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1 Executive Summary
The purpose of this document is to present the status of the deliverable D4.6 – Fusion and SLAM
solution, as specified in Grant Agreement, 642477, ANNEX 1 (part A), Work Package 4; consisting of
a prototype of the software modules for data fusion of information available from 3D Sonar, underwater
laser scanning, EO image and Inertial System with iUSBL by using techniques based on Simultaneous
Localisation and Mapping.
The development work for this deliverable started in March 2016 and ended in July 2017.

2 Introduction
2.1 The VAMOS Project
Estimates indicate that the value of unexploited European mineral resources at a depth of 500-1,000
meters is ca €100 billion, however, a number of physical, economic, social, environmental and human
constraints have as yet limited their exploitation. ¡VAMOS! will provide a new Safe, Clean and Low
Visibility Mining Technique and will prove its Economic Viability for extracting currently unreachable
mineral deposits, thus encouraging investment and helping to put the EU back on a level playing field
in terms of access to strategically important minerals. Deriving from successful deep-sea mining
techniques, the ¡VAMOS! mining solution aspires to lead to: Re-opening abandoned mines; Extensions
of opencut mines which are limited by stripping ratio, hydrological or geotechnical problems; and
opening of new mines in the EU. ¡VAMOS! will design and manufacture innovative automated
excavation equipment and environmental impact monitoring tools that will be used to perform field tests
in four mine sites across Europe with a range of rock hardness and pit morphology. VAMOS will:
1. Develop a prototype underwater, remotely controlled, mining machine with associated launch
and recovery equipment
2. Enhance currently available underwater sensing, spatial awareness, navigational and positioning
technology
3. Provide an integrated solution for efficient Real-time Monitoring of Environmental Impact
4. Conduct field trials with the prototype equipment in abandoned and inactive mine sites with a
range of rock types and at a range of submerged depths
5. Evaluate the productivity and cost of operation to enable mine-ability and economic
reassessment of the EU's mineral resources.
6. Maximise impact and enable the Market Up-Take of the proposed solutions by defining and
overcoming the practicalities of the concept, proving the operational feasibility and the
economic viability.
7. Contribute to the social acceptance of the new extraction technique via public demonstrations in
EU regions.
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2.2 Deliverable D4.6
2.2.1 Objectives
This document reports the developments concerning deliverable D4.6 - Fusion and SLAM solution, as
specified in Grant Agreement, 642477, ANNEX 1 (part A), Work Package 4. This consists of a
prototype of the software modules for data fusion of information available from all perception and
navigation sensors, such as, 2D and 3D multi-beam Sonar, imaging Sonars, DVL, pressure sensors,
underwater SLS, EO image and Inertial System with iUSBL by using techniques based on
Simultaneous Localisation and Mapping. More specifically, this deliverable will address the following
points:






Develop an integrated solution (hardware/software) for data processing.
Develop real-time perception algorithms able to support EO cameras and projection lasers,
landmark/feature extraction, acoustic cameras and multibeam filtering pre-processing.
Integrate and fuse information from different sensors in a consistent model.
Develop a modular sensor fusion system, providing a SLAM solution for the machine and its
surrounding mine map.
Develop a control and navigation solution for the support HROV subsystem.

2.2.2 Approach
The software for fusion and SLAM solution comprises the development of modules for perception and
data fusion of information. The development work for this deliverable started in March 2016 and ended
in July 2017. The development process followed a systems engineering approach, having as inputs the
requirements and architecture definitions in D2.5 deliverable, sensors and components selected in
WP3, and functionalities developed in D4.4 and D4.5. The development of all components was
followed by extensive laboratory and field operation tests.

2.2.3 Timetable
Release month
12
24
30
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Scope in deliverable
Development status
Updated status
Software prototype

3 Work Plan
The deliverable D4.6 Sensor Fusion and SLAM solution was led by INESC TEC with contribution from
ZfT. Since there is a close interaction between this deliverable the demonstrator deliverable D4.4 and
the software prototypes in D4.5 (registering, synchronization and calibration of sensors) as well as with
the Real Time Mine Modelling system demonstrator in D4.1, several intermediate development and
integration milestones were planned and achieved.
Table 1: Development and Integration Milestones

Nr.
1
2
3
4
5
6
7
8
9
10

8

Description
Plan Dataset for sensor data collection in mining sites
Initial version of real-time perception algorithms for first field tests trials
Initial integrated solution (hardware/software) for data processing system
Initial sensor fusion system (HROV and MV)
Initial control and navigation solution for the satellite HROV
Integration with real-time modelling system
Demonstrator version of the real-time perception algorithms
Hardware/Software data processing system
Sensor fusion system (HROV and MV)
Control and navigation solution for the satellite HROV

Estimated date
M13
M20
M25
M26
M26
M26
M29
M30
M30
M30

4 Integrated Data Processing Solution
The data processing architecture adopted for the MV and the HROV focus on retrieving information
from the sensors to develop essential robotic tasks, including navigation, localization, mapping, mission
control and locomotion.
As illustrated in Figure 1, independent device drivers establish the bridge between each sensor/actuator
and the data processing tasks. The device drivers are responsible for configuring the external devices,
receiving and storing data, besides providing time synchronization references. Localization sensors,
namely pressure sensor, DVL and IMU/INS, feed information to the data fusion block, responsible for
computing the global robot pose. Mapping devices, including the M3 multi-beam sonar, Coda acoustic
camera and SLSs, provide geometric measurements that allow each vehicle to build an internal
representation of the environment. Before entering the mapping block, each mapping measurement is
subjected to a pre-processing stage, which transforms the raw measurement into a point cloud
measurement. Depending on the sensor, pre-processing operations include filtering, echo selection,
image segmentation, intrinsic calibration, distortion removal and triangulation.

Figure 1: Architecture diagram of the data processing solution

Unlike the MV, where operators assume full control of locomotion, the HROV moves autonomously
according to the mission established by the operator. The mission control block allows the operator to
select between three different missions:
 Perform a survey of an area at a given depth
 Survey an area while keeping constant distance to the ground
 Collect data from a specific vantage point, either to provide feedback about the mining process
or to observe/inspect the MV
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The mission control takes into consideration the robot pose and the map in order to generate a trajectory
that can be safely executed by the robot. The trajectory is composed of a series of manoeuvers that are
managed by the guidance and manoeuvering block. Those controls are translated into control references
for the actuators by the low level stabilization and control block, which receives feedback from the
navigation block for stabilization purposes.

5 Real Time Perception Algorithms
Raw measurements from the mapping sensors are not suitable to be readily integrated into the map.
Hence, a collection of real time pre-processing software was developed to convert information, coming
from each sensor, into a format compatible with the map representation.

5.1 Structured Light System Pre-Processing
Each SLS, composed of a rotating laser line projector in conjunction with a camera, demands for custom
software in order to compute 3D point scans by triangulating the observed laser line. The system is
calibrated once, after assembly, to determine not only the intrinsic calibration parameters of the camera,
but also the extrinsic parameters of the SLS rig, which encode the relation of perspective between the
laser and the camera. Using the intrinsic camera parameters, the lens distortion is first corrected, as
illustrated in Figure 2.

Figure 2: Calibration of the SLS cameras. (Left image) Uncalibrated SLS frame affected by lens distortion. (Right image) Same
SLS frame after applying the distortion correction

A line detection routine is then performed to segment the laser line from the undistorted image (Figure
3).
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Figure 3

Figure 3: detection method. (Left image) SLS image before line detection. (Right image) Binary SLS image after line
detection

The last procedure consists on applying the extrinsic parameters, to triangulate the laser line, and
obtain the 3D coordinates along the line with respect to the SLS reference frame, as illustrated in Figure
4.
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Figure 4: 3D points obtained after triangulation of the laser line. (Left image) 3D representation of the SLS points. (Right image)
Projection to the XY plane of the 3D SLS points. Image scale is in millimeters.

5.2 M3 Multi-beam Pre-Processing
The imaging mode of the M3 multi-beam produces an acoustic image, in which echo intensity is
represented as a function of orientation and time of flight of the acoustic signal. A pre-processing step
executes the segmentation of the acoustic image, with the objective of retrieving the highest intensity
echo per acoustic beam. The resulting echo profile is depicted Figure 5.

Figure 5: Strongest echo selection for the M3 imaging mode. (Left figure) Raw acoustic image. (Right figure) Points
corresponding to the strongest echo per beam.

6 Underwater Localization System
An accurate localization estimate provides the base for other relevant tasks, including vehicle navigation
and environment modelling. Hence, solving the localization problem for each vehicle represents a crucial
step to accomplish the objectives of the Positioning Navigation Awareness (PNA) system.
Despite the apparent differences between the vehicles involved, either in terms of motion dynamics and
placement relative to the water surface, the localization system should be composed of sensor devices
and algorithms capable of determining the position and orientation of each vehicle in real time.
Taking into account the vehicle characteristics, a clear distinction can be made between the LARV and
the remaining vehicles. The LARV stays at the surface trying to maintain as static as possible, while the
HROV and the MV can operate below the water surface with the ability to move more freely.

6.1 LARV Localization System
The localization system onboard the LARV is responsible for determining the vehicle’s position and
orientation with high accuracy. The system is composed of 3 GNSS receivers on the LARV, plus a fixed
base station on shore. The mounting positions of the 3 GNSS antenna are illustrated in Figure 6. All the
LARV’s receivers perform real time kinematic (RTK) processing to achieve centimetre level accuracy.
GNSS1 receives correction from the fixed based station, enabling the computation of the LARV’s global
position. The two baselines between GNSS1-GNSS2 and GNSS1-GNSS3 allow the determination of
two vectors, ⃗⃗⃗⃗
𝑣𝑦 and 𝑣
⃗⃗⃗⃗𝑦 , which define the directions along the x and y axes. A third vector ⃗⃗⃗
𝑣𝑧 , aligned
with the z axis, is determined by applying the inner product between ⃗⃗⃗⃗
𝑣𝑦 and ⃗⃗⃗⃗
𝑣𝑦 . The attitude is
represented by a rotation matrix as follows:
𝑇
𝑅𝑏𝑛 = [𝑣
⃗⃗⃗⃗𝑥
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𝑣𝑦
⃗⃗⃗⃗

𝑇

𝑇

𝑣𝑧 ]
⃗⃗⃗

Equation 1: LARV Localization System Rotation Matrix

Figure 6: GNSS network for position and attitude determination of the LARV

6.2 HROV and MV Localizations System
Conceptually, the localization systems for the case of HROV and the MV share the same architecture,
depicted in Figure 7. There is a set of sensors that both vehicles carry, namely inverted ultra-short
baseline (iUSBL) transceivers, inertial motion units (IMU) and pressure sensors. Through the iUSBL
system, the position of each vehicle can be determined in relation to the SBL baseline. Pressure sensors
provide a direct observation of the vertical position relative to the water surface. IMUs measure vehicle
motion and local magnetic field, allowing the computation of the relative position and orientation.
The position of each vehicle, computed by the Short Baseline (SBL) at the LARV side, is also available.
Considering the permanent connection between the MV and the LARV, the SBL measurement is always
available for integration in the MV localization solution. The same is not granted on the HROV’s side,
since a communication channel is necessary for the SBL measurement to be shared from the LARV to
the HROV.
Unlike the MV, the HROV carries a Doppler velocity log (DVL) and a GNSS receiver. The DVL
provides a direct velocity measurement, in the body frame, with respect to the mine floor or to the water
column. The GNSS receiver gives access to satellite based positioning when the vehicle is navigating at
the surface.
In relation to the HROV, the MV has the extra capability of performing dead reckoning by odometry
along the mine floor.
As defined in Figure 7, all sensor measurements available are fused together by software to estimate the
vehicle’s position, velocity and attitude. The software layer is composed of three main blocks:
Calibration, Attitude and Heading Reference System (AHRS) and Data Fusion.
In order for all measurements to be fused, they first need to be defined in the same coordinate frame.
This is the job of the Calibration module, which ensures that all measurements are transformed from
their origin sensor frame to the vehicle reference frame, using the sensor extrinsic parameters.
Additionally, some acoustic measurements, including the ones from the iUSBL, suffer perturbation from
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external conditions, such as sound propagation velocity. These parameters are compensated in real time
inside the calibration module.
The AHRS block is responsible for estimating the vehicle’s attitude, based on measurements provided
by the IMU and optionally the GNSS system.
Lastly, the Data Fusion module is responsible for estimating the vehicle’s position and velocity, as well
as the accelerometer bias. Through integration of the accelerometer measurements, combined with the
attitude coming from the AHRS module, the vehicle velocity and position states are estimated. However,
this kind of relative localization, known as dead reckoning, characterizes by monotonically increasing
uncertainty due to consecutive integration of measurement errors. Hence, direct state observations are
necessary to mitigate cumulative errors over time. Thus, the Data Fusion module receives position
measurements, provided by iUSBL, SBL, GNSS, Odometry and pressure sensor, and velocity update
derived from the DVL.

Figure 7: Functional architecture of the localization system.

6.2.1 AHRS
The AHRS modules that equip the HROV and the MV, compute the vehicle’s attitude from
measurements provided by the IMU, which in turn is composed of three gyroscopes, three
accelerometers and three magnetometers. Among the possible attitude representations available, namely
Euler angles, Direction Cosine Matrix (DCM) and quaternions, the AHRS expresses the vehicle’s
attitude in the form of quaternions, by their computational efficiency and lack of singularities.
The AHRS follows the architecture illustrated in Figure 8, where two blocks can be easily identified: the
initialization block and the mechanization block. The initialization block concerns with determining the
initial orientation of the IMU with respect to the North, East, Down (NED) reference frame. This
14

procedure is accomplished in two parts, one related with the determination of roll and pitch angles, and
the other concerning the calculation of the heading angle. During initialization, the IMU must remain
static. In this situation, roll and pitch angles can be determined by measuring the gravity vector using
the accelerometer triad. The heading initialization implies the measurement of the Earth’s rotation, a
procedure known as North seeking. During static alignment, it is possible to perform simultaneous
estimation of the accelerometer bias, and thus improve the estimation of roll and pitch. Also,
measurements of local magnetic field obtained from the magnetometers can provide additional
information to the initialization procedure. However, magnetometers are sensitive to local magnetic
distortions arising in the presence of ferromagnetic objects and electric currents. Thus, careful placement
of the IMU is important to ensure the quality of the magnetometer measurements. Further, the heading
initialization is refined during motion by considering measurements coming from RTK GNSS in the
HROV.
After initialization, the process enters the mechanization phase, where gyroscope measurements are
integrated over time to update the attitude estimate. The estimates about the current vehicle position and
velocity are fed into the process to compensate the impact of the Earth’s rotation and the Coriolis effect
on the gyroscope measurements.

Figure 8: Illustration of the high level architecture of the AHRS.

6.2.2 Calibration
The calibration module is responsible for estimating and applying the extrinsic and intrinsic parameters.
Intrinsic parameters are concerned with variables directly affecting the sensor measurements that need
to be compensated, for example internal sensor geometry, speed of sound, pressure and temperature.
Extrinsic parameters establish the transformations between the various reference frames. Usually,
extrinsic parameters are only computed once and remain constant as long as the sensor platform does
15

not change. The determination of the extrinsic parameters usually involves a specific experimental
procedure and subsequent data analysis.
6.2.2.1 Intrinsic Parameters

Measurements of most acoustic sensors, including USBL, SBL and DVL, are sensitive to the sound
propagation speed. Therefore, this parameter needs to be constantly monitored, so that correct
measurement compensation is applied. The DVL sensor onboard the HROV has the capability of
measuring the sound speed in water. These measurements should be shared to all systems to ensure
proper compensation.
6.2.2.2 Extrinsic Parameters

Two calibration methodologies were developed for estimation of extrinsic calibration between sensors.
The method described here applies to localization sensors. The other method, focus on calibrating the
modeling sensors with respect to the localization reference frame, a method previously reported in
Deliverable D4.5.
The extrinsic calibration procedure, illustrated in Figure 9, computes a relative transformation between
the reference frames of two sensors, by minimizing the differences between the trajectories estimated
from the measurements of each device. The process applies to sensors that produce its own trajectory
estimate, as is the case of the INS and DVL, or sensors that observe the trajectory regularly, such as the
iUSBL.

Figure 9: Method for determination of the extrinsic parameters relating the DVL and iUSBL reference frames with
the INS reference frame
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The calibration procedure requires as input two trajectory solutions obtained for the same experiment,
one given by the target sensor to be calibrated 𝒙𝑡 and other provided by the reference sensor 𝒙𝑟 . The
extrinsic parameters define the reference frame transformation, composed by a rotation matrix (𝑹) and
a translation vector (𝒕), from the target sensor to the reference sensor. The optimal transformation results
from minimizing the error between the two trajectories:
𝑁

min ∑‖𝒙𝑟𝑖 − 𝑹𝒙𝑡𝑖 − 𝒕‖
𝑅,𝑡

2

(2)

𝑖=1

Equation 2: Optimal Transformation Results for Minimizing Error

6.2.2.3

Results

The algorithm was applied in two datasets, one acquired in the Bejanca Mine and another acquired in
the Douro River. The objective of the calibration procedure is to determine the extrinsic parameters that
better overlap the DVL and USBL trajectories with the reference INS/GNSS trajectory. The INS/GNSS
trajectory was obtained by post-processing the INS/GNSS RTK solution in tightly coupled mode, and
so achieving position accuracy better than 2 centimeters. Results illustrated in Figure 10 and Figure 11
show the impact of the extrinsic calibration on the trajectories computed by the DVL.

Figure 10: DVL calibration results in the Douro River dataset.
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Figure 11: DVL calibration results in the Bejanca Mine dataset

Results from Figure 10 and Figure 11 show that extrinsic calibration produces a significant improvement
on the DVL trajectory. Despite that, it seems that results for the river case are better than the ones
obtained in the Bejanca Mine. The worst performance of the DVL is on the confined mine scenario, in
which multipath reflections of the acoustic signals deteriorate the DVL velocity measurements. Still, the
DVL extrinsic calibration improves the DVL trajectory in both cases.
The extrinsic calibration of the USBL system was performed on the Bejanca dataset, providing the
results in Figure 12.

Figure 12: USBL extrinsic calibration results for the Bejanca Mine dataset.

Similarly to DVL, the USBL system suffers the consequences of operating in a confined space, resulting
in the loss of position fixes and deterioration in measurement accuracy. Nevertheless, the extrinsic
calibration improves the USBL position accuracy by about 30%.
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From the experiments performed, it becomes clear that extrinsic calibration leads to a considerable
improvement of the DVL and USBL trajectories. However, since the extrinsic parameters are not the
only source of uncertainty, the calibrated trajectories obtained from those sensors alone do not meet the
PNA requirements. For that, a multisensory data fusion technique is required, as it allows the
combination of complementary data provided by multiple sensors to reach a high accuracy solution.

6.2.3 Data Fusion
The data fusion approach combines measurements by multiple sensors with the objective of improving
robustness and accuracy. The current solution is based on the Extended Kalman Filter (EKF), a Bayesian
nonlinear estimator that recursively estimates a set of Gaussian states by performing prediction and
update steps. In the prediction step, states and uncertainty are propagated, based on the state transition
model, the expected model uncertainty and the input controls given to the system. In the update stage,
an observation model, relating sensor measurements with system states, is used to compute state
corrections and so reduce the estimate uncertainty. The set of states subjected to estimation includes the
vehicle position [𝑥, 𝑦, 𝑧] and velocity [𝑣𝑥 , 𝑣𝑦 , 𝑣𝑧 ], both defined in the in the NED reference frame, plus
the accelerometer bias [𝑏𝑥 , 𝑏𝑦 , 𝑏𝑧 ] in the body frame:
𝑥̂ = [𝑥, 𝑦, 𝑧, 𝑣𝑥 , 𝑣𝑦 , 𝑣𝑧 , 𝑏𝑥 , 𝑏𝑦 , 𝑏𝑧 ]

𝑇

(4)

Equation 3: Data Fusion

Following the diagram from Figure 13, the process starts with the initialization stage, in which the initial
state values and corresponding uncertainties are defined. After initialization, the EKF enters the
predict/update cycle, performing prediction based on the accelerometer and AHRS measurements, and
correcting the predicted state based on the remaining sensors. Additionally, the measurements entering
the update stage are first subjected to a data association layer, where the measurement consistency is
verified against the current predicted state, using the validation gate method based on the Mahalanobis
distance. Inconsistent measurements are discarded from the update process.
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Figure 13: Functional architecture of Data Fusion module.

6.2.3.1 Initialization

The initialization of the filter states is performed with the vehicle stationary. This allows the
determination of the accelerometer bias states and the determination of the vehicle position by any
positioning method, including GNSS, iUSBL or SBL. Since the vehicle is static, the initial velocities are
set to 0. The initial covariance consists on a diagonal matrix reflecting the uncertainty of each state.
6.2.3.2 Predict

The state transition model predicts the vehicle velocity and position states by integration of acceleration
measurements obtained by the accelerometers. However, measurements provided by accelerometers are
defined in body reference frame, so attitude information from the AHRS, in the form of a rotation matrix
is necessary to transform the acceleration vector to the navigation frame. Once in the navigation frame,
the acceleration measurements are compensated to remove the Earth’s gravity component.
6.2.3.3 Update

In the update step, direct state observation derived from iUSBL, DVL, SBL, GNSS and pressure sensor,
are used to correct the predicted estimates. Those observations are weighted by the EKF mechanism in
order to achieve the optimal state corrections.
6.2.3.4 Results

The data fusion technique was evaluated on the Bejanca dataset for a trajectory of 722 meters and
duration of 10 minutes. The state prediction was executed as defined earlier, based on measurements
coming from the accelerometers and the AHRS. USBL, DVL and pressure sensor measurements were
used to correct the states in the update stage of the EKF. Results of the estimation process are presented
in Figure 14.
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Figure 14: Comparison of trajectory obtained by ground truth and the proposed localization system.

Figure 14 demonstrates that, despite the frequent losses of USBL positioning and the intermittent DVL
behaviour, the data fusion technique provides a trajectory close to the ground truth. It is important to
remember that these tests were performed with the existing sensors, and not the selected sensors for the
VAMOS project, whose characteristics target better the environment of the mine. The data fusion
method can easily adapt to incorporate more sources of information, allowing considerable
improvements to be achieved by incorporating additional sensors, including SBL, and mounting the
USBL in the inverted configuration.

7 Continuous-time SLAM
In order create a consistent 3D map of the mine from imperfect measurements we apply simultaneous
localization and mapping (SLAM) techniques. For processing sonar data recorded from a moving
platform, we need a continuous-time SLAM solution, also called semi-rigid SLAM. The employed
algorithm is adopted from a different mobile mapping context1. We make no rigidity assumptions, except
for the computation of the point correspondences. We also require no explicit motion model of the
vehicle. The continuous-time SLAM for trajectory optimization works in the full 6 DoF. The algorithm
requires no high-level feature computation, i.e., we require only the 3D points themselves.
We tested the approach on a bathymetric survey that was carried out at the Bejanca mine site near Queirã
village in Portugal. The submerged mine exhibits water depths of up to 27 m and a size of 125 m × 90
m. The dataset was recorded with INESC’s autonomous surface vehicle (ASV) ROAZ equipped with a
multi-beam sonar and GPS/INS navigation system. Some errors are introduced in the multi-beam survey
due to inaccuracies of the vehicle motion data and calibration errors. The ASV took multiple passes of

1

Jan Elseberg, Dorit Borrmann, and Andreas Nüchter. Algorithmic Solutions for Computing Precise Maximum Likelihood
3D Point Clouds from Mobile Laser Scanning Platforms, Remote Sensing. 5(11), 5871-5906, 2013.
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the mine with some overlap between individual laps, which can be exploited to compute an improved
solution using SLAM.
To demonstrate the continuous-time SLAM algorithm (Figure 15) shows results on a trajectory with
significant drift of multiple metres. In this specific case the GPS signal was lost temporarily during data
acquisition, which explains the large trajectory errors. Figure 15 (a,b) depict the initial GPS/INS
trajectory as a black dashed line and the optimized trajectory as a red continuous line. The x/y-plane is
aligned parallel to the water surface. We can see that SLAM converges to a solution that puts the sensor
poses closer to a planar motion as expected for a surface vehicle. Please note that the algorithm does not
impose any movement constraints or rely on a vehicle motion model. Cross sections of the resulting
point cloud are displayed in Figure 15(c,d). We can clearly see misalignment between multiple passes
of the multibeam sonar in the initial result shown in Figure 15 (c). Point measurements line up well using
the improved trajectory estimate based on continuous-time SLAM visualized in Figure 15 (d).

Figure 15: Initial (black dashed line) and optimized (red line) trajectory (a,b), and cross sections of the point clouds created using
the initial GPS/INS (c) and optimized trajectory (d).

However, data captured with a good GPS/INS result can also be further improved using the proposed
techniques as depicted in Figure 16. Figure 16(a) shows the resulting point cloud using the GPS/INS
trajectory while Figure 16 (b) shows the result using the optimized trajectory from continuous-time
SLAM. The color encodes the depth. Especially at the bottom of the mine it is visible that the multibeam measurements are more consistent in the optimized results. This can be seen more clearly in the
cross sections of the point clouds presented in Figure 16 (c) and Figure 16 (d).
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Figure 16: Initial (a) and optimized (b) 3D point cloud, and a cross section of initial (c) and optimized (d) point cloud
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