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Abstract—We present a method for detecting and tracking
waterborne obstacles from an unmanned surface vehicle (USV)
for the purpose of short-term obstacle avoidance. A stereo camera
system provides a point cloud of the scene in front of the
vehicle. The water surface is estimated by fitting a plane to the
point cloud and outlying points are further processed to find
potential obstacles. We propose a new plane fitting algorithm for
water surface detection that applies a fast approximate semantic
segmentation to filter the point cloud and utilizes an external IMU
reading to constrain the plane orientation. A novel histogram-
like depth appearance model is proposed to keep track of the
identity of the detected obstacles through time and to filter
out false detections, which negatively impact vehicle’s automatic
guidance system. The improved plane fitting algorithm and the
temporal verification using depth fingerprints result in notable
improvement on the challenging MODD?2 dataset, by significantly
reducing the amount of false positive detections. The proposed
method is able to run in real time on board of a small-sized USYV,
which was used to acquire the MODD?2 dataset as well.

Index Terms—unmanned surface vehicle, obstacle avoidance,
3D fingerprint, visual stereo, obstacle tracking

I. INTRODUCTION

S the ground and aerial autonomous robots become more
common, robots that can autonomously navigate the
water surface (unmanned surface vehicles, USV) have also
become an interesting research topic. Because the environment
for such robots is dynamic, the GPS is usually not enough to
ensure safe path planning. Accurate detection, classification
and tracking of nearby obstacles is needed. The performance
of computer vision in the realistic sea conditions is still
insufficient for entirely autonomous operation [1]. Unique cir-
cumstances on the water surface (reflection, waves, mirroring),
as demonstrated by Figure 1 thus require an adaptation of
standard procedures and the development of new methods.
The attractiveness of computer vision methods in marine
environments is manifold. First, small vessels are still piloted
by humans using visual means (e.g. leisure boats, small
fishing boats) which proves the usefulness of vision for marine
navigation. Second, USVs may operate in environments where
human vision offers significant advantages (e.g. close to the
shore, in marinas and small waterways). Third, computer
vision relies on relatively lightweight opto-electrical sensors
(cameras), unlike radar or LIDAR, which require that possibly
heavy equipment (a radome [2] or a LIDAR scanning head [3])
is placed high above water surface, destabilizing the small
USV and introducing high energy demands. Due to high flex-
ibility regarding the choice of optics and camera placement,
computer vision is a very versatile and adaptable means of
observing the USV’s environment. Merely by selecting proper

Fig. 1. [Illustration of imperfections in the point cloud that cause false
positives. Left: one image from the stereo pair. Right: 3D representation of the
point cloud with one true detection (inflatable boat) and one false detection
(on the right side of the image). Reflection on the water surface resulted in a
false match and a group of 3D points appeared above the surface, prominently
enough to be detected as a potential obstacle.

optical and mechanical setup (focal length and the baseline),
a stereo camera system can be adapted to capture data either
in the immediate vicinity of the craft or hundreds of meters
away, as shown by [4].

A. Problem statement

Existing computer vision based obstacle detection ap-
proaches focus on two main modalities:

o Pixel data. Monocular vision [1], [5]-[7] relies on a
gray-scale or RGB image sequence from a single camera.
The key assumption in this approach is that the obstacles
visually differ from the background, and that that they can
be segmented from the background using only the pixel
data, exploiting the visual differences. An example of this
approach is the work on semantic image segmentation by
Kristan et al. [1].

o Depth data. The majority of obstacle detection tech-
niques for outdoor environment rely on depth measure-
ments. LIDAR sensors [3], [8] are the most robust method
of obtaining depth data and widely used in experimental
self-driving vehicles. However, the cost of sensors that
are able to generate reasonably dense data (e.g. hundreds
of horizontal lines at the time) is prohibitive for small
and low-cost USVs. Time-of-flight cameras are robust,
but their range is usually too small (generally under
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10 m, c.f. [9]) and the outdoor performance in all weather
conditions is not assured. Finally, depth data can be
obtained from the calibrated pair of relatively low-cost
cameras, such as in [4]. The performance of such a system
is highly dependent on the presence of textured surfaces
to obtain robust stereo matches.

Both the monocular and the stereo approach have their
advantages and disadvantages. Monocular approaches can-
not distinguish between an image of an obstacle and the
obstacle. However, this becomes less important in water-
borne scenarios, since the visual features of ocean surface
are far easier to model than (for example) urban driving
environment. However, there are still many challenges that are
especially pressing in coastal waters, as shown in [1]. Those
are mainly related to variation on the water surface due to
variable lighting, reflections and general visual cluttering in
areas such as marinas. Stereo approaches are in theory a good
choice, since the dense point cloud provides all the information
needed for successful obstacle avoidance. However, the depth
data is never error free, and the stereo approaches usually
assume the operation on open sea (no visible shore), while
operation closer to the shore reveals problems both with
unreliable stereo methods and consequently an increasingly
difficult water plane estimation. These problems have not
been sufficiently addressed by the related work and thus the
possibility of using USVs close to shore (where the obstacle
detections and path planning are most crucial) is diminished.

B. Task: short-term obstacle avoidance

The method, presented in this paper, represents sensing
subsystem of short-term obstacle avoidance functionality of
the USV, which is, in turn, part of the more complex automatic
on-board navigation system. Short-term refers to the fact
that the system is tasked with avoiding obstacles that are
in its immediate path (approx 5-10 seconds away), and has
to provide adjustments to the planned trajectory in real time
to avoid collisions, while preserving trajectory smoothness,
which enables precise guidance (e.g. stop-and-go technique is
not an option, unlike in autonomous land vehicles).

For the purpose of the sensing subsystem following simplifi-
cations on obstacle avoidance are made, as shown in Figure 2:
1) Obstacles move slowly relative to the boat with predictable
motion and do not react to USV’s presence. 2) Obstacles
are either fully visible in the area of interest or their partial
visibility allows path planning, which avoids obstacles at their
visible end.

Finally, it should be noted that obstacle avoidance is a
continuous process. The ideal trajectory, as shown in Figure 2
is not necessarily planned from the single viewpoint, but
continuously adjusted and updated as the USV travels through
the obstacle field; this allows for the simplifications described
above: if the obstacle is moving, it will simply affect the
computed trajectory in real time, as its each new position
becomes known.

Higher levels of navigation system are responsible for long-
term path planning and resolving of situations that cannot be
tackled by short-term obstacle avoidance (e.g. an obstacle that
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Fig. 2. [Illustration (definition) of the short-term obstacle avoidance task,
as used in this paper. The area of interest is shown as the shaded triangle.
Initial heading of the USV is shown as the red arrow and the ideal trajectory,
considering the obstacles ”a”, ”b” and ”c” is shown as the dashed line. Note
that the obstacle "a” is directly in the path of the USV, therefore the heading

2,9

needs to be adjusted to pass the obstacle "a” without collision. The obstacle
”c” is only partially visible, but considering the area of interest and the task
of avoiding it, this is irrelevant. For the sake of simplicity, this illustration
assumes that all obstacles are slowly moving and passive (e.g. they will not
adapt their behaviour upon detecting the USV).

has no visible end in sight, adherence to international collision
regulations (COLREGsS), etc.).

The overall aim of our work is a high quality obstacle
detection both from the depth stereo data and the pixel data
and late-stage fusion to provide situational awareness for the
USV. Figure 1 depicts a key problem we address in our work:
the presence of false positives when 3D stereo camera setup is
used in marine environment, which severely degrade the per-
formance of path planning and obstacle avoiding algorithms.

II. RELATED WORK

Although water surface vehicles receive far less attention
than ground and aerial robots, several works have been pub-
lished that deal with automatic obstacle detection on the
water surface. All approaches share several similarities, but
place different emphases depending on the particular task
(following dynamic obstacles, path planning etc.). This section
will present several approaches.

Larson et al. [10], [11] were among the first to apply
the approaches used with ground robots on a waterborne
platform. Their platform uses a NASA JPL stereo system to
acquire depth information. The point cloud is projected onto
an obstacle grid. An additional functionality is the monocular
approach that first detects the horizon and then estimates the
distance to the obstacles under the horizon line by using the
distance from the horizon to the obstacle. This is performed
by using information from nautical charts.

Huntsberger et al. [4] present the Hammerhead system that
uses two pairs of stereo cameras to attain a very large angle of
view. The camera images are used to calculate a point cloud,
then a plane representing the water surface is fitted into the
cloud. The points above the water surface are then projected
into a 2D map which is subsequently temporally and spatially
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filtered, the obstacles are classified and tracked. This system is
by design the most similar to the one presented in this paper.

A group of researchers [5] presented their system for
detection and tracking of obstacles on the water surface. Their
unique approach is using saliency detection in Lab color space
along with Harris corner detector and optical flow which
produce regions of interest. The disparity for each region of
interest is then calculated by using the disparity from the
previous time step with normalized cross-correlation.

The same authors improve their approach in their next pa-
pers [12], [13] by using temporal information when estimating
the depth of an obstacle and using RANSAC to calculate
the water surface plane from a subsampled point cloud.
The points above the plane are projected into two separate
maps, the occupancy grid and the height grid. Both maps
are later merged and hexahedrons (cubes) that determine the
obstacles are calculated. The detected obstacles are projected
into the 2D coordinate system of the left image to simplify
the experimental evaluation.

An even further improvement was proposed in [14] by
using tracking between neighboring frames. The detected
obstacles were tracked in between neighboring frames to
find consistent objects. The comparison was performed using
the size, location and HSV histogram of the detections. The
authors also proposed an image feature based particle filter to
handle potential occlusions of tracked objects. This includes a
transition model (for coordinate and scale change prediction)
and an observation model (HSV and SIFT histograms). The
particle filter takes over when the data association fails and
stops if/when the obstacle is redetected.

Sinisterra et al. [6], [15] reversed the standard order of
actions by first using HSV color segmentation to acquire
regions of interest and then calculating their depth using a
stereo system. An extended Kalman filter was then used to
track the detected objects and estimate their velocity.

Kristan et al. [1] performed a semantic image segmentation
using Markov random fields. Their visual model includes weak
priors for segmenting the image into the sky, the coast and the
sea. The segmentation is then iteratively improved. Regions
that violate the visual model are presumed to represent obsta-
cles on the water surface. The approach was further improved
in [7] by employing IMU data to modify hyperpriors for the
semantic segmentation and additional filtering and validation
of the monocular obstacle detections by using both images of
the stereo system. They also prepared a fully annotated stereo
dataset (MODD?2) and made it available for public use.

Cho et al. [16] used the FAST corner detector and the
information about the horizon to detect obstacles. The detected
points were clustered based on the Euclidean distance and
the relative distance to the camera was calculated using the
distance to the horizon. To attain a wider camera viewing angle
they used a panning module.

Halterman et al. [3] have evaluated LIDAR as a method for
detection of obstacles in the vicinity of the boat. They used a
Velodyne HDL-64E LIDAR, providing 64 separate lasers that
cover an angle of 360°. Because laser sensors typically do not
return on the water surface, they could be used to detect and
classify obstacles up to 100m away.

Lately, approaches have also emerged that use convolutional
neural networks to detect and classify obstacles in images [17],
[18].

Asvadi et al. [19] present their method for obstacle detection
with 3D LIDAR mounted on a car combined with GPS/IMU
data. Their approach uses piecewise RANSAC plane fitting
and temporal point cloud matching to extract the static and
dynamic obstacles.

An approach to visual tracking was proposed by Fefi-
latyev et al. in [20]. Their method performs segmentation on
color images, then tracks the output regions with a Multiple-
Hypothesis Tracking framework. The linear Kalman filter is
used to manage each hypothesis and predict the motion of the
tracked object.

The most closely related work to ours is the Hammerhead
system [4], which uses stereo cameras and water plane esti-
mation to detect obstacles. However, our proposed extensions
to that basic concept allow for far better results of obstacle
detection. The IMU data allows us to find the water surface
plane faster and more reliably, especially in difficult conditions
(either in cluttered environments close to the coast or in case
of very calm water).

The depth fingerprint features used in our proposed method
were previously described by our work in [21], where we
presented a concept used in part of the proposed tracking
pipeline.

III. OUR APPROACH

For operation in real world environment, waterborne ob-
stacles such as buoys, other boats and swimmers have to
be detected in order to compute safe path planning for the
USV. An accurate estimate of the distance to the obstacle
is also required. However, our practical experience indicates
that the biggest problem are the false positives. They have an
extremely degrading effect on the overall USV performance
— they trigger unnecessary emergency stops and adversely
affect path planning. The guidance of the USV in straight line
becomes extremely difficult in case of false positives, due to
interplay between hull dynamics and the low-level propulsion
control algorithm.

Implementation-wise, a stereo camera system is used for the
analysis of the boat’s surroundings. It allows for calculation
of the disparity, and by extension, the 3D point cloud of the
area in front of the boat. The point cloud is then processed
and clusters of points above the surface are identified. The
schematics of our approach are shown in Figure 3. As an
additional safety measure, the USV is equipped with ultra-
sound proximity sensor, which initiates emergency stop in
case an undetected obstacle (false negative) has appeared in
close proximity in front of the USV. This way, it can prevent
a damage to both the USV and the obstacle, as long as we
operate in the environments, where obstacles are large enough
to trigger ultrasound sensor (e.g. marina). The presence of
the proximity sensor is significant for the constraints of our
approach: we do not need to reach zero false negative rate,
but it has to be as small as possible — activation of proximity
sensor is still a major event which disrupts the guidance of
the boat.
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Fig. 3. The processing pipeline of our system. The information is gathered from the stereo camera system and the IMU unit. Then, obstacles are detected
and projected to 2D bounding boxes. Temporal verification (tracking) is then performed to filter false detections.

Fig. 4. Coordinate system of our USV. Angles ¢, ¥ and v denote roll, pitch
and yaw, respectively.

Our contributions are: a plane fitting algorithm for water
surface detection that is robust to difficult conditions where
the point cloud contains few point on the water surface.
Such conditions occur when the boat is in the harbor or
close to the shore or alternatively, when the water is too
calm to provide the necessary texture for the stereo method
to work. Additionally, we propose a novel histogram-like
depth appearance feature that helps with identifying the same
obstacles between neighboring frames and allows discarding
non-consistent detections (false positives). Both contributions
significantly improve the performance of our USV system,
and are computationally inexpensive so as to enable real-time
operation.

A. Obstacle detection

To estimate the water surface with a 3D plane, we use
RANSAC [22]. Following is an overview of the model pa-
rameters and estimation procedure. The coordinate system and
direction of angles with respect to the boat hull are shown in
Figure 4.

Let II be a 3D plane with parameters a, b, ¢ and d. All
3D points that are part of the plane satisfy the equation ax +
by + cz + d = 0. In each iteration of RANSAC, three random
non-collinear 3D points [p1, p2, P3] are chosen from the point
cloud C and used for the construction of a possible solution

plane. The parameters of the plane II are thus determined as
follows:

Vi=DP2—P1

V2 =P3—P1

n=vy X vy (D
d=—pin

II=n1x +noy +ngz +d.

First, the plane normal 1 is calculated (its elements equal
parameters a, b and c), then one of the chosen points is used
to define the remaining free parameter d. The quality of a
solution is determined by the fraction of all the points in the
cloud C that lie on the plane (i.e. § < €). The distance § of a
point q = [71,y1,21]" to the plane IT is calculated as

_ary+byi ez

Va2 + 02+

The procedure of selecting and evaluating new solutions is

repeated until a sufficiently good plane estimate is acquired.

If a time limit is imposed (or after a specified number of

iterations), the best solution up to this point is returned as the
water surface estimate.

In our use case, RANSAC can encounter problems in two
ways. When in harbor or looking towards the coast, the
fraction of outlying points (i.e. points not lying on the water
surface) might exceed the fraction of points on the water. This
causes massive errors in plane estimation unless additional,
complementary information is used. Another case is very
calm water, which does not contain enough texture for the
stereo method to work (c.f. Figure 5). This results in a very
low number of points in the cloud and can make the plane
estimation unreliable. In such cases, the naive use of RANSAC
can be improved by using problem specific knowledge. We
describe our improvements in the following sections.

1) Using IMU data: Our first improvement is integration
of externally measured pitch and roll in the plane estimation.
The space of possible solutions for the plane parameters is
significantly reduced by ignoring the solutions that are outside
reasonable limits of the actual USV (e.g. excessive roll or

2
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Fig. 5. Problems with plane fitting in case of few points on the water surface.
Left: left camera image, top right: RANSAC plane estimation, bottom right:
plane estimation with IMU information.

pitch). Additionally, if RANSAC fails to converge, a rough
estimate of the water surface can be obtained using solely
IMU data.

First we derive the equation for plane estimation directly
from IMU measurements. This is achieved by defining two
standard 3 x 3 rotation matrices R;(p) and R, (¥) and
multiplying an upwards pointing normal vector n = [0,0, 1] "
by them as follows:

n' = R, (p)R;(9)n. 3)

The elements of n’ = [n;,n9,n3]" then equal parameters a,
b and c of the plane Il = ax + by + cz+d = 0. The remaining
parameter d is set to the camera’s height above the IMU sensor
(estimated during calibration).

If we wish to use IMU data to limit the space of possible
solutions checked by RANSAC, we also need to derive the in-
verse formulation (i.e. how to extract roll and pitch angles from
a plane equation defined by three points). When we perform
multiplication of the rotation matrices (R, (¢) and R, (%))
with the normal vector we get the following expression:

, cos¥ Osin9 ||1 O 0 0 cos
n = 0 1 0 0 cosp —sing 0| = | —sinpcos?

—sin? 0 cos ¢ 0 singp cosep 1 cos pcos?
4)
The roll angle ¢ can then be derived as follows:
b —sinpcos?¥d  —sin —b
-= 1 = wz—tangpﬁwztan_l—.
c cos pcost cos ¢ c

4)
Pitch angle ¥ can be derived in a similar manner:
a sin ¢

1
- = = tand — ¥ = tan
¢ cospcostd  cosyp

_1 GaCOSP

(6)

This additional information is integrated into RANSAC after
the random sampling and before the inlier calculation. By
using the IMU data to obtain a rough estimate of the water
surface, the plane candidates whose roll or pitch (¢ and ¥
respectively) are beyond reasonable limits can be discarded
immediately and no further inlier checking is required. If
no adequate (i.e. one with a high enough fraction of inliers)
solution is obtained by RANSAC, the plane can be estimated
directly from the IMU readings.

2) Using semantic segmentation: RANSAC-based plane
estimation becomes highly unstable in environments that do
not contain enough points lying on the water surface. This
can occur either in very cluttered environments such as the
harbor (c.f. left column of Figure 6) or if the sea is very calm
(c.f. upper right of Figure 5). Either a suboptimal solution
is found (if we impose hard limit on the execution time), or
the estimation would take too long for real-time operation.
To address this issue, we apply a fast approximate semantic
segmentation [7] to estimate the sea edge and detect obstacles
on the water. The result of the segmentation is a mask that
denotes the pixels belonging to the water surface. We use the
left image of the stereo system as input for the segmentation
algorithm. The resulting information is used to limit the point
cloud used for sea surface estimation. Let B be the water
region mask where the pixel B; has a value of 1 if it belongs
to the water and value O otherwise. Let the available points at a
certain time be represented by an array C = {¢; };—1.as where
¢i = [x4,Yi, 2i, Ui, v;] is a vector of the 3D point coordinates
and corresponding image coordinates in the left image. We
define a subset of the point cloud C by

ci€CeBy,, =1;i=1:M (7)

The new point cloud only includes points that likely lie on the
water surface. Since C contains significantly less outliers, the
convergence speed of the RANSAC algorithm is substantially
improved (c.f. V-B). This also improves the quality of the
plane estimation and by extension, the obstacle detection.
In the remainder of the paper, the standard RANSAC plane
estimation (e.g. as used in [13]) and RANSAC plane esti-
mation using segmentation information will be referred to as
Er and Eg respectively. Estimating the plane directly from
IMU measurements will be denoted with E;. The effect of
segmentation on the contents of the point cloud is depicted in

Fig. 6. Illustration of the use of semantic image segmentation. First row:
left camera image without and with the segmentation mask (black pixels are
non-water). Second row: respective point clouds. A reduction in sea surface
outliers and a reduction in overall number of points can be observed.

3) Obstacle detection: After a water surface estimate is
obtained, the points for which § > ¢ holds are considered
to lie above the water surface, and are denoted as Capove.-
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Ciecabove@5i>5§i:1:M' (8)

All other points are discarded, as they are certainly not
part of any obstacles. Parameter ¢ determines the minimal
height of obstacles we are trying to detect, and, conversely, the
maximum height of the waves our system is able to ignore.
Note that the used values for all parameters are specified in
Table I. Then, the algorithm proceeds as follows.

o A three-dimensional histogram HP of 3D point positions
in front of the USV is defined. It covers the range
from Tmin O Tmaz, Ymin to Ymazx and Zmin 10 Zmaz-
Histogram bins h% , . are cubes with dimensions Az =
Ay = Az.

o The set of points Capove is scanned and histogram H?P
is filled, based on point positions. Note that from this
point on, HP actually represents point density and can be
processed as any other discrete three-dimensional image.

o The 3D convolution operation with 3 x 3 x 3 box kernel
(containing all ones) is run on Hy to smooth the noise
and mitigate the effect of spurious detections.

o A threshold T} is applied to histogram HP, generating
binary occupancy map HP using the following rule:

b _ { 1 hE., . >Th ©)
TY,2 0 otherwise.
Most of the cells of H? are set to 0; those who are not,
represent possible fragments of the objects to be detected.
o The connected components ( [23]) are then extracted,
representing the obstacle candidates. Their main axes are
determined using PCA.

The rotation of an obstacle is available to the USV’s low
level control algorithm, however, for the purpose of evaluation,
we define a single obstacle as o = [0, 0.], where o, =
[z, ¢y, c.] " is the center of the obstacle and o, = [e,, ey, e.]’”
are the width, height and depth of the obstacle.

B. Depth fingerprint

In order to establish consistent positions of detected obsta-
cles, we need to be able to connect those that represent the
same physical object. To this end, we propose a histogram-
like depth feature descriptor (that we call a depth fingerprint)
for appearance verification. It employs the depth information
gained from the point cloud to extract the depth distribution
of points that comprise an obstacle. The approach is bears a
slight resemblance to [24], but it does not use clustering and
does not require imposing a limit on the number of obstacles.

The purpose of the depth fingerprint is twofold: it serves
as a descriptive feature that allows us to confidently make the
connections between separate detections of the same obstacle
in different frames. Secondly, false detections on water may
appear in roughly the same location, but their depth fingerprint
is typically inconsistent, which makes it easy to detect and
discard them.

To enable the extraction of depth information, the obstacle
detector has to be modified to store the entire set of 3D
points o, that make up each obstacle instead of just the

.|I|...wm.|
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Fig. 7. Illustration of depth fingerprinting. Left: inflatable boat with the boat
operator visible, right: a buoy at the entrance to the Port of Koper. Inlaid are
the closeups of the cropped point cloud of the detected obstacles. Reddish
hues represent distant points, while the yellow ones represent the closer ones.
Depth fingerprints - the relative object depth histograms of the obstacles are
shown in the upper right corners.

position and extent of the obstacle as described in III-A3.
Since we focus only on the local depth distribution, the mean
of the points positions y(o,) is subtracted from each point.
A 1D histogram is then calculated from the depth of the
points comprising each obstacle (z axis in the coordinate
system of the USV). Since the size of the depth fingerprint is
independent of the obstacle size, comparisons between objects
of different sizes are possible. Examples of detected obstacles
and their respective depth fingerprints are shown in Figure 7.
As the features are only used to compare detected objects in
consecutive frames, long-term stability is not required. The
same holds for scale invariance, since the size is not expected
to vary significantly between neighboring frames. In fact, the
objects with large scale variation in such short time interval
should not be matched — it is very likely the case of two
different but similarly shaped objects being observed.

C. Temporal consistency verification

The point cloud recovered from the stereo system is locally
sparse. Regions that are connected in the real world might
break into smaller obstacles during the obstacle detection. On
many occasions, false stereo matches occur due to repeated
vertical structures such as multiple boat masts in the marina,
as seen in Figure 11. Finally, the surface of the water may
cause false positives as well (c.f. Figure 1). These are pressing
problems, since they distort the true location of an obstacle
and deteriorate path planning. To filter out these inconsisten-
cies, temporal consistency verification must be included, to
track only objects that are consistently appearing in multiple
sequential frames.

We propose a tracking-by-detection algorithm that connects
consistently detected obstacles between sequential frames. To
track the detections between sequential frames, we need to
connect ones representing the same object as well as detect
non-matched objects and newly seen ones. Let D; and D; be
two sets of detected obstacles. The Hungarian method [25]
is used to calculate the most probable matches between the
sets. The method requires a matrix of distances between the
elements of both sets. The distances are calculated using a
cost function that returns the cost of assigning one object to
another.

The tracking algorithm uses two global lists of obstacles.
The list T} contains currently tracked obstacles and P, contains
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consistently appearing but not yet confirmed obstacles. For
each available frame F; the detected obstacles are represented
by the list D;. To achieve tracking, consistently appearing ob-
stacles must be recognized and connected between neighbor-
ing frames and false detections must be ignored. The proposed
algorithm is not limited by a fixed number of obstacles but
tracks all detections that appear consistently enough.

When an obstacle is first detected, it is added to P;. If it is
continuously assigned an existing object in P; for the next NV
frames, it is moved to 1;. If not, it is removed from F;. If an
obstacle in 7; is not detected in frame Fj, it is not immediately
discarded. Instead, its lost counter is incremented and only if
it remains unassigned for M sequential frames it is considered
lost and removed from 7;. This prevents tracked objects from
being prematurely discarded due to short periods of missing
detections (due to occlusion or stereo method errors). Elements
of D, that were not assigned to either an element from 7; or
an element from P, are considered new potential obstacles and
are added to P;.

For the algorithm to return relevant results, a suitable
cost function for the assignment must be chosen. A naive
approach would be to use the Euclidean distance and try
to match detections that are close together. However, this
discards information about the shape of the obstacle and can
cause problems when a false detection ( c.f. Figure 1) appears
consistently.

To determine whether two detections are of the same object,
we use a combination of Euclidean distance (L? norm) and
depth fingerprint similarity (calculated as Hellinger distance).
The probability of a new detection x being equal to a known
object detection o is defined as follows:

7>‘||x6706H2C7H(Xf’0f)
s

p(xlo) =e (10)

where first factor denotes the probability of spatial consis-
tency, and the second one the probability of visual consistency.
A is the parameter of the exponential distribution and affects
the relative influence of the both factors. The Euclidean
norm is calculated from the centers of mass x. and o. and
the depth fingerprint similarity H(x,0) is calculated from
the obstacles’ respective depth fingerprints x; and oy. The
Hellinger distance H(p,q) is defined as:

k

> (B - V),

i=1

H(p,q) = \%

where p and ¢ are depth fingerprints and % is the number of
histogram bins.

Finally, the logarithm of Eq. (10), log(p(x|o)) is used as a
cost function for identity assignment. This way, our approach
includes both geometrical (spatial) constraints (e.g. object in
the next frame should be close to its previously detected
position) and quasi-visual similarity constraint (e.g. object in
the next frame should be similar to its previous detection).

(1)

D. Obstacle defragmentation

The obstacle detection method sometimes fragments large
obstacles (large ships, sailboats, piers) into many 3D obstacles.

&%

Fig. 8. Obstacle detections before and after affinity propagation clustering.
Initial detections are shown in green, while the clustered detections are
represented in blue.

This can happen due to local sparsity of the point cloud
caused by the lighting conditions on the water surface, or
by repeatable structures in the images. When projected back
into the 2D image, these detections can overlap (because of
the projection to 2D image plane) and cause errors. We used
unsupervised clustering to address such problems, specifically
the affinity propagation algorithm [26]. The algorithm clusters
a set of data points based on a distance metric. It detects
representative elements called exemplars and clusters the data
points based on the distance to the nearest exemplar. The
number of exemplars is determined automatically. In our case,
data points are detection bounding boxes and the distance
metric is the negative squared distance between bounding
box centers. After the exemplars are detected, the bounding
box with the largest area in each cluster is kept, others are
discarded. This process immediately follows the detection and
its results are fed into the tracking phase. The result of AP
filtering is shown in Figure 8.

IV. IMPLEMENTATION DETAILS

This chapter contains details regarding the hardware and
software attributes of our USV platform. Section IV-A lists
the sensors present on the USV platform and their properties.
In Section IV-B we provide information on the software
implementation of our system, while Section IV-C details the
concrete parameters values used in our method.

A. Hardware and image acquisition

Our USV (Figure 9) has two cameras of the type Vrmagic
VRmS-14, that are affixed to the main mast, approximately
70cm above the water surface. The distance between the
cameras is 35cm and their resolution 1280x960 pixels. The
cameras use 3.5 mm lenses. A fast bus connects the cameras
with the control unit that ensures the pixel synchronization
of the cameras. USB 2.0 is used to transfer the image data
to the CPU (Intel i7-4770), which allows the capture of 10
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TABLE I

PARAMETERS OF OBSTACLE DETECTION PHASE.

Parameter Value

€ 0.2m

Tmin 1m

Tmaz 19m

Ymax 10m

Zmin —2m

Zmax 2m

Ar=Ay=Az | 0.25m

Ty 20

images per second. These parameters allow a high-quality
point cloud acquisition up to 20 m. The cameras are calibrated
using the OpenCV camera calibration toolbox and a target
pattern with asymmetrical circles. A target of size Im is
required to calibrate the stereo system geometry. Our platform
is additionally equipped with a high-precision GPS receiver
using real-time-kinematics (RTK). This way we are able to
accurately estimate the boat position down to 10 cm. An IMU
unit is also used to provide the roll, pitch and yaw information
of the USV hull.

Fig. 9. Our USV system in the Koper marina.

B. Implementation

The system is implemented in C++ using the OpenCV
library. The point cloud calculation is performed using the
block matching algorithm. In our case, block matching is
an exceptional tradeoff between quality and execution speed.
After tuning, it provides good results for highly differing visual
conditions encountered on the water surface. Other authors
have also preferred block matching to other stereo methods
[13], [27]. A memory buffer is used to reduce the amount of
data copying and enable real-time performance on a desktop-
class CPU (Intel i7-4770), which is used in our USV.

C. Parameters

Parameters of our method were established heuristically, by
running the algorithms on real world data, acquired through
several years and many vehicle missions. The parameters of
the obstacle detection phase are shown in Table 1.

When calculating the assignment cost, we ignored pairs of
detections more than 1m apart, as well as those whose depth
histogram difference scored higher than 0.2 (Hellinger distance

defines lower values as more similar). The buffer size for
promoting potential objects to tracked objects and the number
of frames we wait before declaring a tracked object lost also
needed to be defined. For the purpose of our experiments, at
the frame rate of 10 frames per second, both values were set
to 5. This means that a detection has to be detected five times
before we start tracking it and a tracked object is allowed to be
unassigned for a maximum of five frames before it is removed.

V. EVALUATION

The evaluation was performed in the coordinate system of
the images, which allows comparison with methods that do
not use a calibrated system of cameras. The vertices of the
cuboids that represent obstacles are projected back into the
image and the obstacle is represented by a bounding box.
Ground truth annotations were pre-processed to conform to
our system’s capabilities. Namely, only annotations that are
present in both stereo images were considered as that allows
the disparity computation. Normalized cross-correlation on the
image patches defined by the annotated bounding boxes was
used to estimate the obstacle depth. Since the stereo images
are rectified, the displacement of an obstacle on the x axis
represents the disparity and knowing the stereo system baseline
allows us to calculate the approximate depth of an obstacle.
Then, annotations of obstacles further away than the range of
our system (approx. 19m) were ignored for the purpose of
evaluation. Because the point cloud data is unavailable past a
certain distance from the USV, they cannot be detected. For the
evaluation we followed a protocol similar to the one described
in [1]. A minimum overlap between the ground truth and our
reported detection also has to be defined. We use a value of
0.3. The overlap is calculated as the intersection over union.
We report the following metrics that illustrate the performance
of our approach: the numbers of true positives, false positives
and false negatives, the F-score and the average number of
false positives per sequence frame (aFP). We prepared ten
different versions of the method for evaluating the performance
of our proposed improvements.

o Up. E[

Er

Es

E; + tracking with Euclidean distance
E; + tracking with depth fingerprints
ERr + tracking with Euclidean distance
Es + tracking with Euclidean distance
Er + tracking with depth fingerprints

e vg9: Eg + tracking with depth fingerprints

e v19: v9 + affinity propagation clustering

We performed all experiments by pre-calculating plane esti-
mation and obstacle detection with both versions of RANSAC,
then additionally performing the tracking of detected obstacles.
The plane estimations for different approaches were thus
identical (i.e. all methods that rely on E'r have the same raw
obstacle detections).

o Ug:
o V3!
e Uy.
o Us:
o Ug:
o Ur:
o Ug.

A. Dataset

The MODD?2 dataset (Marine Obstacle Detection Dataset
v2) was used for the evaluation. This dataset was recorded on
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TABLE II
PERFORMANCE OF THE DIFFERENT STAGES OF THE PROPOSED METHOD
ON THE MODD?2 DATASET.

obstacles no obstacles
method TP FP FN  F-score aFP FP aFP
v1 1234 9358 524 0.380 1.025 | 5287  1.493
vy 1270 5455 488 0.544 0.490 250  0.066
v3 1366 5504 392 0.567 0.495 262 0.070
V4 1196 4304 562 0.480 0.463 | 2259  0.609
vs 1161 1200 597 0.635 0.128 492 0.089
Vg 1234 2414 505 0.642 0.234 91 0.023
v7 1342 2285 397 0.671 0.220 94 0.023
vg 1238 986 501 0.707 0.106 35 0.010
Vg 1326 798 413 0.725 0.096 31 0.007
10 1292 477 447 0.744 0.053 31 0.007

precision recall
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Fig. 10. Graph of results for different versions of our method. Outlined bars
indicate depth fingerprint was used in that case.

our platform. It consists of 28 sequences that include images
from both cameras of the stereo system as well as GPS and
IMU data. Obstacles on the water surface and points that define
the horizon have been manually annotated for all images. A
larger part of the proposed algorithm was developed before the
establishment of the dataset so it represents an unrelated test
set. The dataset was released for public use as part of [7].
For the evaluation of our method the dataset was split into
two subsets, based on the presence of detectable objects (i.e.
annotations of objects within the range of our stereo system -
20m).

B. Results
Table II shows the results over all sequences for both
subsets of our dataset. For the sequences with no detectable

The dataset is available for public download at http://www.vicos.si/User:
Borjab

TABLE III
RANSAC CONVERGENCE SPEED.

| W) () 15
Egr 295 0.5040
Es | 125  0.2180

Fig. 11. Example of properly working obstacle tracking (top), and the failure
in the presence of large objects (e.g. piers, large ships, etc. The presented
approach is unable to properly detect the obstacles that are larger than the
stereo system’s field of view. Instead, they become fragmented.

obstacles we only report the number of false positives and
the average of false positives as there cannot be any true
positives or false negatives. For the subset containing obstacles
we report true positives, false positives, false negatives, F-
score and the average number of false positives per frame.
We can observe a large drop in the average number of false
positives when we use the semantic segmentation and depth
fingerprints. This is consistent with our goal to significantly
reduce the number of false positives, as suggested by the USV
operators. A simultaneous increase in the F-score can also
be observed. Because of the improved sea surface estimation,
the average number of false negatives (i.e. annotated obstacles
that were not detected/tracked) is also somewhat reduced. The
improvement in scores stems from two factors: the improved
sea surface estimation provides better obstacle detections and
the use of depth fingerprints improves false positive filtering.
Finally, the affinity propagation clustering additionally filters
out fragments of large obstacles that could normally show up
as false positives but are in fact not. The clear effect of this
can be seen in obstacles such as the sailboat in Figure 8.

Limiting the point cloud solely to points with a high
probability of lying on the water surface has a strong effect on
the speed of convergence of the RANSAC algorithm. Given
the reduced number of outliers, a sufficiently good solution is
found approximately twice as fast than the previous approach
using the whole point cloud. The numbers are shown in
Table III. The first column shows the average number of trials
in the RANSAC algorithm while the second column shows
the average time needed (over all frames of the dataset).

C. Error analysis

The remaining number of false positives and false negatives
warrants some analysis into what could be done to remedy
them in the future. Note that our main goal was to reduce
the number of false positives as they significantly impact the
performance of our system. This is often overlooked metric
in autonomous vehicles. In autonomous driving it affects
the comfort of car occupants, but in autonomous vessels,
it affects the ability of the vessel to operate, as guidance
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systems have difficulty coping with effects of large number
of emergency stops combined with hull hydro dynamics — the
vessel becomes difficult to guide accurately.

It is worth noting, that the proposed method causes the
dramatic fall of false positives as shown in Table II, which
may be the difference between the USV that is still able of
autonomous navigation (albeit with many unnecessary stops)
and the one that cannot navigate at all.

1) False positives: Note that in videos without obsta-
cles, the number of false positives per frame is radically
smaller than in videos with true obstacles. There are two
main contributing factors to this effect. First is the absence
of annotations of coastal features (large piers for example).
Although the USV path during dataset acquisition was not
close to these obstacles, and the observation area in front of
the USV is limited, they still may influence the result — the
false stereo matches on the repeatable features in marina result
in false stereo detection that may appear much closer than
they are in reality. These false detections could be perhaps
handled by inexpensive LIDAR (with small number of beams,
insufficient to reconstruct the scene, but could be used for
verification). The second factor is plane surface estimation,
which is dependent on a large enough number of points lying
on the water surface. The method can thus have problems with
either a very cluttered surroundings (e.g. a harbor) or very
calm water (the water which is visually uniform). Fallback
to IMU reduces the number of these problems, but it is still
possible to find situations (early morning mist for example)
where the inability to find enough corresponding points on
the surface causes frequent invocation of IMU-based plane
estimation, which is less accurate (as shown), and therefore
causes false positives by mis-detection of some points on
the water as obstacles. The partial remedy for that is the
detection of breakdown point (e.g. by evaluation the number
of pixels that have any stereo correspondence calculated) and
subsequent self-declaration of the USV that it is unable to
navigate safely in current conditions.

D. False negatives

Our method reduces the number of false positives by
imposing initial delay in confirming that the clump of stereo
detections is indeed an obstacle. This, on the other hand
produces several frames of ‘missed’ obstacles. While these
delays show up as false negatives, they do not influence safety
(recall that guidance of the USV depends on whole sequence
of observations, not only single frame).

Another reason for false negatives is also the discrepancy
between the size of the annotated ground truth and detections
our system produces. For instance, our system can sometimes
only detect a smaller part of the annotated obstacle and
consequently the IOU is too low, which results in a false
negative, even that the obstacle is detected, but not accurately
enough. This could be dealt with lower IOU in evaluation,
and consequently by large safety margins in guiding the USV
around the obstacles (but then, some narrow passages could
be impossible to solve).

Since the depth of annotations of obstacles is calculated
instead of measured, this can sometimes (due to minute errors

in annotations) lead to incorrect depth estimations. The ground
truth thus may includes obstacles that (due to fixed stereo
baseline) cannot be detected by our system.

There are also a few of other techniques that could further
improve the results. Using monocular approach, one could
pre-train the convolutional neural network (CNN) to detect
the most frequent types of marine obstacles (boats, ships,
sailboars, standard shape buoys, etc.). Our future work will
also deal with fusing these approaches with the proposed
stereo method.

VI. CONCLUSION

We presented a method for detecting obstacles on the water
surface by using stereo data and an algorithm that allows
tracking of consistently detected obstacles. Additionally, we
employed the results of a semantic scene segmentation method
to limit the point cloud used for sea surface estimation. By
reducing the number of outlying points, the convergence speed
of the algorithm is increased by about a factor of 2. The
quality of the sea surface estimation was thus also improved.
We also developed a feature descriptor based on depth data
which is used for matching detections of waterborne obstacles.
Comparison of these features improved the quality of the
temporal tracking of obstacles. We evaluated the method on
the MODD?2 dataset and shown the quantitative improvements
caused by our proposed approach. We showed that our ap-
proach significantly improves the overall quality of tracking
the obstacles, mainly by filtering out false positives while
not significantly impacting the number of missed obstacles. In
further work the problem of detecting large objects (e.g. coast
and piers) will be addressed. Currently these obstacles cannot
be addressed by the short-term obstacle avoidance alone, as
they demand high level reasoning, and, possibly, additional
information (e.g. map). They also violate our assumption of
the water surface as the most dominant part of the point cloud.
This problem is shown in Figure 11 and illustrates the limits
of the presented approach.
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APPENDIX

In Table IV we present separate results for each sequence
of the MODD?2 dataset.
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