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Abstract— We propose and analyze a pipeline to transform
raw sonar data from underwater vehicles into actionable infor-
mation for Simultaneous Localization and Mapping (SLAM)
in real time. The pipeline encompasses three sequential steps,
each building upon state-of-the-art algorithms from the existing
literature: swath processing to preprocess the raw sonar data,
with a primary focus on eliminating blind zones and noise re-
duction; transformation of these swaths into probabilistic maps
of the surroundings of the sonar; and finally, detection and
classification of underwater landmarks from the probabilistic
maps.

Our work contributes by modifying algorithms from the
literature to ensure computational efficiency and integrating
them so that they operate in sequence, thereby furnishing
valuable information for navigation purposes.

Through validation with field data, we then discuss which
scenarios may prove difficult for the individual stages of the
proposed pipeline. We provide indications on whether each step
may encounter challenges and discuss how this occurrence may
affect the overall quality of the final result. This empirical
discussion is useful for discerning the practical applicability
of the proposed pipeline in real-world settings.

Index Terms— Marine Robotics, Autonomous Vehicle Navi-
gation, Mapping

I. INTRODUCTION

Navigation for underwater vehicles is often poised by
problems in obtaining accurate global position measure-
ments. One may use long and ultra-short baseline (LBL,
USBL) measurements, but these require dedicated hardware
and installations. Another strategy is to use simultaneous
localization and mapping (SLAM), i.e., build global rep-
resentations of the environment through local observations
[1]. Such local observations may be salient landmarks in the
mapped environment, usable for example to construct sparse
global representations of the surroundings. The accuracy
such landmark-based SLAM algorithms depends though on
the robustness of the landmark detectors at their heart.
And since visual SLAM, i.e. SLAM using a camera, is
easily affected by both poor visibility and lighting conditions
underwater, another solution may be to use side scan sonars
(SSS). These are usable in the context of SLAM due to their
wide coverage area, relatively high resolution, and relatively
low price [2], [3].

An SSS emits an acoustic pulse and measures the
backscattered intensity from the surrounding environment.
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SSS systems mounted on AUVs typically consist of two
transducers transmitting perpendicularly to the forward di-
rection of the AUV, with a narrow beam in the along-travel
direction and a wide one in the plane normal to the travel
direction. Each pulse from the sonar effectively measures a
swath of the seabed but is affected by the so-called blind zone
(a low-intensity background noise found in the bins with the
smallest slant ranges and due to the beam traveling the water
column, causing no or little backscatter to the transducers).

Even though one may detect landmarks in individual SSS
swaths, it may be better to do so in reconstructed 2D images
where recorded swaths are stacked together to form so-called
waterfall images. Here, landmarks typically correspond to
low-intensity shadows or high-intensity echoes [3]–[5].

Recent SLAM strategies improve this detection step by us-
ing semantic information, especially to simplify the process
of matching previous and current detections [1], [6], [7].

This paper contributes to this field by presenting a seman-
tic landmark detection pipeline for side-scan sonar that does
swath processing, builds 2D cartesian maps of the processed
swaths, and performs semantic shadow landmark detection
on the generated maps.

The paper starts with presenting related work in Section
II. Next, it presents the 3 parts of the proposed pipeline
in Section III, Section IV and Section V. Finally, results
and discussion are presented in Section VI, and conclusions
presented in Section VII.

II. RELATED WORK

A. Swath processing

The three operations typically performed when processing
side-scan sonar swaths are: Removing blind zones from the
raw data; normalizing the intensity of the swaths, to remove
range-dependent anomalies, and; correcting the slant ranges,
to transform their value from being equally spaced in the
slant range to the corresponding one relative to the ground
ranges. These operations can be performed single-swath-wise
or in batch. In this paper, blind-zone removal and intensity
normalization are performed swath-wise, whereas the slant
range correction is omitted and rather performed as a part of
the batch-wise map generation.

Starting with the blind zone, this can be found either by
using geometrical considerations, or by analyzing the swaths
directly. Both methods seek to find the first bottom return
(FBR) of the SSS ping to remove the earlier returns, as
these only contain background noise. In [8], a threshold
together with a canny edge detector is used to find the
FBR, whereas [9], [10] utilize machine learning for detecting
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Fig. 1: A waterfall image from blind-zone removed, intensity
normalized, slant range corrected swaths. The shades of
brown represent the reflectivity (numbers between 0 and 1)
of the seabed with respect to the transducer, meaning that
perturbations from the assumed flat seabed, such as rocks or
holes, will be the main contributor to variations in color.

the FBR. However, if an accurate estimate of the vehicle’s
altitude is available, the FBR can be found by geometrical
considerations [11], which is the method utilized in this
paper. Specifically, we utilize the measured altitude from the
Doppler Velocity Log (DVL), which is accurate assuming
that an accurate estimate of the sound speed is used.

Intensity normalization seeks to recover the reflectance
map of the seabed from the recorded bins. Assuming that
the measured swath consists of a luminance map L(rs) and
a reflectance map R(rs), where rs is the slant range, the
measured swath is I(rs) = L(rs) · R(rs). We can then
estimate the luminance map by L̂(rs), before estimating

the reflectance map by R̂(rs) =
I(rs)

L̂(rs)
. Estimating the

luminance map L can be performed in different ways. For
instance, [12] models the seabed as a Lambertian surface and
tests the Lambertian cosine law against a Lambertian cos2

law (with [13] doing the same against a sec Lambertian law).
[14] tests different filters, such as a smoothing filter and a
bilateral filter, to estimate L, whereas [15] utilizes smoothing
cubic splines.

B. Map generation

The traditional way of reconstructing an image from the
recorded swaths is to stack them one after another into
waterfall images, as shown in Fig. 1. However, the quality
of raw waterfall images depends on the vehicle navigating
with constant speed, altitude, and attitude. This means that
the produced images may contain frequent anomalies, and
large portions of the data may even need to be discarded.

To generate more reliable maps from the SSS swaths one
may start with generating a 2.5D map of the seabed by
estimating its bathymetry, as in [16], [17], using shadows
in the swaths to estimate this bathymetry, or as in [18],
[19], using machine learning to do this estimation, or as
in [17], using shape-from-shading techniques instead. All
these approaches require computationally expensive steps,
which in turn may prevent being able to implement real-time
SLAM.

Another simpler solution is to map each recorded bin to
their corresponding position on the seabed, constructing a

2D intensity map of the seabed. In general, such methods
consist of three main steps. First, the AUV state estimation
is utilized to determine the exact position on the seabed of
each recorded bin (assuming a flat seafloor). Second, some
type of interpolation or filtering is needed to determine the
cell intensity of the map in a situation where several bins
map to the same cell. Third, interpolation or filtering is also
needed to fill the residual visual gaps in the map between
the swaths where no bin covers the cells. [20] presents a
kNN-based method that generates each map cell based on
its k nearest bins if there is a bin closer than a distance
threshold to each cell. In [11], a probabilistic sensor model
is utilized to generate a probabilistic 2D map. This method
does however suffer from large computational cost, making
it challenging to deploy in a real-time system.

C. Landmark detection

Landmark detection, in the context of sparse landmark-
based SLAM, is the process of detecting salient and distinct
environment features. One key aspect is that the landmarks
have to be reliably recognized. In addition, new research in
SLAM utilizes landmark detectors that are able to estimate
the semantic class of the landmarks.

Traditionally, landmark detectors such as SIFT [21], SURF
[22], and ORB [23] have been utilized for visual SLAM. In
[3], a combination of SIFT and FAST [24] corner features
are used to find key points in a SLAM solution. On the
other hand, in [4], SIFT and a Harrison detector are found
to generate too many false positives, and a landmark detector
based on intensity thresholding and geometric filtering is
used instead. Intensity thresholding does unfortunately suffer
from being challenging in a field context, where the acoustic
properties of both the seabed and surrounding water may
vary. Additionally, such thresholds are often dependent on
the AUV altitude.

Shadows and sometimes echoes are commonly used land-
marks in side-scan sonar maps. Such landmarks typically
stem from elevated or lowered objects on the seabed, where
an elevated object is recognized by an echo followed by a
shadow, and the opposite for a lowered object.

In [4], shadow landmarks are detected in waterfall images
using a low-intensity threshold followed by a set of geomet-
rical filtering rules. [5] uses a high-intensity threshold, a low-
intensity threshold, and a convolution filter to find landmarks
in waterfall images. [2] utilizes a high-intensity threshold but
also uses a template-matching detector and a low-intensity
threshold in combination with a template-matching detector.
In [25], a landmark detector uses a boosted cascade of Haar-
like features that are tested against a combination of low
and high-intensity thresholds to detect metallic objects on
the seabed.

Machine learning has also been utilized to detect land-
marks in the form of lowered or elevated objects on the
seabed. In [26], a detector is trained to detect boulders in
waterfall images, and in [10], a semantic detector is trained
to distinguish between seafloor anomalies and rocks on the
seafloor. [27] uses a CNN to segment individual swaths,
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which are then stitched together into complete images. While
this has the obvious drawback that additional steps must be
taken to detect the location of each segmented landmark,
such a step is reasonably trivial to perform.

Common to most existing works on Landmark detection is
that the detection is performed on waterfall images. This usu-
ally precludes data collected during turning or abrupt changes
to the vehicle’s attitude, as the landmarks represented in the
waterfall images will be severely distorted. In order to utilize
data collected under abrupt attitude changes for landmark
detection, landmark detection algorithms should instead be
run on data mapped to the corresponding seabed locations.

III. SWATH PROCESSING

The first step towards obtaining a 2D reflectance map
of the seabed involves processing the raw sonar data, by
computing the location of each bin on the seabed, as well as
transforming the measured swath (received signal strength)
into a reflectance map, as mentioned in Sec. II.

The proposed pipeline performs blind-zone removal, in-
tensity normalization of the raw swaths, and incorporates
slant range correction into the map generation algorithm
rather than performing this as a separate step. The blind-zone
removal step performs a pure geometric blind-zone removal,
as in [11], but does include roll correction of the blind-zone.
To do so, it first finds the slant range corresponding to the
first bottom return for the starboard transducer as

rfbr =
hstb

sin
(
ϕ+ β +

αv

2

) , (1)

where hstb is the altitude of the starboard transducer, ϕ is the
roll angle of the AUV, β is the mounting angle from the body
y-axis of the AUV, and αv is the vertical sensor opening of
the sonar (see Fig. 2). Note that for finding the slant range of
the port transducer’s first bottom return, the sign of the roll
angle ϕ is flipped. All bins with a slant range shorter than
the first bottom return slant range are then considered the
blind zone and removed from the measurement. Finally, we
perform intensity normalization via smoothing cubic splines
as in [15] and on the bins remaining after blind-zone removal
with a chosen smoothing parameter p.

Fig. 2: A schematic representation of the geometry of the
starboard transducer. The roll ϕ affects the transducer height
hstb, the slant range rS , the ground range rg , and the first
bottom return range rfbr.

IV. COMPUTATIONALLY EFFICIENT PROBABILISTIC 2D
MAP GENERATION

The proposed probabilistic map generation algorithm
builds on [11], bringing through algorithmic improvements
to significantly improve computational time and incorporate
slant range correction steps. The algorithm creates maps that
consist of square map cells q, with four corners qi, with sides
equal to the map resolution δm, and with origin defined as
M0 (see Fig. 3).

The map generator models each swath with a determin-
istic slant range rs and non-deterministic azimuth angle θ.
For simplicity, we assume a Gaussian distribution centered
around the acoustic axis of the sonar with a standard devia-
tion equal to half of the horizontal transducer opening

p(θ) =
1

αh

2

√
2π

exp

{
−1

2

(
θ

(αh

2 )

)2
}

(2)

leading to a probability of measurement m observing a cell
q equal to

Pm(q) =

∫ θmax

θmin

p(θ)dθ, (3)

where θmin and θmax are the minimum and maximum
observation angles of the cell q by measurement m, as shown
in Fig. 3.

Let S be the set of all measurements m that should be
used to generate a map M , Q the set of all cells q in the
map M , and Qm the set of all cells q that has a probability
of being observed by measurement m larger than ϵ, i.e.,

Qm = {q ∈ Q|Pm(q) ≥ ϵ}. (4)

To find the resulting intensity of the cells in Qm, we propose
to first linearly interpolate the measured intensity Im in
measurement m to each of the corners of the cells so that
the resulting intensity is the mean of intensity of the four
corners, i.e.,

V m(q) =
1

4

3∑
i=0

(
w1I

m

(⌈
rms,i
δs

⌉)
+ w2I

m

(⌊
rms,i
δs

⌋))
,

(5)
where δs is the slant range resolution of the measurements,
w1 =

rms,i
δs
−
⌊
rms,i
δs

⌋
, and w2 = 1 − w1. rms,i is the slant

range for the ith corner of cell q for measurement m. This
step differs from [11] in that it directly uses the slant range
for interpolating, making it possible to skip the slant-range
correction of the swaths.

To find the resulting intensity of a cell q, all the cell
intensities from each of the measurements are weighted by
their probability of observation and combined in

V (q) =
∑
m∈S

{
0, q /∈ Qm

Pm(q)V m(q), q ∈ Qm.
(6)

Furthermore, P (q) is used as a normalization term where

P (q) =
∑
m∈S

{
0, q /∈ Qm

Pm(q), q ∈ Qm,
(7)
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such that the final intensity if cell q in the map M is given
by

M(q) = P (q)−1V (q). (8)

The final step of the map generator is to fill the visual
gaps that can be extrapolated from the already generated
map. Only cells where one of the measurements m ∈ S has
observed it with a slant range shorter than the sonar range and
longer than the slant range of the blind zone are considered.
To do this, we use a k-NearestNeigbhour method, where the
mean of the k nearest neighbors inside a range threshold of
each candidate cell is used as the extrapolated intensity.

To make the algorithm more computationally efficient, we
find the cells in Qm by a flood-fill method to minimize the
number of cells in Q that must be examined. This is done
by starting the flood-fill from a cell known to be observed
in the left portion of the swath and one in the right portion
of the swath. The flood fill stops when no new neighboring
cells are left to check if they belong in Qm.

An example of a map generated through the proposed
algorithm is shown in Fig. 4. Note that since the outer loop
iterates over swaths, we reduce the number of calculations of
the observation angles of a cell by realizing that neighboring
cells share corners; hence, the observation angles will remain
the same for these.

Algorithm 1 Probabilistic map generation

Input: S,M0, δm
Output: M

1: M,V, P ← ∅

2: for m ∈ S do
3: K ← GETINITIALCELLS(m, M0, δm)
4: while q ← pop(K) do
5: if q ∈ Qm then
6: V (q)← V (q) + Pm(q)V m(q)
7: P (q)← P (q) + Pm(q)
8: K ← K∪ GETFOURCONNECTEDCELLS(q)
9: end if

10: end while
11: end for

12: for q ∈ Q do
13: M(q)← P (q)−1V (q)
14: end for

15: M ← KNNFILL(M )

V. SEMANTIC SHADOW LANDMARK DETECTION WITH
HEIGHT ESTIMATION

Rather than simply detecting features by their shadows, we
aim to use the structure of the signal to determine whether
the landmark observed is a hole in the seabed or a rise (e.g.,
a rock or mound of sediment). This detector executes four
main steps: 1) find landmark candidates by intensity thresh-
olding; 2) filter these candidates based on their geometric
properties; 3) classify the remaining candidates; 4) estimate

M0 𝛿m
𝛿m q0

q2q3

y
x

θmax θmin

rg,min

rg,max

αh

q1

Fig. 3: The figure shows an AUV from above, how its
starboard transducer maps to the seabed, and the definitions
used when generating cartesian maps using the probabilistic
map generation algorithms. Remade from [11].
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Fig. 4: The figure shows a map generated using the proposed
map generation algorithm. A map resolution of δm = 0.1m
and a probability threshold of ϵ = 0.1 was used. As in Fig.
1, the colors represent the reflectance w.r.t. the AUV on a
per-swath basis.

the height of each candidate. This process is conducted on
maps generated from batches of 100 swaths. An overlap of
50% is used between two consecutive batches to prevent
skipping partially observed landmarks.

In more detail, step 1 above applies a low- and high-
intensity threshold, ti,l ti,h, on the map, generating two sets
of landmark candidates Ll and Lh. The reason for using
two different thresholds is to improve the robustness of the
detector.

Step 2 geometrically filters the candidates based on their
area Al using a min and max area threshold tA,l tA,h and
the amount of the square bounding box surrounding the
landmark covered by the actual landmark ρbb using a min
threshold tρbb

, reducing the number of landmark candidates
in Ll and Lh. The resulting landmark candidates Lc are
found by taking the intersection of the landmarks in Ll and
Lh. Here, two landmarks are considered the same if they
share at least one map cell.

In step 3, the semantic class of the remaining landmark
candidates is estimated by finding the order of the echo and
shadow in the map. This is done by utilizing non-linear least

11725



TABLE I: The tuning parameters used to generate the results
in this paper.

Parameter Value
p 6.0 · 10−6

δm 0.1m
ϵ 0.1
ti,l 0.96
ti,h 0.98
tA,l 0.4m2

tA,h 10.0m2

tρbb 0.15
σlc 10.0
th 0.15m

squares to fit a Gaussian derivative to several swaths that
have observed the landmark and determine the order of echo
and shadow by an ensemble score based on the sign of the
fitted Gaussian derivative. For this, half of the swaths that
have observed the landmarks are used, where the first and
last quarters of swaths (sorted by measurement time) are not
considered. In addition, if the number of swaths is even, one
extra of the middle swaths is added to ensure a decision
by the ensemble score. The function fitting is conducted
only on the part of the swath containing the landmark and a
distance before and after equal to twice the slant range of the
landmark. Furthermore, this part of the swath is smoothed
using a Gaussian filter with a standard deviation of σlc to
improve performance. For the function fitting, the function
used is defined as

f(x) =
a√
2πc3

(x− b) exp

{
−(x− b)2

2c2

}
+ d, (9)

where a, b, c and d are parameters to be fitted. The order of
the shadow and echo is determined by the sign of a, where
a < 0 indicates an echo before a shadow, i.e., an elevated
landmark. As the result of the function fitting is sensitive to
the initialization, the function fitting is performed one time
initialized with a negative a and one time with a positive
one. The vote is given if both result in the same sign of a;
if not, the result with the smallest sum of squared errors is
chosen.

Lastly, in step 4, the height of the landmark candidates is
estimated using geometrical consideration on the minimum
and maximum slant range of the image before a final height
filtering of the landmarks is performed to find the resulting
landmarks using a minimum height threshold th. In the case
of an elevated landmark, the landmark position is chosen
as the smallest ground range of the landmark center. For
lowered landmarks, the furthest ground range of the center
is used.

VI. RESULTS AND DISCUSSION

We present the result of tests on real-world data col-
lected with a Light-AUV from the Applied Underwa-
ter Robotics Laboratory at NTNU around the Svalbard
islands and equipped with a dual frequency Deep Vi-
sion side scan sonar, used with a range of 30m and
a nominal frequency of 640 kHz, and comprising a set

TABLE II: Average computation time over 10 runs used
for generating a map of ns swaths, using a map resolution
of δm = 0.1m and with all possible objects possible
preallocated, as would be in real life implementations.

Algorithm ns = 100 ns = 500 ns = 1000
kNN [20] 236ms 596ms 842ms
Original probabilistic [11] 3.92 s 30.9 s 91 s
Ours 67.1ms 322ms 908ms

TABLE III: How often each part of the original map gen-
erator and the proposed one are performed, using a map
resolution of δm = 0.1m and 100 swaths. This results in a
map of 617 · 655 cells with many empty cells.

Algorithm (3) (5) (8)
Orig. probabilistic [11] 404 · 105 248 · 103 404 · 103
Ours 959 · 103 239 · 103 404 · 103

of manually labeled landmarks. The code used can be
found at https://turlab.itk.ntnu.no/turlab/
SSS_slam_landmark_detection.

A. Performance of the probabilistic map generation

We test the proposed algorithm against the original one
in [11] and the kNN-based map generation in [20] via
implementation in the Julia programming language and test
on an Intel i5 CPU with Ubuntu 22. Note that no additional
information was calculated during these tests, and that the
kNN-algorithm filling the visual gaps was used for both
map generators. The results, summarized in Table II, show
how the proposed algorithm is considerably faster than the
original one even when integrating slant range correction
steps.

The proposed map generator was also tested against the
one in [11] on the task of generating a map of 100 swaths in
terms of how many times (3), (5), and (8) were executed. The
results, shown in Table III, highlight a significant difference
in the number of times a cell’s observation probability (3)
was calculated.

B. How well does the pipeline work?

Normalizing swaths using smoothing cubic splines is also
simple but does, in contrast to the blind zone correction,
rely on the data itself. Despite this, it is robust and easy to
tune, as only one tunable parameter exists. However, we have
not verified the effect of actual variations in the intensity
over a large portion of swaths. Note that level but slanted
seabeds across the entire swath may lead to errors in the
reported slant, but this may be potentially beneficial when
performing landmark detection and SLAM, as the landmarks
observation would be less affected by the roll of the AUV
and such seabed inclines.

Fig. 5 shows the overall results of the proposed pipeline
at time steps 1, 8 and 26. The pipeline detects all larger
landmarks and their extent, except in time step 26. We
observe that when the observation angle is the same in time
step 8 and 26, the landmark is classified as a lowered object,

11726



240.00 260.00 280.00

East [m]

−140.00

−160.00

−180.00

−200.00

N
or

th
[m

]

hl = 0.20m
Al = 1.02m2

ρbb = 0.18

hl = 0.23m
Al = 1.87m2

ρbb = 0.39

(a) The landmarks in time step 1.

240.00 260.00 280.00

East [m]

−120.00

−140.00

−160.00

−180.00

N
or

th
[m

]

hl = −0.73m
Al = 4.25m2

ρbb = 0.15

(b) The landmarks in time step 8.
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(c) The landmarks in time step 26.

Fig. 5: The figure displays the same landmark detected over three distinct time steps. The black ”x” marks the current
landmark, and the green ones are the other two landmarks. The path of the LAUV is displayed in grey.
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Fig. 6: The entire map with all detected landmarks up to time
step 26. The two red ‘x‘ displays the two new landmarks.
The path of the LAUV is displayed in grey.

but with a different viewpoint in time step 1, it is classified
as an elevated object.

The detectors capabilities in detecting the landmark’s bor-
der, choosing suitable slant ranges to estimate the landmark’s
height, and detecting the same landmark from different
observation angles and ranges, are more brittle (e.g., as in
Fig. 5c, where one part of the landmark is missed due to the
low dynamical range of the image).

The landmark classification then works for elevated land-
marks, but due to an unbalanced dataset, it is difficult
to assess the classification’s performance on other types
of landmarks. In any case, as shown in Fig. 5, different
observation angles and ranges greatly affect how the same
landmark is detected.

Fig. 6 visualizes the map estimated by the proposed
pipeline up to time step 26. Here, all the detected landmarks
are highlighted, thus also the landmarks shown in Fig. 5
(around the red ”x’s”). Fig. 6 shows how the drift of the

TABLE IV: Positive annotations (P), false positives (FP),
false negatives (FN), and true positives (TP) for the used
dataset.

P TP FP FN
Dataset 1 183 129 34 54

state estimation influences the estimated position of the
same landmark over different time steps - an example of
how semantic information may aid in reducing navigation
uncertainty.

C. Quantative results

Table IV shows that the landmark detector correctly iden-
tifies a substantial amount of manually annotated landmarks.
In more details it works best on clear round, elevated, or
lowered objects, and struggles to fully detect the whole extent
of the landmark the farther we move from this working
condition. Two distinct landmarks close to each other can
also be wrongfully detected as one, andlandmarks in the
far range are also challenging to detect due to a lower
dynamical range in the far bins. In this situation the detector
may hallucinate in the presence of sand ripples. In addition,
landmarks could be wrongly detected when the LAUV had an
acoustic transmission with the surface vessel, as the acoustic
transmission affected the SSS measurement.

As for the landmark classification performance, the nor-
malized confusion matrix in Table V shows a good perfor-
mance in classifying elevated objects, and a poor one in
classifying lowered objects. The classifier inherits the same
struggles of the detector, with landmarks not round or nicely
defined and in the far range being the most difficult case.
We note that for these cases also manual labelling is actually
difficult.

VII. CONCLUSION

The proposed pipeline is shown to reliably identify and
classify landmarks when close to the sonar. The blind zone
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TABLE V: Confusion matrix of the semantic landmark
classifier, on a dataset with 121 elevated landmarks and 8
lowered ones.

Ground thruth
Elevated Lowered

Predicted Elevated 0.760 0.625
Lowered 0.240 0.375

remover is simple and robust as it does not directly rely on
the sonar data and does not require tuning.

The swath normalization is robust and easy to tune, as only
one tunable parameter exists. We do however note that we
have not verified the effect actual variations in the intensity
over a large portion of a swaths. The map generator is robust
and produces usable maps at a computational cost that is
compatible with real-time computing requirements, thanks
to the impact of the proposed algorithmic improvements on
the overall computation complexity. Overall, the landmark
detector delivers good performance in detecting landmarks.

The pipeline thus provides complete information usable
in semantic SLAM, e.g., estimating the height and class of
the landmarks. The pipeline seems to have good detection
performance in ”easy” cases, but requires further work to
improve its performance and robustness otherwise. Despite
this, the pipeline in any case lays the groundwork for a robust
and accurate landmark detection pipeline and is already
usable to improve navigation performance for underwater
vehicles.
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