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ABSTRACT

The work here reported proposes a semi au-
tonomous system able to detect vessels in an
oceanographic environment. The Portuguese Air
Force and Navy are patrolling the coast line
using unmanned aerial vehicles (UAVs), since
they are a pratical and inexpensive solution. Our
solution encompasses preprocessing stages based
on saliency and thresholding techniques before
computing rotation-invariant HOG descriptors,
in order to reduce the overall computational
cost. We evaluated our method on a challeng-
ing dataset composed by almost 10000 images,
achieving very satisfactory results comparing to
state-of-the-art methods.

Keywords: Fourier Analysis, Histogram of Ori-
ented Gradients, Image Descriptor, Rotation-
Invariance, Saliency, Supervised Learning

I. INTRODUCTION

Image processing has evolved greatly, contribut-
ing to automate tasks which require a lot of human
resources beyond that lower significantly the oper-
ating costs. The Portuguese Air Force and Navy are
patrolling the coast line using UAVs, since they are a
pratical and inexpensive solution besides requiring
few communication and human resources. Hence,
this work aims at developing a semi autonomous
system able to detect vessels in oceanographic en-
vironments. The main goal is to build an algorithm
to process the images in real-time, since there is
a lack of bandwidth in communications between
the aerial vehicle and the base station limiting the
capacity to send all the data acquired by the drone.

Once a vessel is detected, we just send the image
patch containing it to the base station in order to be
validated by a human operator.

A. Related Work

Saliency methods are an useful preprocessing
tool to filter the relevant regions of a given image,
restricting areas where we can look for a specific
target. Graph-Based Visual Saliency (GBVS), pro-
posed by Harel et al. ([3]), is a new bottom-up
visual saliency model, which exploits the distributed
nature of graph algorithms. This proposed graph-
based solution uses local computation to obtain a
saliency map which is everywhere dependent on
global information. After salient regions have been
detected, they have to be carefully analyzed. Typical
methods compute discriminant features on those
regions which are then matched to specific object
models. Scale Invariant Feature Transform (SIFT) is
a popular solution for extracting distinctive invariant
features from images which can be used to perform
reliable matching between different views of an
object pose (Lowe, [5]). Dalal and Triggs ([2]) intro-
duced the Histograms of Oriented Gradients (HOG)
which nowadays are widely used. The problem
of their concept is the lack of rotation-invariance.
Therefore, we focused on work developed by Liu
et al. ([4]), a method that uses rotation-invariant
HOG descriptors using Fourier analysis in polar
coordinates. The main difference to the standard
techniques is that Liu et al. consider a gradient
histogram as a continuous angular signal which can
be well represented by Fourier basis. The reason
why this method called our attention was the fact
that it outperforms state-of-the-art publications on
an aerial car detection task.



B. Problem Formulation

In order to patrol, efficiently, the coast line, it
is important to develop a good descriptor of what
we are looking for, so that it will be robust to all
possible adverse conditions such as, for instance,
low resolution and varying illumination conditions.
Beyond that, there are some limitations to over-
come. The processing time is, as usual, a big
concern, since this problem requires a real-time
response. The computer which is embeded in the
drone has a small computational power, thus it is
important to reduce the computational cost of the
algorithms which compose our solution. Therefore,
a saliency algorithm is used in order to delimit
the most conspicuous regions of an image which
need a deeper analysis, allowing to save time. On
the other hand, the trajectory changes of the UAV
and boats as well as the different flight altitudes
and a huge variety of sizes of boats represent two
major problems. Hence, the outlined strategy has
to consider a rotation and scale-invariant approach.
Therefore, we are currently using rotation-invariant
HOG descriptors presented by Liu et al. ([4]) to
compute the desired features. A linear classification
was performed by running a SVM (Cortes & Vap-
nik, [1]) in order to build a predictive model able
to detect any type of vessel. When designing the
classifier, the way the samples to train the model
are chosen allow it to present some scale tolerance
within a certain range.

C. Report Structure

Section 1 introduces the problem to approach
in the thesis, in particular a review of the state
of the art in order to have an idea of the related
work already developed which helped us outlining
our strategy to the formulated problem. Section 2
describes the implemented approach, as well as a
detailed explanation of the algorithms which will
be integrated in the final prototype. The main con-
tributions of our work are presented in section 3
which allowed to improve the computational cost
of the algorithm proposed by Liu et al. ([4]). In
Section 4, the results attained are shown. Section
5 summarizes the work performed. Moreover, this
section proposes further work to improve the results
achieved.

II. APPROACH AND METHODOLOGIES

To solve the presented problem, a strategy com-
posed by two main steps was outlined. The first one
can be understood as a preprocessing stage which
aims to reduce the computational cost of our final
solution. Thus, it was developed a faster method to
compute regions of interest by searching for areas
which present high contrast relative to surrounding
cells. Consequently, in the second stage, only these
conspicuous regions will be properly processed
using a more powerful method. Then, rotation-
invariant HOG descriptors were implemented in
order to overcome the need of rotation-invariance
caused by the trajectory changes of drone and boats.
Finally, a predictive model was trained through lin-
ear classification, by running a SVM. By choosing
carefully the samples to compose the training set, it
is possible to achieve scale tolerance within a certain
range, allowing to face the problem of different
flight altitudes and a huge variety of size of boats.

In Fig. 1, it is possible to visualize a temporal di-
agram comprising the different steps of the outlined
approach. It was implemented an additional prepro-
cessing step in order to decrease the computational
cost. Since we noticed that the first stage highlights
not only vessels but also sun reflections, we thought
to develop an algorithm which could filter those
events allowing not only prevent processing those
areas but also improve the performance by reducing
the number of false positives.

A. Saliency Method

After the implementation of a few saliency meth-
ods, we decided to implement our own saliency
method due to time constraints. Focusing on our
problem, first we compute the magnitude of the
gradient for each pixel of a given image, ||d(r, c)||,
using the Sobel operator. Then, we compute the sum
of the gradient magnitude for the pixels belonging
to a specific rectangular region, which we call
windowcontrast, as

windowcontrast =
eR∑
sR

eC∑
sC

||d(r, c)||, (1)

where sR, eR, sC and eC are the starting/ending
rows/columns which define the rectangular region,
respectively. In our approach, we split the image



Fig. 1. Workflow of the implemented approach. Top Original
image; Saliency method applied to the original image in order to
highlight the most conspicuous regions. Middle Method to filter sun
reflections, giving a considerable boost in the final solution. Bottom
Implementation of rotation-invariant HOG descriptors in order to get
the desired features to train a classifier for anomalous event detection.

into square blocks (16x16 pixels), assigning to each
one the result of the window contrast belonging to
that block. In Fig. 2, we are marking the centroids of
the blocks whose value is greater than a threshold,
defined empirically. In order to decide the regions to
be further processed, we compute a binary image,
of size equal to the number of blocks, in which
we assign the value 1 in the position corresponding
to the block whose centroid was marked. Then,
we perform a mask operation, an image dilation,
followed by the computation of the connected com-
ponents based on an 8-Connected Neighborhood.
Afterwards, some properties are computed such as
the area, bounding boxes and centroids. As it is
possible to check in the Fig. 2, connected compo-
nents that have an area above a certain threshold
are skipped. Obviously, this can be a problem con-
sidering a situation in which a vessel is too small.
However, this threshold can be a parameter which
can be adjusted by the user taking into account the
current situation.

Fig. 2. Saliency method which highlights conspicuous areas.

B. Sun Reflections Detector

The saliency method explained above, when ap-
plied to the available images, highlight regions of
boats and sun reflections. Since the computational
cost is presented as one of the major limitations
of our project, we thought that we could build an
additional preprocessing step which could filter the
regions of sun reflections. Hence, we started to
perform some studies in order to understand how
we could classify those events. First, we converted
the RGB images to the HSV color map. Looking to
the images, we can assume that sun reflections have
a particular level of saturation and brightness. Thus,
we studied how the second and third component
of an HSV image evolve along several images,
particularly the values belonging to the pixels of
sun reflections. Using the image presented at left
of Fig. 4, we plot a 2D histogram of the Satura-
tion and Value components of that image (Fig. 3),
where there is a thin peak on the right side which
represents the pixels belonging to sun reflections.
One way to prove it is by thresholding the pixels
with those values. It is possible to assume that
this peak encapsulates pixels with low saturation
values (between 0 and 0.1) and high values of
brightness (between 0.9 and 1). Hence, in Fig. 4,
you can visualize the same image, but the pixels
whose saturation and brightness belong to that range
were assigned to zero. This study was performed in
several images, achieving the same conclusions. It is
obvious that this range of values is directly related
with the atmospheric conditions, whereby it can also
be assigned a parameter to be sent to the drone in
order to adjust the thresholds.
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Fig. 3. 2D histogram representing Saturation and Value components
of the left image presented in Fig. 4.

Fig. 4. Left Example of an image available in which it is possible
to visualize a large sun reflection. Middle Thresholding of Saturation
and Value components; it was assigned zero values (black) to the
RGB components of pixels whose S < 0.05 and V > 0.90. Right
it was assigned zero values to the RGB components of pixels whose
S < 0.10 and V > 0.70 (in this case, we consider lower values for
brightness than the ones we state after analyzing the histogram, since
it is possible to make a cut until 0.70 as well as we could consider
saturation values up to 0.30).

C. Rotation-invariant HOG descriptors

Most of the approaches for image description use
standard HOGs. As proposed by Dalal and Triggs,
a HOG cell is always represented by a discrete
histogram. When the underlying image rotates by
an angle which is multiple of the bins range, the
new HOG feature can be obtained by a shift in the
bins. For the remaining rotations, the feature can
only be approximated. Beyond that, this discrete
approach prevent us from representing all possible
gradient orientations. Hence, in order to cover the
full range of gradient orientations, it is obvious that
we need to represent histograms in a continuous
way, avoiding bins discretization. Fourier analysis
in polar coordinates allows one to represent an
histogram as a continuous function. Briefly, the
main idea is to consider a gradient histogram as a
continuous angular signal which can be represented
by Fourier basis. Making use of the Shift Property
of Fourier Transform, by projecting this continu-
ous gradient histogram onto the Fourier basis, the
obtained Fourier representation transforms with a

simple multiplication under rotations. Liu et al.
([4]) proposed to create an orientation distribution
function h(ϕ)(x,y) at each pixel (x, y). Consider the
image gradient computed for one pixel as d(x, y) ∈
R2. Therefore, the distribution function for the re-
ferred pixel, which is oriented to ϕ(d(x, y)), should
be an impulse function with value equal to its
magnitude, ||d(x, y)||:

h(ϕ)(x,y) := ||d(x, y)||δ(ϕ− ϕ(d(x, y))) (2)

Thus, using a Fourier basis for a rotation-friendly
representation, the Fourier coefficients f̂m,(x,y) of the
orientation distribution function h(ϕ)(x,y) for each
pixel (x, y) are

f̂m,(x,y) = 〈h(ϕ)(x,y), e
imϕ〉 = ||d(x, y)||e−imϕ(d(x,y)),

m ∈ Z
(3)

Since it is possible to compute infinite projected
Fourier coefficients (infinite possibilities for m), this
computation may look redundant as a representa-
tion for only one gradient. Limiting the maximal
frequency degree |m| that is considered for rep-
resenting the density function provides the desired
smoothing effect of the classical soft binning.

Now, it is important to understand the optimality
of the Fourier Transform for rotation analysis. From
eq. 3, the analysis equation, it is possible to infer the
synthesis equation which states that a function on a
circle can be expanded linearly in terms of Fourier
basis functions as

h(ϕ)(x,y) =
∞∑

m=−∞

f̂m,(x,y)e
imϕ (4)

Eq. 4 defines the Fourier series representation of
a periodic signal h(ϕ)(x,y). It can be expressed
as the sum of the product between the Fourier
coefficients and these harmonically related complex
exponentials. This signal has an interesting and
simple rotation behavior as you can check in eq.
5. Considering that the function rotates by an angle
α into h(ϕ)′(x,y), the Fourier coefficients transform
by a simple multiplication as

h′(ϕ)(x,y) =
∑
m

f̂m,(x,y)e
im(ϕ−α)

=
∑
m

(f̂m,(x,y)e
−imα)eimϕ,

(5)



which is the well known Shift Property of the
Fourier Transform. From eq. 5, we conclude that for
these special functions, the rearrangement of the
pixels caused by a rotation can be substituted
by a pixel-wise multiplication of the Fourier
coefficients with a single complex number, which
depends on the order of Fourier coefficients, m, and
the angle of rotation α.

Considering two convolution kernels, K1 : R2 →
R for the spatial aggregation and K2 : R2 → R for
the local normalization (based on gradient energy),
D as the gradient field for the whole image and
F̂m : R2 → C as the densely computed Fourier
coefficients f̂m for every pixel belonging to an
image, from eq. 3, we can compute the Fourier
HOG field (its degree-m component) as

F̃m =
F̂m ∗K1√
||D||2 ∗K2

. (6)

Fig. 5 shows an high-level schematic of what we
are doing. Through eq. 3, we compute the Fourier
coefficients for each pixel of the image. In our case,
we are limiting the maximal frequency degree, m,
thus we only compute the first five coefficients (from
m = 0 until m = 4). This provides the desired soft-
binning effect in orientation. Liu et al. came to the
conclusion that limiting |m| ≤ 4 is sufficient, since
these few low-frequency Fourier coefficients encode
the useful information.

Fig. 5. High-level schematic: we compute Fourier coefficients for
each pixel of the image along different orders (in our case, 5). F̂m
represents all the Fourier coefficients of order m computed for each
pixel of the image. Here, f̂4,(x,y) represents the Fourier coefficient
of pixel (x, y) with order 4.

By now, we are just representing, in a continuous
way, HOG cells (in this approach are represented
by the Fourier HOG field) which describe an im-
age only locally. Hence, we need to compute re-
gional descriptors to describe large regions, on the

densely computed HOG cells. Basically, we want
to compute higher-level features by filtering on the
computed Fourier HOG field.

Polar coordinates ([r, ϕ] : r = ||x||, ϕ = Φ(x) =
atan2(y, x) ∈ [0, 2π)) are ideal for analyzing 2D
functions concerning rotations, since they separate
the radial part, which is naturally invariant to ro-
tations, from the angular part, which is involved in
rotations. Liu et al. argued that an ideal basis should
take a separable form as U(r, ϕ) = P (r)Ψ(ϕ). So,
while the radial part P (r) can be chosen according
to the context, the optimal choice for the angular
part is the Fourier basis Ψm(ϕ) = eimϕ, where
m is an integer. Hence, it is possible to compute
infinite basis functions [Ψ0,Ψ1,Ψ2, ...], which will
form harmonics on a circle and, then, we can use
them to represent the continuous HOG cells.

A basis function in the form Uj,k = P (rj)e
ikθ has

a nice and simple rotation behavior (represented in
Fig. 6). Thus, the convolution between Uj,k and F̃m
generates a feature which describes the configura-
tion of HOG features in the region covered by Uj,k.
Look to Fig. 7. We are sliding the 15 different ker-
nels shown in Fig. 6 over the degree-m component
of Fourier HOG field, F̃m. So, when we convolve a
kernel with the computed Fourier coefficients, we
are just doing multiplications between the kernel
values and the Fourier coefficients of the pixels
which are being covered by that kernel (marked red
in Fig. 7). This is also shown in eq. 7. Note that
since F̃m (eq. 6) is computed from F̂m just with
isotropic filtering, the conclusions we will take for
F̂m are also valid to F̃m.

Fig. 6. Some examples of filters used to generate regional descrip-
tors. These kernels have the form Uj,k = P (rj)e

ikθ . Relatively to
the radial part, Liu et al. chose to sample in the radial direction.
(Adapted from [4])



Uj,k ∗ F̂m =
∑

r,θ∈[0,2π)

P (rj)e
ikθf̂m (7)

Under a rotation, we will need to recompute the
new Fourier coefficients for the new image. Recall
that, the Shift Property of the Fourier transform
(5) tells that these new Fourier coefficients are the
ones computed before the rotation multiplied by a
complex factor which depends on the order of the
computed Fourier coefficients and the angle α, as
we can check in eq. 8.

Uj,k ∗ F̂ ′m =
∑

r,θ∈[0,2π)

P (rj)e
ikθf̂ ′m =

=
∑
r,θ

P (rj)e
ikθf̂me

−imα
(8)

Therefore, considering the case in which the kernel
has the same order of the Fourier coefficients, k =
m, we can simplify the previous equation, as we
have here:

Uj,k ∗ F̂ ′m =
∑
r,θ

P (rj)f̂me
ik(θ−α) =

∑
r,θ

P (rj)f̂me
ikθ′

(9)
which is just the same we have before the rotation
(eq. 7) if we apply a change of variable θ′ = θ−α.
Since θ ∈ [0, 2π), as you can see in Fig. 7, it
does not matter if you start in θ or in θ′ because
you sum over the same values, since it is periodic.
We are taking the sum of the product between
the Fourier coefficients and the kernel values it is
covering. Thus, ensuring that the order of the kernel
we are using to slide is the same of the computed
Fourier coefficients (k = m), we are taking rotation-
invariant features.

The features computed ensuring the condition
previously defined are naturally rotation-invariant.
However, it is possible to create many more
invariant features from coupling two of the filtering
results as in eq. 10. These features, just by
themselves, are not rotation-invariant but they can
be coupled as a rotation-invariant feature as long
as their rotation order is the same. Rotation order
of a filtering result is the difference between the
order of the kernel used, Uj,k, and the order of
the computed Fourier coefficients, F̃m. Therefore,
instead of only taking the magnitude of the
expansion coefficients, this coupling provides the

Fig. 7. To compute higher-level features, we slide the basis functions
shown in Fig. 6 over the computed Fourier HOG field. The basis
functions are fixed in the whole image analysis process.

possibility to create many more invariant features.
Doing the same reasoning we did previously, it is
possible to achieve the same conclusions.

(Uj1,k1 ∗ F̃m1)(Uj2,k2 ∗ F̃m2), ∀k1 −m1 = k2 −m2.
(10)

The need of scale-invariance was stated as one of
the major limitations to overcome. In order to deal
with this problem, we started to analyze the size of
the labeled vessels in the available videos. Fig. 8
shows the size of the boats for all videos (the size
was considered as the maximum value between the
bounding box width and height of the ground truth).
As it is possible to see, the size of the vessels varies
a lot during the frames but within a certain range.
Hence, it is important to cover approximately that
range.

0 10 20 30 40 50 60 70 80 90
0

200

400

600

800

1000

1200

1400

1600

Size

F
re

qu
en

cy

Whole data set

Fig. 8. Size (maximum value between the width and height, in
pixels) of vessels varies a lot revealing challenging.

The computation of the features is done perform-



ing a filtering technique, by sliding several kernels
with different orders and scales (check Fig. 6) over
the computed Fourier coefficients of a given image,
as sketched in Fig. 7. We are using three different
scales for the kernels: 23x23, 35x35 and 47x47 pix-
els. In Fig. 9, we are representing different models
of boats which have different sizes. Hence, we slide
several kernels over the Fourier coefficients of the
image. For the big boat, obviously the kernel which
will gather more information will be the larger. The
same reasoning can be done for the remaining cases.
However, the smaller kernel can get features of
certain parts of the biggest boat which is also useful.
Using those sizes for the kernels, we are convering
the range between 20 and 50 pixels, approximately.

Fig. 9. To compute features, we slide different kernels over the
computed Fourier coefficients (marked red). These kernels have 3
different scales which allow to gather the relevant information of
boats having a size within the range of the kernels.

Therefore, the idea we want to transmit here
is that by sliding kernels which cover a certain
range of pixels, we can get features which best
characterizes boats with different sizes within a
certain range. So that, the size of the kernels can
be chosen according to the customer’s needs.

III. COMPUTATIONAL IMPROVEMENTS

As it was stated in the problem formulation, the
computational cost is a huge concern. The computer
which is embedded in the aerial vehicle has a small
computational power, whereby there is the need
to reduce the computational cost of the algorithms
we selected to compose the outlined approach. As
it was explained in section II, we developed two
preprocessing steps (II-A and II-B), which were
included in our final prototype, allowing to achieve
very satisfactory computational costs. However, in
addition, other solutions were tried in order to
reduce the time consumed by the algorithms. First,

we tried to optimize the code itself by identifying
some code snippets which could be the bottleneck
of the algorithm. The first aspect we noticed was
the way Liu et al. were performing convolutions to
compute regional descriptors (Uj,k ∗ F̃m). They were
using a built-in function from MATLAB to convolve
2D signals spatially. However, a convolution in the
space domain is the same as a multiplication in the
frequency domain. Hence, we computed the Fast
Fourier Transform (FFT) of the Fourier HOG field,
F̃m, and the filters used, Uj,k, separately (with zero-
padding). Therefore, it is possible to perform multi-
plications between the FFTs of both signals instead
of doing spatial convolutions, which is considerably
faster. Then, we can invert this step by computing
the Inverse Fast Fourier Transform (IFFT) of the re-
sult achieved after the multiplications. Fig. 10 shows
this workflow which replaces the time-consuming
spatial convolutions. Testing this alternative way,
we achieved exactly the same results, saving half
the time we were spending. The authors code to
compute the rotation-invariant HOG descriptors was
taking, for our 720x405 images, approximately 10s,
while using the code with this slight change, we
were taking between 4 and 5s to compute the
rotation-invariant features. Since, we have exactly
the same result doing the convolution in the space
or in the frequency domain, we are not jeopardizing
the classification precision previously achieved by
Liu et al. ([4]).

As you know, we are dealing with a problem
which demands real-time responses, whereby the
computational cost needs to be significantly reduced
in order to process, at least, one frame per second.
Thus, we had to think about solutions which enabled
us to achieve reasonable results, even if we had to
jeopardize a little bit our performance. Therefore,
we started to analyze, step by step, the bottleneck of
the algorithm to compute rotation-invariant features,
which are the convolutions performed. So, when
we perform the multiplication between the FFTs of
the image (F̃m) and the kernel (Uj,k), representing
the absolute value of the result (as in Fig. 11),
we can conclude that most of the information is
concentrated in the lower frequencies. This con-
clusion corroborates what Liu et al. say in their
paper ([4]) which is the fact these kernels (Fig. 6)
behave as low-pass filters. Beyond that, using this



Fig. 10. To overcome the bottleneck of the algorithm proposed
by Liu et al. ([4]) which were the spatial convolutions performed
to compute regional descriptors, we change them to the frequency
domain. First we compute the FFTs of the Fourier HOG field, F̃m,
and the filters, Uj,k, separately. Then we multiply them and compute
the IFFT of the result in order to go back to the spatial domain.

property, we can outline a strategy to reduce the
computational cost. Before we explain that, look to
the simple example presented in Fig. 12, in which
there is a 1D signal with sampling frequency Fs.
This periodic signal only has information at low
frequencies. Hence, considering that the signal has
length N and, in this case, from 0 to N

4
− 1 and

from 3N
4

to N − 1 we are taking all the interesting
information, we can assume that it is possible to
do this frequency downsampling (just taking the
blue shaded region), without missing the important
information.

Fig. 11. Left Absolute value representation of the multiplication
between the FFTs of F̃m and Uj,k using a logarithmic scale for
a better perception. Right Absolute value representation without a
logarithmic scale, where it is possible to see clearly that the essential
information is at the low frequencies. Note that we used the fftshift
MATLAB command to shift zero-frequency component of the Fourier
Transform to the center of the spectrum. In this case, m = 2,
j = 1 and k = 3 (several tests were performed to every possible
combinations, achieving the same conclusions).

To confirm this idea, we made some tests. Basi-
cally, we studied different possibilities of downsam-

Fig. 12. 1D signal which has its information concentrated at the
low frequencies. Performing the correct frequency downsampling can
help to reduce the computational cost.

pling in the frequency domain before we compute
the IFFT. We did a downsampling equal to the
one presented in Fig. 12. However, in our case,
since we are dealing with matrices, we did it along
the 2 dimensions. In this case, the result of the
multiplication between the FFTs of the image and
kernel will be 4 times smaller, since we just take half
the elements along each dimension. We also tested
this strategy in order to reduce it 8 and 16 times.
The absolute value of the IFFT is represented in Fig.
13. As it is possible to visualize, we have the same
result but downsampled. We are still representing
the important information which was concentrated,
as we check, at the lower frequencies.

Fig. 13. Example of the IFFT of the multiplication between the
FFT of F̃m and Uj,k (in this case, m = 3, j = 1 and k = 3). Left
Without frequency downsampling. Right Frequency downsampling,
reducing the time consumed in the computation of the IFFT for a
quarter.

More than confirm this proposed frequency
downsampling visually, we have to prove that it
is indeed working. The Parseval’s theorem states
that the integral of the square of a continuous
function is equal to the integral of the square of its
continuous Fourier transform. Thus, it is possible
to conclude that the total energy contained in a
function summed across all of time is equal to
the total energy of its Fourier Transform summed
across all of its frequency components. Therefore,
in order to ensure that the frequency downsampling



TABLE I
AVAILABLE DATASET: FURTHER DETAILS ABOUT EACH VIDEO

SEQUENCE.

ID Set Video Frames Observations
1 1 1 1275 Small vessel; Clean conditions
2 1 2 2250 Medium vessel; Sun reflections; A small boat appears
3 2 1 505 Small vessel; Clean conditions
4 2 2 1070 Medium vessel; Sun reflections; Scale changes
5 2 3 1400 Large vessel; Sun reflections; Scale changes
6 3 1 749 Medium vessel; Sun reflections; Wake
7 3 2 2249 Medium vessel; Sun Reflections

performed before the IFFT is not missing the im-
portant information, we computed the ratio between
the energy of the spectrum which we are throwing
away and the total energy of the Fourier Transform
without frequency downsampling. The result was
approximately 0.005% which means that we are
keeping the important information concentrated at
the lower frequencies.

IV. RESULTS

This section shows the results attained applying
the proposed solution. The dataset is composed by
3 different sets. The first set has 2 videos, both
containing a big ship filmed at high altitude. In
the first video, the ship is really small since it is
recorded at a faraway distance, while in the second
video the ship is closer and it is also possible to
visualize another ship during a few seconds. The
second set has 3 videos with a single vessel in each
one but at different altitudes providing a wide range
of scales for the same boat. Finally, the third set has
2 videos containing a small motorboat. In the first
video, the motorboat is moving, thus there is a lot
of wake difficulting our task. In the second one, the
vessel is stopped. Except for the first video sequence
of the first and second set, we are facing challenging
illumination conditions, namely the sun reflections
which are the main source of false positives. Table
I presents further details about the available dataset.
Note that we assigned an ID to each video in order
to easily understand which video we are referring
to.

To illustrate the importance of using the devel-
oped preprocessing steps, we will show what hap-
pens when implementing rotation-invariant HOG
descriptors without them. Then, applying our final
solution which encompasses those stages before the
main method, it will be proved that these steps are

really useful to achieve better results. This compari-
son will be based on results obtained when training
with video sequences 3 and 5 and testing in video
4. Fig. 14 illustrates the output of the proposed
algorithm without preprocessing steps. Although
vessels are easily detected in the majority of frames,
their model also frequently detects sun reflections.

Fig. 14. False positives using method presented by Liu et al. ([4]).
The testing sequence is video 4 while clips 3 and 5 were used as
training sequences.

Fig. 15 show the Precision-Recall (PR) curves
obtained by testing the detector in the forth video
sequence which was trained using the third and fifth
videos as training set. In that figure, a comparison
between the results attained by implementing the
method proposed by Liu et al. ([4]) without the
preprocessing stages and our final prototype is pre-
sented. As it is possible to check, the introduction
of the preprocessing methods proved to be really
helpful. In our case, for the optimal selection of
parameters, we retrieved 80% of the vessels achiev-
ing more than 90% of precision. The first stage,
the saliency method, has a contribution only in the
computational cost domain, since it just restricts
the areas where powerful methods will be applied.
The second preprocessing step, the sun reflections
detector, is the responsible for the increase of perfor-
mance presented by our solution. Actually, it filters
most of sun reflections which are the main source
of FP, contributing to increase the precision of our
detector. Therefore, for the remaining sequences, it
will be only presented the results attained by our
full algorithm. Note that the percentage values in
the legend are the average precision for each test
performed.

In Fig. 16 it is possible to visualize the PR curves
for the evaluation of video 4 (green) and 5 (blue)
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Fig. 15. PR curves for detection results tested in video 4 using
a model trained with samples from video sequences 3 and 5. Here
we compare the result achieved with our final prototype and the one
achieved only using the method proposed by Liu et al. ([4]). 92%
of the retrieved results were vessels while 80% of the vessels were
retrieved for the best working point.

using a model trained with videos 3, 5 and 3, 4,
respectively. If we consider that we want to retrieve
half the targets in the available frames (50% of re-
call), we achieved a precision of approximately 99%
and 90%, respectively. With this kind of evaluation,
our method does not work for the evaluation of
video 3, since the boat is to small and the model is
trained with larger boats. We would need a sequence
where the boat had the same range of scales to train
the model and then we could apply it in this video.
Video 1 presents a small boat distantly from the
drone but with perfect daylight conditions, whereby
the saliency method is sufficient to detect it as
well as in the case of video 3. Video 6 reveals
very chellenging: in addition to solar reflections,
the motorboat is moving at high speed, thus the
foam jeopardizes our performance since our sun
reflections detector confuses it and filter that region,
including the boat. Sometimes it does not filter it
and our detector classifies correctly the boat. The
remaining curves presented in Fig. 16 shows that
our classifier works well. In the case of video 2, the
lower recall is due to, at some point, a really distant
boat appears and our classifier do not detect it. In
video 7 of the last set, we have large periods of time
where the boat is under sun reflections, pratically
impossible to detect it, even by a human. Beyond
that, since this video is the one which presents more
challenging daylight conditions, our detector gives
a lot false positives, jeopardizing the precision.
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Fig. 16. Precision-Recall curves for the tests performed in the
remaining videos using a model trained with videos 3 and 5.

V. CONCLUSIONS AND FUTURE WORK

The work described concerns vessels detection in
an oceanographic environment. The main constraint
is the bandwidth limitation which does not allow
to overload the communications. Therefore, it was
necessary to develop a semi-autonomous system
able to detect vessels and send them to the base
station. Our solution consists in three steps: first, it
is applied a saliency algorithm to reduce the areas
which need a deeper processing; then, since sun
reflections are highlighted by the previous method,
it is applied a filter avoiding to process those events;
finally it was implemented the method presented
by Liu et al. ([4]) which create rotation-invariant
HOG descriptors. The computed features also allow
to achieve scale-invariance within a certain range,
when choosing the samples to compose the training
set in the learning process. This research project has
a lot of areas which still need to be developed as
temporal coherency, a fully scale-invariant approach
and the development of an algorithm which is able
to deal with wake.
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