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Abstract

Side Scan Sonars (SSS) are frequently used by
Autonomous Underwater Vehicles (AUV) to ob-
serve the sea floor. However, automatically pro-
cessing the information they provide to perform
tasks such as Simultaneous Localization and Map-
ping (SLAM) or mosaicking is difficult and er-
ror prone. Not only the literature is scarce on
this subject, but also the number of software tools
to help researchers is very reduced. This paper
presents SSS-SLAM, a new Object Oriented soft-
ware framework based on Matlab aimed at facili-
tating research on underwater SLAM using SSS.
The framework includes both libraries and support
tools.

Keywords: Side Scan Sonar, SLAM, Library,
Software framework

1 INTRODUCTION

Acoustic sensors or sonars are the modality of
choice in underwater robotics as they present
wider angular coverage and longer sensing range
than optical sensors such as laser range finders or
cameras. Moreover, they are not influenced by the
illumination conditions and are able to produce
satisfactory maps even in turbid waters.

There is a wide range of acoustic sensors used
nowadays in underwater robotics. For exam-
ple, multi-beam sonars are especially used to pro-
duce elevation maps of the sea floor known as
bathymetry. Synthetic Aperture Sonars (SAS)
provide echo intensity profiles with very high res-
olution and sensing range. Mechanically Scanned
Imaging Sonars (MSIS) provide echo intensity
profiles with lower resolution and range than SAS,
but they are mounted on a rotating head so that
they provide 360o views of the environment [10, 4].

Side-Scan Sonars (SSS), similarly to SAS, provide
echo intensity profiles but with lower resolution
and sensing range. They are not mounted on a
rotating platform, as MSIS are, so they provide
single slices of the sea floor. However, conven-
tional SSS are still the sensor of choice in sea floor

imagery, and should remain in the near future, ba-
sically for economic reasons, but also because of
its ease of deployment: in some cases they have
a towfish structure, so there is no need for com-
plex mountings on Autonomous Underwater Ve-
hicles (AUV), Remotely Operated Vehicles (ROV)
or ships.

Traditionally, SSS have been used to provide un-
derwater imagery for human inspection. However,
the images they produce have undesirable prop-
erties to be automatically analyzed, jeopardizing
full autonomy in AUVs. For example, raw SSS
images are a geometrically distorted representa-
tion of the environment [5], especially in non-flat
terrains. Also, as SSS measurements correspond
to single slices of the sea bottom, joining them
to build an acoustic image requires accurate AUV
pose information. Additionally, SSS, as well as
any other kind of sonar, ensonify the observed re-
gion unevenly. Because of that, the echoes per-
ceived by the sensor are not only influenced by
the sea bed properties, but also by the sensor it-
self [3].

Unfortunately, the literature is scarce on studies
dealing with these problems to allow fully au-
tonomous use of SSS data. Most of the exist-
ing studies either are aimed at environments with
clearly distinguishable objects [9] or are too com-
putationally complex to allow on-line deployment
in most cases [2]. In particular, the problem of
Simultaneous Localization and Mapping (SLAM)
with SSS is far from being solved mainly due to
the difficulty of properly registering SSS imagery
[1].

Another problem when dealing with SSS data
is the lack of software, especially if performing
SLAM is the main goal. Most of the existing soft-
ware is propietary, with no sources available, and
basically aimed at displaying the SSS imagery for
human inspection, using in some cases Doppler
Velocity Log (DVL), Inertial Measurement Unit
(IMU) or Global Positioning System (GPS) data
to somehow take into account the linear vehi-
cle speed when displaying SSS imagery. That’s
the case, for example, of the Imagenex Win881SS
program. Other products, such as SonarWiz,
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by Chesapeake Technology, actually do complex
acoustic image processing such as mosaic building
and data fusion but, still, it is neither designed for
the user to test its own SSS image processing algo-
rithms neither to integrate it with different SLAM
approaches.

Being SSS an interesting sensor to perform under-
water mosaicking and SLAM, we developed SSS-
SLAM, a software framework, composed of a li-
brary and different visualization tools, to facili-
tate research on this subject. The main charac-
teristics of this framework are as follows. First, it
is able to work with sonars from different manu-
facturers by using the de facto standard data for-
mat Extended Triton Format (XTF) [7]. Second,
it is easily scalable so that other sensors, such as
IMU or GPS, can be integrated with minimum ef-
fort. Third, it allows easy reuse of its components
and facilitates the inclusion of new algorithms as
it is Object Oriented (OO). Fourth, it is writ-
ten in Matlab, a tool widely used by the research
community that allows Rapid Application Devel-
opment (RAD) of research prototypes and has a
large pool of data processing and optimization li-
braries. Finally, the proposed framework allows
georeferencing AUV trajectories and acoustic mo-
saics and interacts with Geographical Information
System (GIS) visualizers.

This paper is devoted at describing this software
framework, as well as showing the theory behind
it, thus providing a basic tutorial on SSS and SSS-
SLAM. It is structured as follows. Section 2 de-
scribes the SSS operation, including the acoustic
image formation. Sections 3, 4, 5 and 6 focus
on SSS-SLAM, explaining its dead reckoning, mo-
saicking, SLAM and georeferencing capabilities.
Section 7 shows the results obtained by feeding
SSS-SLAM with real underwater data. Finally,
Section 8 show the conclusion and proposes some
future work. The Matlab source code as well as
the SSS and DVL data used in the experiments
are available at http://dmi2.uib.es/burguera/
JA2014/.

2 THE SIDE SCAN SONAR

Figure 1 illustrates the operation of a SSS
mounted on a AUV navigating at an altitude h.
An AUV usually has two SSS heads, symmetri-
cally placed on port and starboard with a fixed
angle θ. Each sensing head periodically generates
an ultrasonic pulse which, after reaching the sea
floor, is partially scattered back to the sensor. The
SSS then analyzes the received echo to obtain in-
formation about the ensonified region (ER). The
expansion of the sound wave with time is modelled
by the sensor opening α.

Figure 1: Side-scan sonar characterization.
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Figure 2: An example of a single swath.

The sensor operation is as follows. After each ul-
trasonic pulse emission, the sensor records the re-
ceived echo intensities at fixed time intervals until
a new pulse is emitted. Henceforth, this recorded
data vector will be referred to as a swath and
each of its items, which store an echo intensity
providing information about the structure and re-
flectivity of the sea floor, will be referred to as a
bin. The Time Of Flight (TOF) corresponding to
each bin determines the slant range rs of a point
p in the ER. The sampling period determines the
slant range resolution and the time between emit-
ted pulses determines the maximum sensor range.
The position of a point p in the ER is usually
expressed in polar coordinates (rs, θs). Some-
times a point p is also characterized by its ground
range (rg). The ground range makes it possible to
project the SSS data to the sea floor by means of
a process known as slant correction.

2.1 Swaths and acoustic images

A typical SSS has two synchronized sensing heads
and, thus, the swaths are provided in pairs: one
provided by the port sensing head and one pro-
vided by the starboard sensing head. Let us, for
the sake of clarity, join each two simultanously
gathered swaths in a single vector. Henceforth,
the term swath will refer to this new vector.

Figure 2 shows an example of a swath correspond-
ing to the port (bins 1 to 250) and starboard (bins
251 to 500) sensing heads. The central region with
low echo intensities is the so called blind zone and
it corresponds to those distances from the sensor
where no sea floor was detected. Thus, echo in-
tensity values in the blind zone are due to sensor
noise and suspended particles in water. The first
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Figure 3: Simple acoustic image.

significant echo outside the blind zone is the First
Bottom Return (FBR), corresponds to the first sea
floor point that produced an echo and can be used
to compute the AUV altitude if not available by
other means.

As the AUV moves, several swaths are gathered.
By aggregating swaths, an acoustic image is built.
The most basic form of acoustic image build-
ing consists in putting the swaths together, one
next to the other. Figure 3 shows an example of
this kind of images, where each echo intensity is
mapped to a grayscale level so that lower inten-
sities are darker. The changes in the black strip
width, which is the blind zone, reflect changes in
the AUV altitude: the higher the altitude, the
wider the blind zone.

Although this approach may be sufficient for hu-
man inspection, it provides a distorted representa-
tion of the actual sea floor as it does not take into
account the specific AUV motion between swaths.
Solving this problem involves AUV localization or
SLAM techniques, as well as the use of interpola-
tion and blending techniques to fill gaps and com-
bine overlapping swaths. As stated previously, the
goal of the proposed software framework is to fa-
cilitate research on this subject. Properly pro-
jected acoustic images involving large trajectories
are usually known as mosaics.

3 DEAD RECKONING

Dead reckoning is the process of calculating the
AUV pose at time t by using the pose estimated
at time t − 1 and the speeds from time t − 1 to
time t. It is an incremental method and, thus,
it is prone to drift. Nevertheless, dead reckoning
is often used as a base pose estimator by other
localization techniques. This section is devoted
at describing the dead reckoning modules of SSS-
SLAM.

Dead reckoning modules assume that a DVL is
available, as AUVs are usually endowed with this
kind of sensors. A DVL is an acoustic sensor mea-
suring the AUV speeds by means of the Doppler
effect. Usually, DVL devices also measure the
AUV altitude using TOF techniques and are en-
dowed with additional sensors, such as magne-

Figure 4: The BaseLoc, LocEKF and LocDVL
classes.

tometers, to measure heading.

Dead reckoning modules are able to access DVL
data through the DVLReader class, which pro-
vides DVLData objects to encapsulate its output.

An abstract class BaseLoc provides the base meth-
ods and data structures that are implemented by
LocDVL and LocEKF. The former is in charge of
estimating the AUV pose using the pre-processed
data provided by the DVL manufacturer. The
latter, which actually constitutes our dead reck-
oning module, estimates the AUV pose by fus-
ing the linear velocities, heading and altitude pro-
vided by the DVL using an Extended Kalman Fil-
ter (EKF)[12]. These classes are depicted in Fig-
ure 4.

The description of LocDVL is out of the scope
of this paper, as it depends on non documented
processes performed by the proprietary DVL soft-
ware. As for LocEKF, the two key methods are
prediction and update, which are in charge of the
prediction and update EKF steps respectively. At
the moment, planar motion with changes in alti-
tude is implemented. Under this assumption, the
prediction is performed using a constant velocity
model as follows:
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where cθ and sθ denote cos θt−1 and sin θt−1 re-
spectively, x, y, z denote the 3D AUV position, θ
denotes the yaw angle, vx, vy, vz denote the linear
velocities and w denotes the angular velocity. The
subindexes t and t − 1 are used to represent the
current and the previous time step respectively.
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The EKF update, performed by the update mem-
ber function in LocEKF, is in charge of incorpo-
rating sensor measurements to refine the pose es-
timates. The basic operation uses the velocities,
orientation and altitude provided by the DVL. A
DVL measurement zDV L,t at time step t is as-
sumed to be as follows:

zDVL,t = [zvx,t, zvy,t, zvz,t, zθ,t, zz,t]
T

where the five components of the vector denote
the linear velocities, the orientation and the alti-
tude provided by the sensor. In case a particular
DVL device does not provide all this data, the
library can be easily modified. As all these pa-
rameters have a direct correspondence with some
of the state vector components, the implemented
EKF observation function hDV L is

hDV L = [vx,t, vy,t, vz,t, θt, zt]
T (1)

It is straightforward to modify the class or to de-
fine other classes inheriting from BaseLoc focusing
on the use of sensors other than DVL. As a matter
of fact, LocEKF also supports the integration of
GPS data when available through the hGPS func-
tion. Some examples will be shown using GPS
data when the AUV is in surface.

Using the aforedescribed prediction and measure-
ment functions, as well as their associated Jaco-
bian matrices, LocEKF applies the EKF formula-
tion to provide an estimate of the next AUV state
and its associated error in form of covariance ma-
trix.

4 BUILDING MOSAICS

In the context of this paper, the term mosaic refers
only to images built by positionning SSS swaths
according to the estimated AUV poses. Register-
ing partial SSS mosaics to improve the global one
is not the goal of this software framework. Instead,
it provides the basic tools to help researchers work
in this subject.

SSS-SLAM encapsulates the SSS access in the
SSSReader class, which outputs objects of the
SSSPing class containing information about indi-
vidual swaths. The SSS data is accessed by means
of the widely used XTF format. However, being
an OO framework, other classes inheriting from
SSSReader could be easily included to cope with
future revisions of the XTF format and to deal
with different data formats.

As for building mosaics, both SSSPing objects and
the AUV pose are required. The AUV pose may

Figure 5: The Beam, Mosaic and SSSPing classes.

come from LocEKF or from LocSLAM, which is
going to be discussed later. However, it has to be
taken into account that the localization modules
and the SSSReader may provide data at different
time intervals. For example, using our particu-
lar sensors, SSSReader provides between 6 and
14 swaths for each LocEKF pose estimate. The
Beam class has been developed to cope with these
problems. Roughly speaking, Beam objects are
buffers storing swaths gathered between consec-
utive pose estimates. Also, Beam objects store
information about the AUV pose corresponding
to its first stored swath so that they can be prop-
erly projected to build the mosaic. Additionally,
even if no sensor data is available to perform the
LocEKF update, the prediction could be executed
to accurately place the individual swaths stored in
Beam objects.

The class Mosaic is responsible for building the
mosaics. On the one hand, it scales the Beam
objects according to the SSS range and the desired
mosaic resolution by converting from meters to a
pixel space. On the other hand, it manages the
full mosaic image by requesting memory as the
mosaic grows. Finally, it offers functionalities to
display the mosaic both on-line or off-line. The
aforementioned classes are depicted in Figure 5.

5 SLAM

The goal of SLAM is to simultaneously estimate
the AUV pose and the map of the environment.
This is achieved by associating current and previ-
ously stored observations. SSS-SLAM focuses on
landmark-based EKF-SLAM. Similarly to other
modules, the framework structure facilitates the
inclusion of other SLAM techniques, such as [6],
which has proved to be more effective with imag-
ing sonars that landmark based approaches.

The landmarks used are points and are related
to individual swaths. This means that a swath,
stored in SSSPing objects, can have zero or more
associated landmarks and that the landmark co-
ordinates are assumed to be local to each swath.
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At the moment, no automated landmark extrac-
tion is provided. However, the swath based rep-
resentation provides a realistic way to work with
landmarks, and facilitates the future integration
of different landmark extraction methods. Also, it
is possible to manually introduce landmarks and
assign them identifiers through a simple Matlab
interface to test different SLAM approaches.

EKF-SLAM is implemented in the LocSLAM
class, which extends LocEKF, which implements
the abstract LocBase class. The EKF-SLAM state
vector Xt at time step t is

Xt =

[

XAUV,t

Mt

]

where XAUV,t is the AUV pose and Mt, which
is known as the map, is the set of the landmark
coordinates observed until time step t.

Among others, LocSLAM provides methods to
perform the EKF-SLAM prediction, data associ-
ation, state augmentation and update steps. As
for the prediction, its main functionality is inher-
ited from LocEKF. Data association is in charge
of determining if a landmark is observed for the
first time or not. LocSLAM implements different
data association methods, such as nearest neigh-
bour and known associations, and can be easily
extended. The first time a landmark is observed,
it is used to perform the state augmentation.

In the state augmentation, a newly detected land-
mark L, which is expressed in meters with respect
to the current robot pose, is appended to the state
vector with respect to a global coordinate frame
as follows:

X+
t =





XAUV,t

Mt

XAUV,t ⊕ L





where ⊕ denotes the compounding operation [11].

In the EKF update step, stored landmarks have
to be transformed to a local coordinate system, so
that they can be compared with new landmarks,
by means of the h function as follows:

h(G) = ⊖XAUV,t ⊕G

where G denotes an existing landmark in the state
vector stored in global coordinates and ⊖ denotes
the transformation inversion operation [11]. Dif-
ferent coordinate transformation functions that
take into account the uncertainties are provided
both in the LocEKF class and in the static class
Utils.

Figure 6: The LocSLAM class and its relationship
with the framework.

The h function is used by the EKF together with
the hDVL defined in Equation 1 and hGPS when
available. Thus, thanks to these functionalities,
LocSLAM provides SLAM capabilities on top of
LocEKF. Figure 6 depicts the LocSLAM class and
its relationship with other classes in the frame-
work.

6 GEOREFERENCING

As a result of the aforementioned framework, the
AUV trajectory and an acoustic mosaic of the sea
bottom, both corrected by means of SLAM, are
available. The next step is to georeference all this
information. By doing so, the obtained data can
be easily mixed with other sources, such as maps
or bathymetry.

The georeferencing functions are provided
by the Utils static class and the Mosaic
class. For example, Utils.trajectory2Shape
and Utils.observations2Shape allow the conver-
sion of the AUV trajectory and the observations,
respectively, to the de facto georeferencing
standard format defined by the Environmental
Systems Research Institute (ESRI). Also, the
Mosaic class has the method getRasterReference
providing a geoferenced TIFF mosaic.

Figure 7 show the georeferenced data provided by
our framework displayed on the Quantum GIS [8]
software.

7 RESULTS

This section shows some results produced by
the described framework, demonstrating its ca-
pabilities. These results have been obtained us-
ing an Imagenex SportScan SSS with two sen-
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Figure 8: (a) The full trajectory according to LocSLAM. (b) Comparison of LocDVL and LocEKF. (c)
Comparison of LocDVL and LocSLAM.

Figure 7: Georeferenced trajectories, observation
and mosaic.

sor heads attached to an EcoMapper AUV at
θ = 20o. The SSS operated at a frequency of
800KHz, being the wavelength 1.95mm and the
opening α = 30o. The AUV mission consisted
of a sweeping trajectory along more than 4Km
in Port de Sóller (Mallorca, Spain). During the
straight transects, the AUV was underwater gath-
ering SSS and DVL data. During the turns, the
robot emerged to obtain the GPS position. The
datasets corresponding to this mission are avail-
able at http://dmi2.uib.es/burguera/JA2014/
together with the SSS-SLAM source code.

7.1 Localization modules

Figure 8-a shows the obtained trajectory accord-
ing to LocSLAM. At this scale, differences be-
tween the different localization modules are barely
appreciable. Accordingly, next Figures will focus
on specific areas of this trajectory.

Figure 8-b compares LocDVL, which is the DVL
device proprietary localization strategy, and Lo-
cEKF, which constitutes the main SSS-SLAM
dead reckoning module. Abrupt changes in the
LocDVL pose estimates can be observed. These
changes appear when the AUV surfaces and gath-
ers GPS data. This suggests that the proprietary
DVL localization algorithms basically switch to
GPS when it is available. Contrarily, LocEKF
smoothly corrects the AUV pose as it fuses both

LocDVL LocEKF LocSLAM
(µ, σ2) 4.37, 3.16 3.45, 2.27 3.27, 2.25

Table 1: Mean µ (expressed in meters) and vari-
ance σ2 of the errors

DVL dead reckoning and GPS using an EKF.

Figure 8-c compares LocDVL and LocSLAM. In
this case, a significant pose correction can be ap-
preciated in the LocSLAM trajectory due to a loop
closing: a landmark is re-observed and LocSLAM
corrects the trajectory to accomodate both obser-
vations. The landmarks leading to the loop clo-
sures are depicted as crosses, and the data associ-
ations are depicted as lines between the crosses.

SSS-SLAM also provides some basic tools to quan-
titatively evaluate trajectories, even in absence of
ground truth. The evaluation is performed by
comparing the estimated position of each land-
mark when it is reobserved with its estimated po-
sition the first time it was seen. The error of a
certain trajectory is defined as the mean distance
between observations of the same landmark. Since
the same landmarks used for the SLAM module
are available to the LocDVL and LocEKF mod-
ules, it is also possible to evaluate these two meth-
ods even if they do not not incorporate the land-
mark information to correct the trajectory.

Table 1 compares the errors between the three lo-
calization modules in this particular experimental
setup. It can be observed how LocEKF improves
the LocDVL results and that LocSLAM provides
the best results.

7.2 Mosaicking modules

Figure 9 shows an example of a mosaic produced
by the Mosaic class. It corresponds to the same
areas shown in the localization experiments. The
mosaic is mostly composed of the swaths gathered
in the straight transects as, during the turns, the
AUV emerged to gather GPS data and no SSS was
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Figure 9: A mosaic built by the class Mosaic.

Figure 10: Three overlapping fragments of the
mosaic showing the landmarks used to perform
SLAM.

available. It is important to emphasize that, even
if an AUV does not emerge during the mission, the
SSS data gathered while it is rotating is not used
usually as it leads to large gaps between swaths
in the mosaic requiring severe interpolation. This
can be observed at the bottom of Figure 9 and at
the end of each transect where the vehicle starts
its rotation while still gathering SSS.

Figure 10 shows three fragments of the data gath-
ered to build the mosaic. These three fragments
correspond to the bottom-right region of Figure
9 and partially overlap. The landmarks used in
this region for the LocSLAM to operate are also
shown.

Figures 11-a, 11-b and 11-c show a close view of
three of the landmarks in Figure 10 as they are
seen in the two transects they appear. In par-
ticular, landmarks labeled as 12, 13 and 14 are
depicted. It can be observed that, as the acoustic
images strongly depend on the ensonification an-
gle, the pairs of landmarks are significantly differ-
ent. Thus, automatically detecting and matching

(a) (b) (c)

Figure 11: Details of (a) landmark 12, (b) land-
mark 13 and (c) landmark 14

Figure 12: Georeferenced AUV trajectories corre-
sponding to two different missions.

landmarks in SSS imagery is a complex task that
has to take into account the specific behavior of
SSS. The literature is scarce on this subject. This
is one of the reasons that motivated this study: to
build a software framework facilitating, precisely,
the research on this area.

7.3 Georeferencing

As stated previously, the proposed software frame-
work is able to label trajectories and mosaics with
georeferencing information and storing this data
in standard formats. Among others, georeferenc-
ing has two main advantages. First, it facilitates
plotting trajectories and mosaics gathered at dif-
ferent times, and even with different AUVs, on a
common map to see if they have parts in common.
On the other hand, it makes it easy to observe if
certain data collected by the SSS corresponds to
previously mapped objects.

As an example, Figure 12 shows two trajectories
corresponding to different missions. These two
trajectories have been georeferenced by our soft-
ware and then plotted using QGIS.

Figure 13 clearly illustrates the software capabil-
ities of generating georeferenced mosaics. In this
case, plotting the mosaic together with a map of
the environment allowed us to ensure that the
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Figure 13: Georeferenced mosaic.
.

white stripe in the shown acoustic image actually
corresponds to the port breakwater.

8 CONCLUSION AND FUTURE

WORK

This paper presented SSS-SLAM, an OO software
framework including both a library of objects and
some visualization and export tools aimed at fa-
cilitating research on underwater SLAM and mo-
saicking using SSS. The advantages and capabili-
ties have been discussed, showing the results ob-
tained using data gathered by an AUV endowed
with DVL, GPS and SSS in a real underwater sce-
nario.

Our plans for future research on this subject now
concentrate on two main aspects. First, to use
SSS-SLAM to do research on underwater SLAM
and develop algorithms for automatic SSS land-
mark extraction and matching. Second, to in-
crease the system SLAM capabilities by imple-
menting Particle Filter (PF) and Graph based
SLAM techniques.
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