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Abstract — Detection and mapping of Posidonia Oceanica (P.0.) meadows
in the Mediterranean sea is crucial to preserve the endemic ecosystems and
to underscore the negative impact of many anthropogenic activities. Fur-
thermore, navigating Autonomous Underwater Vehicles (AUV) in marine en-
vironments where the ground is densely colonized with P.O. is nowadays a
challenging task, since this sea-grass generates dynamic and extremely tex-
tured areas, difficult to match in consecutive or loop-closing images. This
paper presents two important contributions: a) a complete assessment to
characterize areas of P.O. with visual features, in order to obtain visual lo-
calization data as accurate as possible; b) the automatic detection of P.O. in
video sequences grabbed from the Sparus II AUV (Autonomous Underwater
Vehicle) [1] in coastal areas; the images containing the detected sea-grass
are used later to build visual mosaics showing the real extension and form
of the P.O. meadow.

Keywords — Posidonia Oceanica, Visual Localization, Mosaicing Under-
water Environments, Autonomous Underwater Vehicles.

I. INTRODUCTION AND RELATED WORK

P. O. is an endemic sea-grass of the Mediterranean that forms large
meadows. P.O. meadows play an extremely important role in the
maintenance of the subsea ecosystems because they contribute on
the sediment deposition, they attenuate currents and wave energy
and stabilize unconsolidated sediments. They are also directly re-
lated to the abundance of biodiversity being a source of food and
refuge of numerous animal species. Furthermore, recent studies
have demonstrated that P.O. meadows generate and release greats
amounts of oxygen to the water, augmenting its quality and trans-
parency. The state of the P.O. meadows is directly affected by hu-
man activities. Since their extension is, in general, declining, new
strategies are needed to monitor and control benthic habitats, be-
cause their preservation will affect, directly, critical activities for
the tourist and fishing industries. The control of posidonia mead-
ows is typically done using divers, who install certain structures
in the perimeter of the meadow and certain markers in between to
control height and extension. Sometimes, divers are tracked with
acoustic localizers to build a georeferenced survey [1]. However,
this process is slow, tedious, imprecise and limited by the auton-
omy of the scuba tanks. For that reason, and in the context of the
ARSEA national project (TIN2014-58662-R), we propose to visual-
ize, build and characterize 2D models of marine areas (also know as
photo-mosaics) with P.O., using the SPARUS II AUV equipped with
a camera looking downwards and navigating at a constant depth.
These models will be associated to absolute locations and can be
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used, firstly, to measure the extension of the meadow, and after-
wards, to control its state and evolution in time.

Robot autonomous navigation in marine environments with P.O.
using visual sensors becomes an ambitious objective, due to the
slight swaying of the sea-grass and the difficulty to find stable and
trackable features. Mosaicing any kind of environment requires a
robust image characterization to find the relative motion and posi-
tion between overlapping images. But in underwater environments
with P.O. this issue becomes strictly crucial, since the difficulty of
finding, matching and tracking visual keypoints increases consider-
ably with respect to other scenarios in land and water.

Results obtained with different visual key-point detectors and de-
scriptors are different, in terms of computation time and accuracy in
the matching and tracking procedures. Different features can lead
to results with different precision, when computing visual odometry
or visual loop-closure detection in a certain environment. In con-
sequence, the use of those visual key-points that provide the most
accurate localization and navigation data in underwater scenarios
with P.O., is mandatory for the reconstruction of the 2D mosaics
and their maximum reliability.

The literature is very scarce in visual approaches for P.O. auto-
matic visual detection or for navigating underwater vehicles in sce-
narios with the presence of this seagrass. Authors of [2] describe
the construction of photo-mosaics of P.O. meadows, built from im-
ages captured by a diver equipped with an integral system, which
includes a Nikon camera and several sensors to measure the orien-
tation of the camera, the depth, the water pH, oxygen, temperature
and electrical conductivity. In [3], various techniques for texture
segmentation are used to fit a line of a dominant P.O. texture in the
image plane. This fitted line marks the separation between the P.O.
meadow and the rest of the sea bed, and it can be used to guide
an AUV along the boundary of a P.O. meadow. The analysis and
exploitation of multispectral images provided by the satellites can
provide accurate maps of P.O.: for instance, using images provided
by SPOT 5 satellite [4], or, in [5], where 7 different classes of sea
bottom are discriminate from images provided by LandSat 7.

II. VISUAL CHARACTERIZATION OF POSIDONIA
OCEANICA

Vision-based real-time AUV self-localization and navigation in un-
derwater environments with P.O. depends entirely in the capacity of
the visual algorithms to find and track artificial landmarks (i.e. vi-
sual features) for odometry computation, or to register images that
represent a loop-closing when computing visual SLAM [6] or mo-
saicing. Therefore, the success of both processes (feature track-
ing and image registration) applied in these environments will be
strongly conditioned to the use of the appropriate feature detectors
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Fig. 1: Left: Mean of number of inliers in consecutive frames for the best 5 combinations detector/descriptor. Right: Mean of number of outliers.

and descriptors to get the best localization data. On the other hand,
getting reliable and accurate mosaics of the underwater environ-
ment from all the images taken during the trajectory also depends
directly on the quality of the visual key-points used to character-
ize the images. Ten different visual feature detectors (FAST [7],
STAR [8], SIFT [9], SURF [10], ORB [11], BRISK [12], MSER
[13], GFTT [14], Harris [15] and OpenCv Dense [16]) were com-
bined (all with all) with seven different descriptors (SIFT, SURF,
BRIEF [17], BRISK, ORB, FREAK [18] and LDB [19]) and tested
on several video sequences grabbed at 10 fps from the AUV Sparus
II in some coastal areas of Mallorca full of P.O.. The performance
of every combination detector/descriptor has been assessed in two
different kinds of tests:

A) All the combinations detector/descriptor are used to find and
track the visual key-points (so called features) in consecutive images
of the video sequences. Features are matched/tracked using a cross-
matching process with two different matching thresholds (0.7 and
0.8). Then, outliers are filtered out imposing the epipolar constraint
between the set of key-points of both images [20] and using two
different types of iterative algorithms, LmedS [21] (Least Median
of Square regression) and RANSAC [22] (Random Sample Con-
sensus). The combination detector/descriptor that gives the highest
number of inliers will be used to compute the visual odometry. The
more inliers in the matching process across consecutive images, the
more accurate will be the computed camera displacement.

Figure 1 shows, on the left, the mean of the number of inliers per
pair of consecutive images across a sequence grabbed in the coastal
waters of Mallorca, where P.O. is very extended. The mentioned
data is shown for the best 5 combinations (detector/descriptor), that
is, the combinations that generate a largest number of inliers be-
tween consecutive images. OpenCV Dense is the detector that gen-

2

erates the highest and almost constant number of features in all the
images of the sequence. This algorithm establishes keypoints dis-
tributed densely and regularly over the image in a multilayer space
grid, avoiding the need to apply additional bucketing functions to
obtain features spread over the image uniformly. However, these
features lack of any remarkable visual property or characteristic,
which imposes its linkage with a robust descriptor. Figure 1 shows,
on the right, the mean of outliers for the same combinations shown
on the left. Both plots suggest that, being OpenCV Dense the detec-
tor that returns more key-points uniformly located in the image, the
descriptors LDB and BRIEEF, both using a cross matching thresh-
old of 0.8 and RANSAC, are the descriptors that return the highest
number of trackable inliers. Nevertheless, given the high number of
inliers, both combinations will be equally useful for odometry com-
putation. Besides, for these kind of scenarios, FRISK and BRISK
are the descriptors that, being between the best 5, present a worse
performance in the sense that they return the highest number of out-
liers, which means that, some of the features find by the detector are
useless to be tracked/matched. With all that, BRISK with RANSAC
is still a good option since the number of inliers in high enough
(400) to get an adequate homography, and the number of outliers is
very low. Note that, a) all the best descriptors are binary, decreasing
considerably the execution time dedicated to the matching process,
and, b) descriptors such as SIFT, SURF, STAR or FAST have to
be avoided: SURF provides much less number of features, FAST
generates a low number of inliers, and SIFT increases considerably
the detection/matching running time; all these weaknesses lead to
worse results when calculating the camera displacement.

B) The accuracy and reliability in the constructed photomosaics
also depends completely on the performance of the visual feature
detector/descriptor used to characterize the images. 2D photomo-
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saics are build from images of each video sequence using the ap-
proach detailed in [23]. One of the main steps of this algorithm
is the computation of a homography that relates two consecutive
images and images that most likely overlap. Then, when all these
homographies are computed, a process of bundle adjustment is run
in order to recalculate and refine all relative transformations with
respect to a global mosaic frame. A homography matrix is an affine
transform that relates a set of co-planar points viewed from two dif-
ferent images. The homography contains the camera motion (rota-
tion and translation) between the two images. And this motion is
fundamental to obtain an accurate and reliable mosaic. If the height
at which the underwater scene has been grabbed is much greater
than the maximum vertical dimension of the relief of the seabottom,
all visual key-points can be considered coplanar, thus they can be
related via a homography. A homography between two images is
calculated by trying to solve a system of multiple equations that re-
late the visual features from both images, and applying RANSAC
[20]. Homographies reflect a more accurate and reliable motion of
the camera as the robustness and the number of inliers matching be-
tween both overlapping images increases. So, the same combination
of feature detector/descriptor that gives the best results in matching
the inliers for the visual odometry calculation is also used to mosaic
the areas with P.O. imaged using the SPARUS II.

Fig. 2: Mosaic of a marine area with P.O. in the coastal area of Mallorca. Top: build
with LDB features. Bottom: build with BRISK features.

Figure 2 shows 2 different photomosaics of the same marine area.
The one on the top has been performed using the last version of
LDB-32 binary descriptors [24] (which is invariant to in-plane rota-
tions since it incorporates a dominant orientation for every patch and

aligns the patch to this orientation before computing the descriptor).
The mosaic on the bottom of Figure 2 has been build using BRISK
descriptors, which are also, to a significant extent, invariant to ro-
tation and scale changes, as the last version of LDB. Both mosaics
incorporate 447 frames and have been created with the settings that
give a result closer to the reality. The one on the bottom fits better
to the real environment, and the one on the top presents slight errors
in the compositions of the successive images, since the left upper
part showing some algae is partially duplicated. BRISK is inher-
ently more robust to rotation changes than LDB. This increases the
accuracy in the mosaicing process, since it favors the detection of
images that overlap and close a loop, although they have been taken
in different time instants and from different view points. Note how
the partially duplicated area located in the upper-left part of the top
picture is located on the left-bottom in the bottom picture, and it is
not duplicated.

III. AUTOMATIC DETECTION OF P.O.

The automatic detection of P.O. in the images will be useful to, a)
correct dynamically the programmed mission of the AUV, in order
to survey only areas with denser grass, and, b) process the video
sequences directly from an automatic software module to calculate
their extension and evolution. The P.O. is automatically detected
in each image sequence using the approach presented in [25]. The
method is based on Law’s energy filters and statistical descriptors of
the Gray Level Co-occurrence Matrix. A classifier is trained using
a Logistic Model Tree, before its application in a certain environ-
ment. Figure 3 shows, in the bottom row, two images with P.O.
corresponding to the scene mosaiced in Figure 2. The upper row of
Figure 3 shows the detected areas of P.O. represented with super-
imposed gray patches. Patches with darker levels of gray indicate
higher probabilities to contain P.O., and areas with lower levels of
gray indicate less probability.

IV.  CONCLUSIONS AND FUTURE WORK

The study of presence, state and evolution of P.O. grasslands must
be a crucial activity in the way to preserve the marine ecosystems.
Nowadays, this task is done using divers equipped with some tech-
nology to increase their imaging and localization capabilities, but
with the typical limitations of operability time and security inherent
to them. It is also possible, to a certain extent and with important
limitations, to discriminate, in satellite images, the P.O. meadows
present in coastal areas.

We propose the use of a lightweight hovering AUV equipped
with cameras to survey marine areas in order to detect and quan-
tize the presence of this sea-grass. The use of an AUV to perform
this kind of tasks increments the operative time, it releases all the
security measures addressed to humans and increases the sensorial
capabilities of the system.

This paper has presented a robust way to characterize visually
the P.O. in the images. An extensive set of feature detectors and
descriptors has been applied in video sequences with the presence
of P.O. to assess their performance in terms of number of features
and their robustness in the tracking process across consecutive video
frames. The combination that gives better results in terms of num-
ber of matches and number of inliers is later used to create photo-
mosaics of the environment. A larger number of key points with an
increasing robustness leads to a more accurate camera motion cal-
culated between consecutive images, or between images that close
a loop. Experiments on video sequences grabbed in coastal areas
of Mallorca show how the combination of OpenCV Dense features
described according to the last version of the LDB and BRISK ap-
proaches give the best result in terms of number of trackable inliers
for motion calculation and in the later mosaicing process. SIFT and
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Fig. 3: Bottom: Images with P.O.. Top: Images with gray patches indicating areas which most likely contain P.O., super-imposed on the original frame.

SUREF produce less feature inliers with a matching time much longer
than LDB.

Our forthcoming work includes the construction of 2D photomo-
saics with all the images that contain the areas of P.O. automatically
detected with [25], and the automatic calculation of the meadow
extension.
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