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Abstract—This paper proposes a close-range relative navigation method based on computer vision where an autonomous
underwater vehicle (AUV) estimates its relative position to a
marker made lights arranged in a determined geometric disposition which can be attached to another AUV for trajectory
tracking tasks. The vision algorithm segments sources of light to
detect candidates which can be a part of the marker used by
this method, those light candidates are filtered so the lights that
belong to the marker can be recognized among other sources of
light or reflections on the surface. The estimation is done with a
calibrated monocular camera, using the known distance between
each pair of lights and the field of view of the camera. In order
to confirm the effectiveness of the developed vision algorithm,
a set of experimental results are conducted in a BlueRov 2
underwater vehicle, where in a control ground station the vision
algorithm is implemented as well as a a Super-Twisting sliding
mode controller.
Index Terms—Vision algorithm, underwater vehicles, relative
navigation

I. I NTRODUCTION
Recently, the use of underwater vehicles is increasing due
to the ability to perform underwater tasks, for example inspection, exploration, and sampling, among others. One of the
main problems in the operation of underwater vehicles is to
obtain its position relative to an inertial frame or a point of
interest, which is difficult due to the conditions present in the
aquatic environment. Since Global Positioning System (GPS)
cannot be used in submarine localization, different approaches
have been proposed [1], [2], mostly using acoustic positioning
for mid-range position estimation and optical positioning for
short-range as it allows for orientation estimation as well [3],
[4]. One common application for optical positioning in AUVs
is for docking in an underwater charging station to extend the
operation time of a the AUVs [5], [6]. Other commonly used
application for optical tracking of a leader vehicle in multi-
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agent navigation [7], [8]. The visual conditions in underwater
environments can hamper the effectiveness of visual recognition with a monocular camera, light beacons are a common
workaround for having a robust performance in such environments as they are easily detectable in low-light conditions and
are more effective in turbid waters, as the turbid particles can
reflect the white lights from the AUV [9]. In the other hand,
most of the systems presented are limited to carrying out indepth work with no disturbances such as external lights, so in
this work, external light sources as sun rays are considered, in
addition, to facilitate the implementation, only we place lights
on both vehicles and points of interest.
In this paper we propose an algorithm that estimate the
relative position and velocity of the AUV [10], so it can be
used as an inertial reference system for making tracking tests.
The main contributions are listed below
•

•

The tracking can be done without the need of acoustic positioning which can be expensive and since the proposed
markers can be attached to different structures they can
be used to test different relative navigation scenarios.
Another novelty of this proposal is that in daylight and
high lighting conditions it can detect the light markers
that are a part of the tracking system and filter out other
sources of light that could be mistaken by a conventional
algorithm.

The manuscript is organized as follows. The vision algorithm used to identify the light markers and to estimate the
relative position of the vehicle is presented in Section II. In
Section III we introduce the dynamic model and the Super
Twisting control law for the BlueROV2 that was used to test
the implement the vision algorithm. The experimental results
are presented in Section IV section. The first experiment
presented in this paper is for regulation tasks in a fixed point.
The second experiment was a trajectory tracking. Finally, the
conclusion and future work is presented in Section V.

II. C OMPUTER V ISION A LGORITHM
In this paper, for the marker that will be detected with the
computer vision algorithm, we used five LED lights arranged
at a determined disposition and attached them to another AUV
as seen in the Fig. 1. The LEDs are labeled by letter for aiding
the identification process. The distance between each of the
light pairs is designated as di where i = 1, ..., 6 indicates a
pair of lights in the marker.

The algorithm was developed to run on the the ground
station using ROS and QGroundControl for communicating
the AUV to the ground station, Gstreamer to obtain the raw
image stream from the monocular camera and OpenCV to
process the image. The video was streamed at a 800x600
resolution and 25 FPS to ease the image processing done
in the ground station. The development of the algorithm and
the positioning tests were carried out first on land using an
optical rail to validate the estimation and then the underwater
positioning tests were performed at ENSTA Bretagne LabSTICC’s test pool and at UMI LAFMIA’s test pool. During the
development, different lighting conditions were simulated by
adjusting the camera sensor’s aperture to test that the algorithm
was effective in low and high lighting underwater conditions.
The mains steps of the vision algorithm developed for the
position estimation are presented in Algorithm 1.
Algorithm 1 Position estimation algorithm
1:

Fig. 1: LED marker attached to a OctoSub AUV. The marker
consists of 5 LEDs designated as A, B, C, D, E from left to
right.
The estimation of the distance L from the camera to the
marker coordinate systems can be done using a single pair
of lights i as a reference since the real length between the
lights is known, but for having redundancy in the estimation,
the algorithm is calculating the distance using every detected
pair of lights and then averaging the estimates, a more detailed
description of the process is shown in the Algorithm 1.
In Fig. 2, we can observe a diagram showing the position of
the camera coordinate system relative to the inertial coordinate
system is presented. The camera coordinate system has its
origin at the center Oc of the monocular camera onboard the
BlueROV2 and the inertial reference system has its origin Oo
at the center of the main enclosure of the OctoSub AUV. For
the relative position estimation, the two coordinate systems are
considered to be parallel to each other and the orientation of
the BlueROV2 is the same o that of the OctoSub AUV.

2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:

while not rospy is shutdown() do
Video stream capture
Read current frame
for frame do
Distortion correction
HSV Color-Space conversion
Segmentation
Contour detection
for contour in contours do
Filtering
Color detection
Candidate lights storage
for light in lights do
Geometric disposition check
Distance calculation
Coordinates estimation
ROS publishing

In the following subsections, each step of the vision algorithm developed are detailed.
A. Video stream capture
For this algorithm, the OpenCV Python library was used
extensively. For processing the image, the stream is captured
using a Python script that uses Gstreamer to obtain the raw
image that is being sent via UDP by the companion computer
onboard the AUV. A standard Gstreamer multisink pipeline
was used since the raw image was low-definition from source
and all the image processing was done on the ground station
using a GPU and the stream could be received in multiple
sources. In this case, the stream is received on QGroundontrol
as well as on a ROS Node in different ports declared on the
pipeline.

Fig. 2: The camera coordinate system which has its origin
on the camera’s focal point and the LED marker’s coordinate
system which has its origin at the center of the OctoSub
vehicle.

B. Read current frame
The frame emitted from GStreamer is read for processing
it with OpenCV functions. If no frame is available, the rest of

the loop is skipped until one is. In the Fig. 3, the raw image
is shown.

Fig. 5: White light segmentation

Fig. 3: Raw image obtained from the monocular camera
onboard the BlueROV2

C. HSV Color-Space Conversion
A conversion to HSV color-space is performed on the frame
to aid in a color-based segmentation that will be done to detect
the lights and their color. Fig. 4 shows the frame in HSV colorspace.

F. Filtering
The contours passed through several filters in the following
order:
•
•

•

Area limit filter: with a minimum and maximum threshold
based on the range of light sizes detected in land tests.
Shape filter: to filter non circular contours using a percentage threshold on the ratio between the minimum
enclosing circle area traced from the center of the contour
and the area of the contour.
Noise filter: to filter sporadic lights appearing on the
frame, the previous positions of the detected contours are
stored in an array so drastic changes of position from a
frame to another are filtered.

G. Color detection

Fig. 4: Frame in HSV color-space
D. Segmentation
A mask that segments high intensity white color is applied
to the HSV frame for detecting the lights. Due to the water
wavelength absorption, the center of each LED in the frame
is perceived as white in the frame. Fig. 5 shows the white
light segmentation in the frame. The same mask is used for
the segmentation at different lighting conditions.

A color mask of each of the RGB colors is applied to
the HSV color-space frame, subsequently, a circular mask of
a determined radius is applied at the center of each of the
contours separately, the purpose of this is to calculate the
number of ’on’ pixels (1 value in binary) that concur in both
the circular mask and each of RGB masks. The highest number
of pixels of the three operations indicates the predominant
RGB color in the neighboring region of the contour. In this
line a final filter is used to remove all the contours that don’t
have any RGB predominant color in their neighborhood. Fig.
6 shows the masks used to detecting the predominant color in
the neighboring area of the contours.
H. Candidate light storage
The contours that passed all the filters are stored in an array
as candidates to being a light from the marker. The data stored
are the coordinates in the frame and the detected color for each
candidate light.

E. Contour detection

I. Geometric disposition check

A detect contours algorithm from OpenCV is used to
detect the contours in the binarized image, those contours are
candidates to be a light that is part of the marker that will
latter be filtered to ensure that it belongs to the system.

Based on the color of each of the candidate lights, light
pairs are formed to search the marker pairs. The Blue an Red
lights are used as a reference to look for the AB, BD, BC, CD
and DE pairs. Taking into account the geometrical disposition

(a) Red color mask

calculated simultaneously and used to get an average of all
the estimations as shown in Eq. 1 where L(CO) is the average
distance calculated using each pair of lights i = 1, ..., n.
Pn
li
(CO)
(1)
L
= i
n
For calculating the distance liCO we used the following equation:
f ∗ di ∗ ki
(CO)
li
=
(2)
s

(b) Green color
mask

(c) Blue
mask

where f is the focal length of the camera obtained during the
calibration process, s is the height of the CCD/CMOS sensor
of the camera which was given by the manufacturer, di is the
known length between the pair i and ki is the scale factor given
by the ratio of pixel length of the pair of lights measured in
the frame and the size of the frame.

color

Fig. 6: Masks to detect the predominant RGB color in the
vicinity of a detected contour
constraints (Blue at the left of the Right light, Green lights
above the Red and Blue lights, etc.) in the physical marker, the
lights that form the pairs that satisfy each of those constraints
are stored in a fixed n = 5 sized array to use for the estimation.
Fig. 7 shows the detected marker in frame traced with yellow
lines. The figure also displays all the detected lights to show
the algorithm capability of identify which lights are a part
of the marker even at the surface level where the reflection
mirrors the lights.

K. Coordinate estimation
Using the distance between the origin of the marker system
and the origin of the camera system L(CO) we can triangulate
the relative coordinates using the angles between the two
frames: α(C) which is traced in the (X − Y )C plane and β (C)
which is traced in the (X − Z)C plane. Eq. 3 and Eq. 4 show
the formula to obtain those angles, where px and py are the
distance in pixels from the center of the frame to the center
of the detected marker, cx and cy are the coordinates of the
center of the frame and F OVx and F OVy are the horizontal
and vertical field of view in degrees.
α(C) = (px ) ∗

F OVx
2 ∗ cx

(3)

β (C) = (py ) ∗

F OVy
2 ∗ cy

(4)

Having these angles and the euclidean distance between the
frames, we obtain the coordinates using trigonometric functions:

Fig. 7: Detected marker in the frame

x(C) = cos(α(C) ) ∗ L(CO)

(5)

y (C) = sin(α(C) ) ∗ L(CO)

(6)

z (C) = cos(β (C) ) ∗ L(CO)

(7)

Fig. 8 shows the real time relative position estimation on a
low-light environment, this

J. Distance calculation

L. ROS Publishing

Since the camera is calibrated and the length of each pair of
lights in the marker is known, the distance between the origin
of the marker system O0 and the origin of the camera system
C0 can be easily calculated using the scale of the object in
the frame. For giving the proposed algorithm more robustness,
the distance between each pair of lights and the camera is

The estimated positions and velocities are published in a
ROS Node for using them in a separate script for controlling
the BlueROV2. The velocities are obtained with a simple
derivative using a fixed publishing rate in ROS and then
are filtered using a first order filter for obtaining a smoother
measurement.

IV. E XPERIMENTAL R ESULTS
A. Platform description
The experiments were carried out using a BlueROV2 standard configuration from Blue Robotics. The camera onboard
of the BlueROV2 is based on the Sony IMX322 sensor with
a height of s = 8.75[mm]. The standard configuration of the
BlueROV2 has 4-DOF, which were controlled using the super
twisting controller described on Section III. For controlling the
position of the AUV the vision system was used as a reference
frame and for controlling the yaw orientation of the vehicle,
the onboard IMU was used.
Fig. 8: Relative position estimation on a low-light environment

III. M ATHEMATICAL MODELING AND CONTROL
The mathematical model for underwater vehicles has been
broadly developed by the methodology proposed by Fossen
[11]. For the Bluerov2 vehicle, if the yaw angle is controlled
at zero (ψ = 0, ψ̇ = 0), the simplified longitudinal and lateral
dynamic, represented in the inertial frame, are given by
Xu ẋ + Xu|u| ẋ|ẋ|
1
−
X,
Xu̇ − m
Xu̇ − m
Yv ẏ + Yν|ν| ẏ|ẏ|
1
ÿ =
−
Y
Yv̇ − m
Yv̇ − m

Fig. 9: The BlueROV2 tracking the marker attached to the
OctoSub during the tests

ẍ =

(8)
B. Fixed point experiment

where x and y denote the vehicle’s position in the X and Y
axes of the the inertial frame, m is the mass of the vehicle. Xu ,
Xu| u| , Xu̇ , Yu , Yu| u| and Yu̇ are hydrodynamic parameters
given by the vehicle shape and the aggregate mass. A more
detailed derivation of equation (8) can be founded in [12].
The equation (8) can be expressed in a second-order representation given by
χ̇1i =χ2i ,
χ̇2i =fi (χ1i , χ2i ) + gi (χ1i , χ2i ) ui + ξi (χ1i , χ2i , t), i = x, y
(9)

The first experiment aims to test the stability of the
BlueROV2 controlled by super twisting controller while positioning itself using the vision algorithm. The test was performed at three different XY coordinates to test the algorithm at different angles. The first test shown in Fig. 10
had the reference position at (xref = −2.5, yref = 0).
The second test shown in Fig. 11 had the reference position
at (xref = −2.5, yref = −0.5). The final test for this
experiment shown in Fig. 12 had the reference position at
(xref = −2.5, yref = 0.5).

where fi = 0 and

0.5

1
gi


Z
−βi ėi + k1i |si |1/2 sign (si ) − k2i
0

t



where the sliding surface is defined as si = ėi + βi ei . The
tracking errors are given as: ei = χ1i − χ1id and ėi = χ2i −
χ̇1id , where χ1id denotes the desired trajectory. The stability
analysis for the super-twisting control given by equation (10)
can be consulted in [13]
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system (9) the control law is given as
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Xu ẋ + Xu|u| ẋ|ẋ|
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Fig. 10: The position of the BlueROV2 in the first experiment
using the coordinates (-2.5,0) as a reference point
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Fig. 13: Trajectory tracking of the BlueROV2 using a super
twisting controller and the vision algorithm for estimating its
relative position to the marker
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Fig. 12: The position of the BlueROV2 in the first experiment
using the coordinates (-2.5,0.5) as a reference point

C. Trajectory tracking experiment
The second experiment was a trajectory tracking test to
evaluate the BlueROV2 capability of following a trajectory
successfully while positioning itself using the vision algorithm.
The test is shown in Fig. 13.
V. C ONCLUSIONS AND FUTURE WORK
The experiments carried out in this work show proof of the
capability of the AUV of not only positioning itself on real
time using the vision algorithm proposed, but also to perform
a trajectory tracking successfully using the estimated relative
position obtained by the vision algorithm. This method of
position estimation can be used in a variety of works, for
example for testing other control algorithms or performing
decentralized multi-agent tracking. The algorithm can be further improved by adding a camera pose estimation as well as a
marker pose estimation so it can remove the current limitations
of the algorithm.
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