
Actas de las XXXV Jornadas de Automática, 3-5 de septiembre de 2014, Valencia
ISBN-13: 978-84-697-0589-6 © 2014 Comité Español de Automática de la IFAC (CEA-IFAC)

Octree-Based Subsampling Criteria for Bathymetric SLAM*

Albert Palomer1, Pere Ridao1, David Ribas1, Angelos Mallios1 and Guillem Vallicrosa1

Abstract— This paper addresses the problem of reducing the
points used for the registration of submaps (point clouds) for
bathymetry-based SLAM while not loosing its more interesting
parts (i.e. non-flat areas). The subsampling criteria presented,
which can be divided in 3 groups, are evaluated inside each cell
of an octree containing the point cloud, if a cell is containing
interesting information regarding the subsampling technique,
the cell is divided. The first group is based on the distance to
a plane, the second one discriminates whether or not a cell is
containing information based on the eigenvalues of the Principal
Component Analysis (PCA) of the points within the octree cell,
and the third is based on comparing the normals of the best
fitting plane of the cell and the point cloud one. The different
criteria are first evaluated using real data by registering several
submaps against themselves since no ground truth is available
for real data. Finally the best two criteria of the best two
groups are compared using a pose-based EKF-SLAM previously
presented.

I. INTRODUCTION

The concept of Simultaneous Localization and Mapping
(SLAM) has spread widely in robotics, focusing most of
the research in land mobile platforms [1]. Comparatively,
there is still limited research done underwater mostly because
of the characteristics of this medium and its environmental
complexity.

From the sensors vantage point, we can classify un-
derwater SLAM in two main categories: sonar and vision
based SLAM. Although cameras provide a large amount
of high-resolution information with fast refresh rate, their
use underwater is limited by the visibility conditions of
the medium. Recent years have witnessed a number of
successful, real world underwater vision implementations of
the SLAM problem [2], [3], [4], [5]. In comparison with
vision, sonar sensors may work in bad visibility conditions,
being able to penetrate deeper (∼150 m) because of the low
attenuation of sound in water. However, they provide limited
information and medium to low resolution and refresh rate.
Although there are still few works in sonar-based underwater
SLAM, they are promising.
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In imaging sonar mosaicking, [6] presented a feature-
based registration for two-dimensional forwar-look sonar
images while in [7] a Fourier-based registration method to
build large-scale mosaics was presented.Moreover, there have
been reported several feature-based methods using range
sonar sensors such as in [8] and [9]. However, in a natural
underwater environment, it is extremely difficult to extract
them robustly. For this reason, some researchers have focused
their efforts on using featureless methods like occupancy
grids and scan matching. In [10], a SLAM algorithm based
on a particle filter was used to build an occupancy grid of a
sinkhole with the range measurements from multiple pencil-
beam sonars.

While bathymetry (elevation) 2.5D maps have been ex-
tensively used in the context of terrain based navigation
(TBN), there exist few works reporting successful SLAM
implementations using a multibeam sonar profiler and bathy-
metric maps. The pioneering work corresponds to [11] who
used cross correlation and Iterative Closest Point (ICP) for
coarse and fine registration of bathymetric surface patches
respectively. Later, some other methods where reported such
as [12], [13].

In [14] a probabilistic ICP was used to register submaps
and the optimization of the overall trajectory was done by
means of a pose-based EKF-SLAM. That work presented a
novel heuristic to reduce the association complexity from
O(n2) to O(n) by taking advantage of the probabilistic
formulation of the points forming the submap. Moreover,
a subsampling technique was introduced in order to use the
areas of the point cloud containing more useful information
for the registration and reducing even more the computation
time of each registration.

This paper presents several different subsampling tech-
niques in order to improve the work presented in [14]. In
this case 3 different groups of subsampling techniques are
studied and compared against each other. The first group
is based on the distance to a plane. This set of techniques
incorporates the criteria used in the previous work, which
was gathering more points from the deepest zones, and
generalizes that criteria in two steps: fist Distance from
mean (Dfm) gathers more points in the places which are
not close to the point cloud mean height, second Distance
from principal plane (Dfpp) works similar than Dfm but the
direction in which the distance is computed is the one with
smallest variance rather than the vertical one. The second
group of techniques is based on the eigenvalues of the
Principal Component Analysis (PCA) of the point cloud and
the cell: Curvature (Curv) studies the relationship between
the minimal variance and all of them to discriminate whether



Actas de las XXXV Jornadas de Automática, 3-5 de septiembre de 2014, Valencia
ISBN-13: 978-84-697-0589-6 © 2014 Comité Español de Automática de la IFAC (CEA-IFAC)

or not the cell is containing information, and PcaVap takes
just the minimum variance for the same purpose. Finally, the
third group is based on the eigenvectors of the PCA of the
submap and the cell and contains the criterias: Difference
of normals (Don), which is based on the module of the
difference, and PcaVep, which discriminates using the angle
between both normals. Since no ground truth is available
for the bathymetric dataset used, the criteria are compared
against each other by means of registering different real
world point clouds against themselves with random initial
guesses. Later, the best technique of the two best groups
of subsampling strategies are compared using the SLAM
framework proposed in [14].

The rest of the paper is organized as follows: first the
registration algorithm that will be used is outlined in section
II, then the different subsampling techniques are detailed
in III followed by the supporting experimental results and
conclusions in sections IV and V respectively.

II. REGISTRATION ALGORITHM

The registration algorithm which is a probabilistic ICP
with point-to-point and point-to-plane association, and an
heuristic to decrease the complexity of the association step
is briefly introduced here. For a more detailed description
please refer to [14].

A. Probabilistic ICP

Given a certain point of a point cloud Si the matching
candidates points on an other existing cloud Sj are computed
using point-to-point metric with Mahalanobis distance. From
within the compatible pairings, which means the pairings that
have a Mahalanobis distance smaller than a given threshold,
the one with the smallest distance is chosen and used for an
initial coarse registration. Once this registration converges, a
point-to-plane association is used to refine the result. For
every point in Si, a plane Πij is fitted into the set of
compatible points previously found in Sj . Then, a virtual
point corresponding to the projection of the point from Si

into Πij is used to run a second registration.
After each association stage, a minimization process using

least squares is carried out to estimate a displacement qmin

which minimizes the addition of the Mahalanobis distance
of the association error.

B. Association in Linear Time

Determining correspondences between the points in two
point clouds has a high computational cost for ICP-based
methods. This is mainly caused because of the large number
of different matrix operations, including inversions, which
leads to an O(n2) algorithm. To reduce this cost, we take
advantage of the fact that a Gaussian random point pi

can be graphically represented as an ellipsoid for a desired
confidence level α, and that there will be overlapping be-
tween the ellipsoids of two points deemed compatible after
a Mahalanobis distance test. Therefore, instead of checking
correspondences among all the points in a patch, the search
can be limited to those points whose ellipsoids overlap.

This reduction on the space of exploration decreases the
complexity of the algorithm to O(n).

III. SUBSAMPLING CRITERIA

In this section 7 different subsampling techniques that will
be compared in the experiments are presented along with an
example of the criteria applied to a point cloud (Fig. 1).
The techniques can be divided in 3 groups regarding what
the technique is based on: distance to a plane (Pockmarks,
Dfm and Dfpp), eigenvalues of the PCA analysis (PcaVap
and Curv) or eigenvectors of the PCA analysis (PcaVep and
Don). The subsampling is done by means of an octree. For
each cell of the octree the subsampling criteria is evaluated,
and if so, the cell is divided into 8 subcells. At the end only
one point is taken from each cell of the octree which is the
closest to the center of each cell.

A. Pockmarks
In some regions the sea-bed has craters which make

two parts of it distinguishable: the pockmarks (or craters)
and the rest. This criteria takes advantage of the a priori
knowledge of its existence to sample more points within the
craters rather than the rest of the area. This methodology
to subsample the point cloud was first presented in [14] in
the context of its Bathymetry Based SLAM . The criteria
computes the distance dc along the z axis between the mean
of the points in the octree cell and all the point cloud:

dc = zc − z (1)

where zc is the average height of the points within the octree
cell and z is the average depth of all the point cloud. If dc is
smaller than a threshold the cell will be divided. An example
of this subsampling strategy can be seen in Fig. 1(b).

B. Distance from Mean
The criteria explained in III-A only looks fore holes

while many underwater terrains have not only this type of
characteristics but also salients, which are the opposite. In
this way a more generic subsampling criteria can be achieved
by taking the absolute value of dc from equation 1. If its
value is grater than a threshold then the cell of the octree
will be divided. An example of this subsampling strategy can
be seen in Fig. 1(c).

C. Distance from Principal Plane
In order to generalize even more the concept behind the

subsampling criteria in the previous subsecitons, the distance
dc can be computed not against the average depth of the
point cloud but to its best fitting plane. For this purpose first
a PCA analysis of the point cloud is done in order to get
its principal directions of variances υ. Let a points W p be
a point of the cloud represented in a frame aligned to the
world, then a point V p in the space of minimal variance can
be computed as follows:

V p = M W p (2)

where M is the transformation matrix containing the eigen-
vectors υ. This type of subsampling is able tot detect either
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(a) Original point cloud (b) Pockmarks (c) Distance from mean (d) distance from principal plane

(e) PcaVap (f) Curv (g) Difference of normals (h) PcaVep

Fig. 1. Results of applying the different subsampling techniques (b-h) where the colour of the points represents the depth of these using a patch from
the Pockmarks dataset.

holes or salients in a not horizontal terrain. An example of
this subsampling strategy can be seen in Fig. 1(d).

D. Difference of Normals

The Don criteria [15] has been proved to work properly in
the segmentation of unstructured point clouds. The criteria
does a PCA of two set of points: the one corresponding
to the whole patch and the one of the points contained in
a particular cell of the octree. Then, the PCA returns 3
directions and their 3 variances. The two directions with the
largest variances determine the plane that fits the point cloud,
while the remaining direction corresponds to the normal of
that plane. Once both normals are computed (the one for
all the patch −→np and the one for the cell −→nc), Don can be
computed as: −→

4n = −→np −−→nc (3)

if ||
−→
4n|| is grater than a threshold, which means that −→np and

−→nc are significantly different, it is considered that the cell
of the octree contains relevant data and, therefore, will be
divided to sample more points from that region. An example
of this subsampling strategy can be seen in Fig. 1(g).

E. PcaVep

For this subsampling criteria two PCA analysis are carried
out, one for the whole point cloud and one with the points
laying within the box of the octree. The angle between both
vectors can be computed as:

α = atan2(||−→v pc ×−→v c||,−→v pc · −→v c) (4)

where −→v pc is the direction of minimal variance of the point
cloud and −→v c is the direction representing the same for the
points within the octree cell. The box of the octree will be
divided if α is grater than a threshold. An example of this
subsampling strategy can be seen in Fig. 1(h).

F. Curvature

In this case the metric used in order to determine whether
or not a cell is containing interesting parts of the point cloud
is by computing the percentage of variance in the direction
of minimal variance:

c =
minλ∑

λ
(5)

where λ are the eigenvalues of the PCA analysis of the
points laying within the cell. If this curvature is grater than a
given threshold the cell will be divided. An example of this
subsampling strategy can be seen in Fig. 1(f).

G. PcaVap

This subsampling method consist in a basic PCA analysis
of the points laying within a box of the octree. If the smallest
eigenvalue (minλ), which represents the variance of the
points in the perpendicular direction of its best fitting plane,
is grater than a threshold the box is divided. An example of
this subsampling strategy strategies can be seen in Fig. 1(e).

IV. EXPERIMENTS AND RESULTS

In this section first the experiments to determine which
subsampling criteria is better is presented and then the results
of applying the SLAM proposed in [14] with the best sub-
sampling strategies are shown. The bathymetric dataset used
was kindly provided by the School of Aerospace Mechanical
and Mechatronic Engineering of the University of Sydney
and has already been used for demonstrating bathymetric
SLAM [16], [12] and [14].

A. Subsampling discrimination

In order to determine which strategy is the best, the experi-
ment done is the following: given a real bathymetric dataset,
a subset of ten submaps or point clouds are drawn from
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DoF x (m) y (m) z (m) φ (rad) θ (rad) ψ (rad)
Mean 0 0 0 0 0 0
Std 10 10 5 0.1 0.1 0.5

TABLE I
PARAMETERS OF THE GAUSSIAN ERROR ADDED IN THE INITIAL GUESS.

the whole dataset. For each point cloud 15 different initial
guesses for the registration algorithm are drawn from the
normal distribution, which parameters can be seen in table
I. For each initial guess and point cloud the registration is
carried out with all the proposed subsampling methodologies.

The results of this experiments can be seen in Fig. 2
(its numerics values in table II) where the mean of the
module of all the errors (the error vector contains the actual
solution of the registration algorithm in 6DOF) obtained by
the different subsampling criteria among all the experiments
are represented. First thing to be mentioned is the fact that
non of the methods has an error smaller than 1.8. This is
due to the fact that the convergence criteria used for ending
the registration algorithm is based on the derivative of the
error rather than the absolute error and, although it tends to
converge to the right solution, it stops because of its finishing
criteria. In Fig. 3 the evolution of the association error can
be seen and it is possible to observe that the derivative
of the error at the last iterations is, compared to the first
iterations, much more smaller. The second thing to be noted
is the fact that both eigenvalue based criteria (PcaVap and
Curv) performs roughly the same, and both obtain grater
error than the rest. Regarding the rest of the methods,
the subsampling criteria and the probabilistic ICP without
subsampling obtain similar solutions while the probabilistic
ICP without subsampling spends much more time on the
registration than the ones with subsampling (5906s in front
of a maximum of 90.6s). In the other subgroup, the one
based on the normals (Don and PcaVep), it is possible to
identify that PcaVap, which studies the angle between the
normals, obtains better results than Don. Furthermore, it is
possible to observe that, within the group of subsampling
criteria regarding distance to a plane (Pockmarks, Dfm and
Dfpp), while the formulation of the subsampling becomes
more generic (from Pockmarks to Dfpp) the mean of the error
decreases, being Dfpp not only the best within the group, but
the best of all the subsampling criteria.

B. SLAM

Since our aim is to build bathymetric maps of the seabed,
the following step is to apply the criteria into real scenarios.
For this purpose, the algorithm presented in [14] will be used
to solve the SLAM problem.

The algorithm used divides the whole robot trajectory of
a certain mission into submaps, which have been used in
the previous experiment as the point clouds. This submaps
are created by compounding the multibeam sonar sensor
data with the robot position at that time and accumulating
them in the same reference frame. This submaps can be

Fig. 2. (Top) Bar plot of the mean error after the registration of all the
initial guesses and surfaces (None-PcaVep) and the mean of all the initial
guesses (q̂0 = 13.7042). (Bottom) Time spent for each subsampling criteria
to do one registration with random initial guess.

Criteria Error Time (s)

None 1.18776 5906.0
Pockmarks 2.5821 44.1

Dfm 2.1593 85.6
Dfpp 2.0348 83.12

PcaVap 4.3035 234.6
Curv 4.3168 260.4
Don 2.7460 53.9

PcaVep 2.2134 90.6

TABLE II
NUMERICAL RESULTS FOR FIG. 2

closed either because a reach relief is being observed (small
patches) or because a a non-rich relief is being stored in
the cloud and the drift contained within the submap would
not represent properly the environment. Once a submap is
closed all of it is referenced to its middle position to produce
a more convenient uncertainty distribution among the points
that form the submap. Every time a new submap is closed
its middle position is introduced in the state vector of an
Extended Kalman Filter (EKF) and a registration is carried
out for each overlapping submap with the same algorithm as
explained in section II-A. The information coming from the
results of the registrations are incorporated using the typical
EKF equations.
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Fig. 3. Evolution of the Mahalanobis error of a random initial guess for
a random point cloud.
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Total error addition 20038.6 16984.7 17936.0
Improvement1 - 15.24% 10.49%

Error mean 0.58386 0.49533 0.52187
Improvement1 - 15.16% 10.62%

Q3/4 1.2894 0.98445 1.0701
Improvement1 - 23.65% 17.01%

TABLE III
NUMERICAL RESULTS FOR FIG. 4. 1 REFERS TO THE RELATIVE

IMPROVEMENT COMPARED TO DEAD RECKONING DATA OF THE ROW

ABOVE IT.

In Fig. 4 the fused error maps for the dead reckoning
and the SLAM with Dfpp and PcaVep, which are the best
of its type of the two best types, computed as in [17] are
presented along with their error histograms. In table III the
numerical results from Fig. 4 are shown. It can be seen
directly from fused error maps and the histograms that both
SLAM techniques improve the dead reckoning. In the case
of the PcaVep the dead reckoning is improved in around
10% for the mean and the total error while the third quartile
(Q3/4) is reduced even more, up to 17% which indicates that
not only the error is smaller but that there is less big errors.
Regarding Dfpp, it has been observed that the improvement
is even better in all terms, improving more than 15% of the
dead reckoning map, and around 5% of the PcaVep, in both
mean and addition of the error while reducing the Q3/4 up
to 23.65%.

(a) Fused error map of the dead
reckoning

(b) Histogram of the error of the
dead reckoning

(c) Fused error map of the SLAM
with Dfpp

(d) Histogram of the error of the
SLAM with Dfpp

(e) Fused error map of the SLAM
with PcaVep

(f) Histogram of the error of the
SLAM with PcaVep

Fig. 4. Fused error maps (a,c,e) and histogram errors (b,d,f) of the
bathymetries. The color or the error map goes from small error (dark blue)
to high error (dark red). In the histograms it is possible o observe the mean
of the error and also the third quartile (Q3/4).

V. CONCLUSIONS AND FUTURE WORK

We have presented 7 different types of subsampling crite-
ria: Pockmarks, Dfm, Dfpp, PcaVap, Curv, Don and PcaVep.
It has been shown that the registrations of most of them, but
the ones relaying in eigenvalues, have similar results than the
registration algorithm without subsampling while spending
more than 10 times less of time for the registration without
subsampling. Moreover it has compared the two best criteria
of the two best types (Dfpp and PcaVep) in a real bathymetric
scenario confirming that both criteria improve the resultant
error map and that Dfpp performs around 5% better than
PcaVep which can improve the dead reckoning in around
10%.

Future work will include further study of the relation-
ships between subsampling criteria and the terrain. In this
way, some seabed areas have specific characteristics, which
by means of incorporating that prior knowledge into the
subsampling strategies, might produce better registrations.
Moreover the different criteria should be tested against
different datasets to asses the true potential of each one.
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