of the points from the selected neighbouring node and the evaluating node
is calculated.
o) 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 cycle.
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.
Figure 6: The output of the density reduced dataset.

r) The processed point data is outputted by the algorithm.
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
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evaluated and the algorithm is continued from the
step (h).
u) The output cycle of the current density reduced storage ends when the last node of the sorted list is evaluated. 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 consecutive points depends on the scanning resolution and the
distance between the sensor and the scanning surface.

Figure 8: Reference coordinate frame of the Riegl LMS
Z620 3D laser scanner.

Figure 7: The minimum distance between two consecutive points.

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

Figure 7 shows the dependence of the points’ minimal distance on the range between the scanner and the
scanned surface. The distance between them will be minimal if the scanned surface is perpendicular to the beam
𝑟𝑏 . The minimal distance 𝑑𝑚𝑖𝑛
between the two consec𝑎𝑏
utive points 𝑎 and 𝑏 is equal to:
𝑑𝑚𝑖𝑛
𝑎𝑏 = 𝑟𝑏 sin(𝜓)

(5)

where 𝑎 and 𝑏 are scanned points; 𝑟𝑎 and 𝑟𝑏 are the
measured ranges for the points 𝑎 and 𝑏, respectively; 𝜓 is
the angular step of the scanner; and 𝑑𝑚𝑖𝑛
𝑎𝑏 is the minimal
distance between the consecutive points 𝑎 and 𝑏.
It follows from Eq. (5) that the minimal distance between 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 surfaces 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 nonhomogenous 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 requirements of the application.

Parameter
Minimal scanning range
Maximal scanning range
Horizontal angular step
Vertical angular step
Horizontal angular range (Φ)
Vertical angular range (Θ)
Approximate scanning time

Value
2m
2000m
0.075∘
0.075∘
From 0∘ to 360∘
From 50∘ to 130∘
10 minutes

Figure 9 shows the raw cloud of the points acquired
via Riegl LMS Z620 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 application 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
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that belong to neighbouring cells but are located very
close to each other. The elimination of these closely located points is performed in the next stage.

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 taking 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.

Figure 11: 3D points cloud with 48K points. The size of
the raw cloud is reduced almost seven times after processing with the density reduction algorithm. The distribution 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 algorithm 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 sections 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. After 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 algorithm for non-homogenous multidimensional datasets
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with sequential input. The work was motivated by applications to terrain modeling with dense laser data. The
presented algorithm removes data from high density sections 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 algorithm 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.

7

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

Acknowledgements

This work has been supported by the Rio Tinto Centre
for Mine Automation and the ARC Centre of Excellence
programme, funded by the Australian Research Council
(ARC) and the New South Wales State Government.

References

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 represented via about 20 times less points.

[Budak et al., 2005] I. Budak, J. Hodolic, and M. Sokovic.
Development of a programme system for data-point preprocessing in Reverse Engineering. Journal of Materials
Processing Tech., 162:730–735, 2005.
[Chang and Park, 2009] M. Chang and S.C. Park. Range
data simpliﬁcation for reverse engineering. The International Journal of Advanced Manufacturing Technology,
41(1):86–96, 2009.
[Guibas and Sedgewick, 1978] L.J.
Guibas
and
R. Sedgewick. A dichromatic framework for balanced
trees. In Foundations of Computer Science, 1978., 19th
Annual Symposium on, pages 8–21, 1978.
[Lee et al., 2001] KH Lee, H. Woo, and T. Suk. Data reduction methods for reverse engineering. The International Journal of Advanced Manufacturing Technology,
17(10):735–743, 2001.
[Martin et al., 1996] RR Martin, IA Stroud, and AD Marshall. Data reduction for reverse engineering. RECCAD,
Deliverable Document 1 COPERNICUS project, N o 1068,
page 111, 1996.
[Melkumyan, 2009] N. Melkumyan. Surface-based Synthesis
of 3D Maps for Outdoor Unstructured Environments. PhD
thesis, 2009.
[Nuchter et al., 2004] A. Nuchter, H. Surmann, K. Lingemann, J. Hertzberg, and S. Thrun. 6D SLAM with an
application in autonomous mine mapping. In IEEE International Conference on Robotics and Automation, volume 2, pages 1998–2003. IEEE, 2004.
[Nuchter et al., 2005] A. Nuchter, K. Lingemann, and
J. Hertzberg. Mapping of rescue environments with
Kurt3D. In 2005 IEEE International Safety, Security and
Rescue Robotics, Workshop, pages 158–163, 2005.

Australasian Conference on Robotics and Automation (ACRA), December 2-4, 2009, Sydney, Australia

[Okasaki, 1999] C. Okasaki. Red-black trees in a functional
setting. Journal of Functional Programming, 9(04):471–
477, 1999.
[Reade, 1992] CMP Reade. Balanced trees with removals:
an exercise in rewriting and proof. Science of computer
programming, 18(2):181–204, 1992.
[Samet and Webber, 1988] H. Samet and RE Webber. Hierarchical data structures and algorithms for computer
graphics. I. Fundamentals. IEEE Computer Graphics and
Applications, 8(3):48–68, 1988.
[Shaﬀer and Garland, 2001] E. Shaﬀer and M. Garland. Eﬃcient adaptive simpliﬁcation of massive meshes. In Proceedings of the conference on Visualization’01, pages 127–134.
IEEE Computer Society Washington, DC, USA, 2001.
[Song and Feng, 2008] H. Song and H.Y. Feng. A global
clustering approach to point cloud simpliﬁcation with a
speciﬁed data reduction ratio. Computer-Aided Design,
40(3):281–292, 2008.
[Vasudevan et al., 2009] S. Vasudevan, F. Ramos, E. Nettleton, H. Durrant-Whyte, A. Blair, and R. Tinto. Gaussian
Process Modeling of Large Scale Terrain. 2009.

