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Abstract—This study introduces an approach that utilizes
Lookup Tables (LUT) to enable real-time tracking of an Un-
manned Surface Vehicle (USV) in an indoor setting, using a fish-
eye camera. The proposed method streamlines image processing
and achieves O(1) complexity, significantly reducing application
run time. The paper also outlines the process of calibrating
the fish-eye camera to correct image distortion, computing the
homography matrix for re-projection, and obtaining a virtual
top view of the camera’s field of view. The paper provides a
detailed explanation of the replacement of the undistortion and
re-projection steps with the new LUT method. Experimental
results demonstrate a significant enhancement in the process’s
run time, making it feasible for real-time tracking, regardless
of the image size.

Index Terms—Lookup Table, GPS indoor, SIFT, real-time
tracking, USV pose estimation

I. INTRODUCTION

The work developed within the scope of this paper is part
of the project Sea2Future [1] where the development of an
autonomous surface vehicle, USV-enautica1 [2], is proposed
(see Fig. 1).

Fig. 1: Unmanned Surface Vehicle: USV-enautica1

To evaluate the autonomous driving of the USV, it is
necessary to test it in controlled environments and know
its position and orientation in real-time. In this project, an
indoor pool is used. Indoor localization is a research topic
with many applications, including tracking objects. A well-
known method is the Global Navigation Satellite System
(GNSS), but it is not suitable for indoor environments.
Several alternatives have been proposed, such as infrared,
computational vision, among others [3].

Studies show infrared accuracy is impacted by multi-path
error and the covered distance [4–7]. Ultrasound performance
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is affected by noise interference and environmental condi-
tions [8–10]. Due to the widespread of WLAN infrastructure,
several applications use this technology. This technology has
a low accuracy which must be improved by adding more
routers/access points, increasing its complexity and costs
[11–13]. Laser systems are another alternative, but these sys-
tems can be costly and have more complex implementations
[14, 15]. Imaged-based systems work by using markers [16],
features detection [17], segmentation [18] or through optical
flow analysis [19]. A vision-based technique was preferred
to install the system decoupled from the vessel and at some
distance from the pool. A simple solution was pretended for
fast integration in the USV. Hence, a vision-technique for
accurate real-time indoor tracking with O(1) complexity is
proposed.

II. MATERIALS AND METHODS

A common solution regarding tracking in an indoor envi-
ronment using vision is through the use of a fixed camera.
The methodology consists in calibrating the camera followed
by re-projecting the region of interest [20]. The proposed
method for real-time USV tracking uses image processing
to create a lookup table, to replace the undistortion and re-
projection steps in each frame with direct indexation to obtain
the position (x, y) and orientation (θ) of the vessel (see Fig.
2).

Fig. 2: Replacing undistortion and re-projection steps with a
Lookup Table

A. Setup

The work was conducted in an indoor pool using the USV
with LED markers installed. Two LED are positioned in the
front of the vessel with 1 meter between them while the back
only has one at 1.5 meters from the front markers. These
positions allow detecting the front and back by comparing
the distance between each LED.

A fish-eye camera is also used in order to capture the pool
and vessel (see Fig. 3(b)). The camera is connected to a servo
motor to rotate the camera to the desired position. When the
camera is not used, it is rotated to a protected position.

B. Camera calibration

The project needs a camera with a field of view able to
detect the vessel in the entire pool. To accomplish this, a979-8-3503-0121-2/23/$31.00 ©2023 IEEE
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fixed fish-eye camera was used, connected to a Raspberry Pi
microcontroller (see Fig. 3(a)). This type of lens introduces
distortion to each captured image (see Fig. 3(b)). For accurate
pose estimation, undistorted images are required to obtain
valid measurements.

(a) Raspberry Pi and fish-eye
camera

(b) Pool image acquired by the
setup

Fig. 3: (a) Raspberry Pi and the fish-eye camera used. (b)
Pool obtained with fish-eye camera

The process of finding the camera parameters is known as
camera calibration. Once those parameters are found, they
can be used to remove any distortion a camera might add to
an image [21]. Camera parameters are composed of extrinsic
and intrinsic parameters (Fig. 4).

Fig. 4: Camera extrinsic and intrinsic parameters

The parameters are used to undistort the images (see Fig.
5).

Fig. 5: Fig. 3(b) undistorted

C. Homography transformation

To obtain the undistorted top view of the pool for correct
vessel trajectory, the image plane must undergo homographic
transformation with the plane at the same height as the
vessel markers. To estimate the homography, it is necessary
4 pairs of corresponding points [22]. The four pool corners

satisfy these requirements. The points are then used to
estimate the homographic matrix and are transformed into
the four image corners. This way, the vessel pose estimation
is straightforward.

To correct small errors in the camera position caused by
its rotation, the base image pool corners are registered and
the displacement vector between the base and the current
image is estimated by computing SIFT key-points [23] in
both images and using a matching algorithm. The camera
position suffers small oscillations so feature search is limited
to a small window. False matches are filtered with a Ratio
Test [23]. This test consists of comparing the closest match
with the second closest match. If the difference between these
two matches is not big enough, then they are all discarded,
otherwise, noise might be included.

Fig. 6: Matches after Ratio Test

The average vector is calculated and added to the position
of the base image corner to obtain its position in the current
image.

The four pool corners are the four source points for the
homography transformation while the destination points are
the four corners of the image. The output image can be seen
in Fig. 7.

Fig. 7: Re-projected image

D. Lookup Table

The camera calibration and homography matrix estimation
occur once when the system starts but the undistortion and
re-projection occur for every image in real-time applications.
This can be time-consuming, so a Look-Up Table (LUT)
is created to reduce the runtime by replacing the image
processing steps with an indexing one (Fig. 2).

First, a normalized image is created (see Fig. 8), a colored
image where each pixel is assigned a value between 0 and 1
based on its position in the image. Only two color channels
are required, so the third channel is ignored by assigning it a
value of 1. For the other two channels, each value is based on
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the pixel’s row and column indices. This normalized image
has a resolution of 640 pixels by 480 pixels.

Fig. 8: Normalized image

The undistortion and homography transformations are then
applied to the normalized image, in that order (see Fig. 9).

(a) After applying undistortion (b) After applying homography
transformation

Fig. 9: (a) Result of applying undistortion. (b) Result of
applying homography transformation.

The matrix obtained provides information in order to
build the LUT. Its values represent the coordinates of the
normalized image and so it’s possible to build the LUT based
on the corresponding locations of the initial and final pixel
positions. The LUT is therefore:

LUT (D(i, j)(0), D(i, j)(1)) = N(i, j) (1)

Where D is the matrix obtained after applying the undis-
tortion and reprojection steps, N is the normalized image
and i, j represent each index/position. The N values are
multiplied by the pool dimensions to convert to real world
positions.

As it can be seen in Fig. 10(a), the LUT is missing pixels
but is fixed by applying a Morphological Closing operation
(see Fig. 10(b)).

(a) Incomplete Lookup Table (b) Lookup Table

Fig. 10: (a) Incomplete LUT. (b) Completed LUT

After detecting the vessel LED in the original image,
the LUT is used to obtain the corresponding points in the
undistorted, re-projected image.

E. USV tracking

To detect a vessel in a controlled environment, a simple
and computationally efficient method is to use active markers
(LED) in the vessel. The camera’s sensitivity to light is
adjusted to enhance the LED in the image. Since the LED are
red, the vessel can be detected by highlighting this feature,
by using the Hue plane of the HSV format.

The centroid of each active region is computed and the
LUT applied. The position and orientation can then be
estimated using the obtained points. To do this, the distances
between the markers are compared. The two closest markers
represent the front of the vessel while the remaining one
represents the back. The average between the two front
markers is used to obtain a single point to represent the front
of the vessel. Having the front and the back points of the
vessel, the position (average between both points), and the
orientation of the vessel can be calculated as well. Fig. 11
shows the steps to estimate the vessel’s pose.

Fig. 11: (a) Vessel with LED. (b) LED detected - active re-
gions. (c) Points obtained after applying LUT. (d) Computed
vessel position and orientation

III. EXPERIMENTAL RESULTS

One of the main goals of this paper is to compute the cor-
rect vessel position and orientation for real-time applications,
for example, automatic navigation. To validate the proposed
method, the two approaches, i) image processing algorithms
(regular) and ii) LUT access, are tested and the computation
time is compared. Each method is executed 10 times and the
time it takes is registered. Fig. 12 shows the results, executing
in a Raspberry Pi Zero 2 for different image resolutions.

2023 IEEE International Conference on
Autonomous Robot Systems and Competitions (ICARSC)
Tomar, Portugal – April 26-27, 2023

259
Authorized licensed use limited to: b-on: Instituto Politecnico de Lisboa. Downloaded on July 29,2025 at 12:13:23 UTC from IEEE Xplore.  Restrictions apply. 



Fig. 12: Comparison between regular method steps and
proposed LUT method

The regular approach’s time increases with the image res-
olution and shows an O(n2) complexity. The LUT method’s
time is almost constant independently of the image size
(O(1) complexity). Table I shows the detailed times for both
approaches.

VGA HD FHD 4K

Undistortion 0.1620
±0.0007

0.6153
±0.0046

1.2685
±0.0038

5.0127
±0.0097

Re-projection 0.2496
±0.0004

0.5404
±0.0014

1.1266
±0.0038

4.4036
±0.0373

Undistortion
+Re-projection

0.4116
±0.0011

1.1557
±0.0060

2.3951
±0.0076

9.4163
±0.0470

Proposed
method (LUT)

0.0012
±6.4e-05

0.0012
±0.0001

0.0012
±0.0002

0.0012
±0.0002

TABLE I: Time in seconds for regular method steps and
proposed LUT method

These results prove the proposed LUT method is the best
approach independently of the image size used, achieving an
O(1) complexity.

The camera is not placed on top of the pool. This means
there are fewer pixels to represent the farthest side of the
pool. Applying the undistortion and homography transfor-
mation steps to the normalized image creates an image that
represents the undistorted and re-projected pool. After these
steps, the mm/pixel ratio can be obtained by computing
the distance between each position value. The pool is 25
per 10 meters. A scale in decimeters was chosen so it is
necessary to divide 100 by the calculated distance to convert
to millimeters/pixel, for both axes (see Fig. 13 and 14).

Fig. 13: Horizontal resolution (mm/px)

Fig. 14: Vertical resolution (mm/px)

In Fig. 13, the bottom center is the area with less mm/pixel.
This is the area closer to the camera. The ratio is bigger
in the farthest areas from the camera (in the x axis). The
same analysis can be done for Fig. 14 for the y axis. The
intersection between these two graphs (see Fig.15) allows
us to better understand the best pool areas for the vessel to
navigate.

Fig. 15: Intersection between Fig. 13 and Fig. 14

In the area of a smaller mm/pixel ratio, an error of 1 pixel
means an error of ≤ 20mm in the computed vessel position.
The error increases if the vessel moves away from the camera.
The center area of the pool, where the error is ≤ 30 and
40mm, is the best area for navigation. The remaining areas,
either have a bigger ratio or are too close to the pool limits
and must be avoided to prevent collisions.

To study the localization in different pool areas, the vessel
was remotely controlled to navigate different predefined
trajectories (see Fig. 16).

Fig. 16: Vessel navigating predefined trajectories

Fig. 16 shows a vessel route in the pool with the objective
of navigating first a straight line (trajectory 1-2), a curve
(trajectory 3-4) and then a second straight line (trajectory 5-
6). Each trajectory is compared with its ideal trajectory. The
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ideal trajectory for each of the two straight lines is computed
by using the first and last points of each trajectory. For the
curve trajectory, an arc passing between the first and last point
is computed. For each point of each navigated trajectory,
the closest point of the ideal trajectory is computed and the
position and orientation errors are calculated.

Fig. 17 shows the position and orientation errors computed
for trajectory 1-2.

Fig. 17: Trajectory 1-2: pose errors

Fig. 18 shows the position and orientation errors computed
for trajectory 3-4.

Fig. 18: Trajectory 3-4: pose errors

Fig. 19 shows the position and orientation errors computed
for trajectory 5-6.

Fig. 19: Trajectory 5-6: pose errors

The position (table II) and orientation (table III) errors
were used to calculate the Mean Absolute Error (MAE) to
compare the different trajectories.

Trajectory 1-2 3-4 5-6
MAE 9.6 mm 12.92 mm 4.60mm

TABLE II: MAE for position errors

Trajectory 1-2 3-4 5-6
MAE 2.51º 3.35º 0.94

TABLE III: MAE for orientation errors

Analyzing the results, the first (1-2) and second (3-4)
trajectories are the ones with the bigger errors in both position
and orientation. The errors were calculated for a worst-case
scenario where the acquired image has a VGA resolution.

Fig. 20 shows the overlay between Fig. 15 and the vessel
trajectory. This allows the comparison between the trajectory
and the pool areas where a bigger error might occur.

Fig. 20: Overlay between Fig. 15 and the vessel trajectory

These findings confirm that the best area to perform
navigation is the one closer to camera where the trajectory
5-6 is performed. This trajectory is the one with less errors in
both position and orientation and the least affected by outliers
as well.

IV. CONCLUSION

This paper presents an algorithm to detect the position
and orientation of a vessel in a indoor pool using a computer
vision approach. A fish-eye lens camera to detect the entire
pool area was used. A method, with a Lookup Table, is
proposed to replace the image processing steps: undistortion
and re-projection. The results prove that a Lookup Table
is the logical alternative by improving the run time of the
application with constant times independently of the acquired
image size (O(1) complexity). The results also present the
mm-to-pixel ratio to show that is better to perform vessel
navigation closer to the camera. The conducted tests confirm
this by comparing the position and orientation errors of
multiple trajectories.
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