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Abstract— This paper presents an automatic method to acquire,
identify, and track obstacles from an Unmanned Surface Vehicle
(USV) location in marine environments using 2D Commercial Of The
Shelf (COTS) video sensors, and analyzing video streams as input. The
guiding line of this research is to develop real-time automatic
identification and tracking abilities in marine environment with COTS
sensors. The output of this algorithm provides obstacle’s location in x-
y coordinates. The ability to recognize and identify obstacles becomes
more essential for USV’s autonomous capabilities, such as obstacle
avoidance, decision modules, and other Artificial Intelligence (Al)
abilities using low cost sensors. Our algorithm is not based on
obstacles characterization. Algorithm performances were tested in
various scenarios with real-time USV’s video streams, indicating that
the algorithm can be used for real-time applications with high success
rate and fast time computation.
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. INTRODUCTION

PATH planning and obstacle avoidance are an important
issues for Autonomous Underwater Vehicles (AUVSs), and
as can be noticed lately, these fields are extensively studied.
Autonomy for AUVs challenges can be mainly described as
combination of currents disturbances, limited perception
capabilities, dealing with non-holonomic constrains by trying
to face limited energy optimal trajectories with computational
efficiency and no matter what —safety. Perception capability
becomes crucial for USV’s autonomous capabilities.

One of the most difficult challenges for USV navigation is to
recognize and identify obstacles around the vehicle without
human intervention. This task is known as Automatic Target
Detection (ATD). An efficient ATD system should achieve
high detection percentage for targets while maintaining a
minimal false-alarm rate. This means that it must preserve an
optimal balance between a high detection rate and a low error
probability.

Although, ATD algorithms are very sensitive and unstable
regarding clutter elements, i.e., elements that are not targets but
still part of the scenes with similar characteristics as the targets.
Dealing with clutter in ATD algorithms was extensively
studied2231,

One of the ATD algorithms methods is based on the target
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temperature. The contrast of the target were based on
environment gradient of the target and the environment’s
contrast to recognize targets. These methods suffer from false
alarms due to targets and environment similarity. Several
methods were developed to characterize the targets and to
distinguish between the target’s and the environment’s
characteristic, avoiding false alarmsiE41,

Heuristic methods were introduced in the early 1980s based
on threshold gradient in the image. The threshold was
determined by the contrast of an object with its local
backgroundBl, The segmentation part of such algorithms is
based on standard edge operator using closing shape algorithms
and filling steps6.2.10],

Most of the previous works were studied in aerial and ground
environments without considering special phenomena in
marine environments, such as waves, clutter, vehicle’s stability,
etc. For the first time, our algorithm deals with ATD algorithms
for USV’s motion planning and automatic decision models
using COTS sensors.

The algorithm based on common video format as an input,
and computes targets locations around the vehicle. Our method
is able to both detect objects of interests, and classify them with
high probability.

The presented approach is based on the notion of Machine
Learning, a well-known concept which has become the de-facto
standard in many applications. The basic idea in this method, as
opposed to the classical heuristics, such as gradient thresholds,
is to provide a learning algorithm with a large data-set which
contains samples of the problem along with their solution; the
algorithm, after a process of ”’learning”, will eventually provide
away to map between a sample and its solution. This paper aim
at introducing the use of learning techniques in the domain of
marine vessels detection. We show that well known algorithms
perform well on the presented task.

Our contributions are:
» Presenting basic concepts in deep learning, and import
them in the discipline of marine robotics.
» Training deep learning models on relevant data, as well as
collecting and labeling it.

» Providing an algorithm which can detect and classify
marine objects with high probability.
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Il. ARTIFICIAL NEURAL NETWORKS

In this section, we present basic principles of deep learning;
Artificial neural networks are defined, in addition to the training
process.

Avtificial neural network is a computational model which is
extensively used in many complicated machine learning tasks,
such as image classification, machine translation, automatic
text generation and much more. The architecture of artificial
neural network is inspired by the structure of the human brain:
it consists of small computation units, called neurons, and
connections between them. Each unit is capable of performing
very simple task, but the combination of multiple neurons
makes the model computationally strong.

A. Preliminaries

Let us begin with feedforward neural network. A more
detailed explanation may be found it The goal of
feedforward neural net is to approximate some function f. For
example, a classifier fi, is a function that maps input to
category; in the context of the paper f;,, can be a function which
on given a photo of a marine vessel returns its class.

Feedforward neural network is composed of multiple layers
(hence depth); a layer is a function of a certain form which will
be explained soon. The entire network is the composition of the
layers: assume we have two layers: L (x), l,(x), then the
network will output £ (x) = 1,(1;(x)). I, is called the first layer
(or input layer), I, is the second layer, and so on. The last layer
is called the output layer, and all the layers between the input
and output are called hidden layers. The depth of the network is
defined as the number of layers.

Layer | has a linear transformation and an activation
function: f(W,u + b;) where u is the previous layer’s output, b;
is the bias and f is the activation function (which operates
coordinate-wise on the vector). The activation function depends
on the task. For example, in binary classification task one may

use the sigmoid function: S(x) = %:x or rectangular function.

The matrices W and biases b are called the weights of the
network; these are the variables which we optimize during the
learning process.

In practical problems usually there are dozens of thousands
variables —what makes the learning process so difficult.

The Universal Approximation Theorem states that every
continues function f on compact subset of R™ can be
approximated up to any desired accuracy using feed-forward
neural network with a single hidden layer and sigmoid
function24, However, the size of the hidden layer may be
exponential in the desired accuracy. Thus, variety of
architectures were proposed, for many different applications.

B. Training process

Given a set of points {x, f*(x) + €} where x ER, f* is an
arbitrary function and ¢ is noise, the training process aims to
adjust the functions of the neural net so that for all x, f(x) ~
fr().
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The training process is essentially an optimization problem:
the loss function, the function that measures the performance of
the model, is being minimized, subject to the variables of the
network. Since the network is usually very large, it is
impossible to minimize the loss function using simple
differentiation, an approximation method is needed.

One of the most simple and intuitive method is computing
the gradient and “follow” its direction. There are no optimality
guarantees for this method; we are likely not complete the
process at a real minimum of the function. Computing the
gradient is done using back-propagation algorithm(22,

C. Convolution neural network

Convolution neural networks are special type of neural
networks. They composed, in addition to the layers type which
were previously discussed, with convolution layers. For further
explanation, we refer the reader to [21].

Convolution neural networks performs extremely well on
many image recognition tasks, and they form the basis of the
network used in this paper.

I1l. EXPERIMENTAL RESULTS

We compared a trained version of MobileNetSSDIA and
YOLOI 8, These trained networks are capable to detect wide
range of object, however, the focus of our work is to detect
objects in the sea. Thus, a further training process is needed.

We have collected 5 hours of video, with resolution of
3840%2160 pixels and 30 frames per second. This video
contained moving merchants, tugboats, kites and kayaks. After
collecting it, the video was labeled. In order to synthetically
create more training data, we used a few methods of data
augmentation, including: adding Gaussian noise, rotation and
scaling.

On each epoch, the data were divided to training set (90
percent of the data) and validation set (10 percent of the data).

Two measures were brought into account:

» Confidence Loss: this measures how confident the network
is of the objectness of the computed bounding box.
Categorical cross-entropy is used to compute this loss.

» Location Loss: this measures how far away the networks
predicted bounding boxes are from the ground truth ones
from the training set. L2-Norm is used here.

It is possible to observe the results in Figure 1 and Figure 2.
Additionally, results of the algorithms can be seen in Figure 3,
Figure 4 and Figure 5.

The trained model is used as the detector and classifier.

Move videos describing our results can be found in the
following links:
»  https://youtu.be/6qUF8lulfY4
> https://youtu.be/3blwOFOa5AM

> https://youtu.be/HUTjE4zdIVU
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Figure 5 Complicated Boat Objects Detection and Classification

IV. CONCLUSION

This paper presents a basic and very efficient algorithm for
marine environments that was tested on different scenes. Yet,
there are some limitations and untested cases that should be
treated in future research. Our algorithm is limited to sensor
noises and false alarm dealing with wvery cluttered
environments. The algorithm has been tested with stabilize
sensor on the platform, which simplify horizon line recognition.
In case of not stabilized sensor or panoramic image integrating
Figure 3 Small Boat Detection and Classification several video streams, we expect a very limited success rate.




Another well know problem in marine environments is
related to sun effects. The algorithm might classify sun light
effects as targets, which will cause false alarms. This challenge
should be treated in our further research, for more accurate
ATD abilities for accurate USV trajectory planning.

The highlight of the algorithm is the simple concept that can
be use on COTS sensor without special hardware, and as far as
we know this specific issue was not yet studied extensively in
marine environments. The algorithm is based on simple basic
algorithms from the image processing world, which are suitable
for real-time application.

We presented a new algorithm to acquire identify and track
obstacles from USV systems using COTS sensor for autonomic
navigation. The algorithm is based on previous image
processing filters and algorithms, and been been adapted to the
marine environment challenges.

The algorithm was successfully tested on real-time video
from USV systems, and can be apply in real-time applications
dealing with CPU time constraints. Further research directions
include light effects and not stabilized systems.
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