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Abstract — In this work is proposed and evaluated a method to 

detect and track vessels in airborne image sequences. Such 

sequences are challenging due to sun reflections, low 

resolution, wakes, wave crests and fast motions either from the 

vessel but also from the UAV (Unmanned Aerial Vehicle), 

which significantly degrade the performance of general purpose 

tracking algorithms. The proposed method is based on state-of-

the-art deep neural network detection method complemented 

with a correlation filter tracker. We evaluate our proposal using 

a known benchmark in the field and compare the obtained 

results with the results obtained with unchanged algorithms. 

The dataset used to perform the evaluations was obtained 

during the SEAGULL project. 
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I. INTRODUCTION 

 

Object tracking is a very relevant problem in computer vision 

for its many applications, for example: human computer 

interaction, maritime surveillance, traffic monitoring and 

driverless vehicles (Djukic 2017). 

Since Portugal has the third largest Exclusive Economic Zone 

within the European Union and one of the largest in the world 

(Portugal - Exclusive Economic Zone - EEZ) it is very 

important that the country invests in its surveillance. The 

1,727,408 km² of Portugal's Exclusive Economic Zone require 

an efficient surveillance system. The kind of interventions that 

the Portuguese Air Force have to handle in the maritime 

surveillance can be subdivided into:  

• detection and control of illegal activity; 

• illegal immigration; 

• detection of maritime pollution; 

• control of maritime traffic; 

• military operations; 

• search and rescue missions; 

• control of fishing activities. 

 The most used methods in the maritime surveillance of the 

Portuguese coastal area are based in coastal radars, vessel-

positioning systems, alarm systems, remote sensing and 

manned aircraft patrols. Manned patrols are limited in terms of 

speed and area that can be monitored and require lots of 

investment. So, having drones that are capable of detecting and 

tracking boats and ships in maritime environment is a major 

advantage that should be further explored, since it is 

economically more viable and there's an increasing need of 

surveillance in maritime scenarios. 

The SEAGULL project (Monteiro Marques et al.) develops an 

affordable, intelligent maritime surveillance system using 

Unmanned Aerial Vehicles (UAVs) equipped with optical 

sensors of several types (visible, infrared, multi- and hyper-

spectral). This system is a great example of the advantages of 

unmanned maritime surveillance since it is easy to deploy and 

doesn't have many infrastructure requirements. 

A fleet of fixed wing UAVs equipped with computers running 

vision algorithms for the automatic detection of maritime 

vessels. After the vehicle is detected, its coordinates are 

communicated to a coastal ground station through a radio link. 

The algorithms (S. Marques et al. 2014) used in the project 

work in real-time on the embedded hardware and have a low 

rate of false detections, but these methods still struggle with sun 

reflections, boat wakes and waves. Multiple video sequences 

were acquired in order to generate a dataset to be used for 

research in the field of maritime surveillance. 

The work presented in this document is going to propose a 

solution for the detection problem in challenging scenarios and 

the tracking of the objects that were detected. 

The goal of this work is to provide a system of detection of 

vehicles in maritime scenarios and proceed to track them 

throughout the image sequence, adopting methods that 

correspond to the current state-of-the-art approaches in object 

detection. The chosen approaches require the least possible 

amount of computing power, due to the limitations of the 

workstation in use. 

 The training of the detection network must be as accurate as 

possible, in order to detect the vessels even in challenging 

situations. 

 The tracking process must be done the closest possible to real 

time without compromising accuracy. 

 

II. RELATED WORK 

A. Object Detection 

Deep Neural Networks (DNNs) (Christian Szegedy et al.) have 

shown recently an outstanding performance on the image 

classification tasks. As we have a deeper understanding of 

images and Neural Networks (NNs) it is becoming a need not 

only to classify but also precisely localize objects of various 

classes. 
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The object detection consists on classify images, but also 

accurately estimating the class and location of objects contained 

within an image. 

Major advances were possible due to an improvement in 

machine learning models and in object representations.  

Shallow discriminatively trained models in conjunction with 

manually engineered representations have been standing as the 

paradigm of the best performing algorithms for object 

detection. Recently, DNNs have emerged as a powerful 

machine learning model. The later have deeper architectures 

which have the capacity to learn more complex models than the 

shallow ones. To increase the performance, it was needed to 

manage to detect objects with different scales. To solve that 

problem a pyramid of images with different scales is generated 

by scaling the input image. The goal of this approach is to 

guarantee that no matter the size of our window, the object will 

be contained in it. Usually the image is down sampled until a 

certain minimum size. On each and every one of these levels a 

fixed size window detector is run. All these windows are fed to 

a classifier to detect the object of interest, this way, the scale 

problem and the location problem are solved. 

After the development of DNN classifiers, that proved to be 

better-performing, more accurate classifiers than the HOG 

feature-based classifiers, it was expected that the later would be 

replaced. However, the computational cost of the Neural 

Networks (NNs) and its speed were its major problems. 

Running a CNN in every patch generated by the sliding window 

detector was impossible. To solve that problem, R-CNN uses 

Selective Search (J.R.R. Uijlings, K.E.A. van de Sande, T. 

Gevers 2012) as the proposed algorithm. Selective Search 

reduced the number of bounding boxes fed to the classifier to 

about 2000 region proposals. To generate these region 

proposals Selective Search resorts to local features such as 

texture, color, intensity, etc. decreasing the amount of 

information fed to the CNN-based classifier reduces 

complexity and running time. All the generated boxes must be 

resized before entering the fully-connected part of the CNN. 

The R-CNN can be summarized in four major parts: 

• Run the Selective Search to generate region proposals 

Regions of Interest (RoI); 

• Use the RoIs as input of the CNN; 

• Feed the CNN output to the SVM to predict the object 

classes; 

• Optimize the process by training the bounding box 

regression separately. 

  The Fast R-CNN (Girshick 2015) proposes a way to propagate 

the gradients through spatial pooling, allowing it to overcome 

SPP’s limitations. A simple back-propagation calculation, very 

similar to max-pooling gradient calculation, is done in regions 

that overlap so a cell can have gradients pumping in from 

various regions. 

Fast R-CNN implements Bounding Box (BB) regression to the 

neural network training itself. This served for a multitask 

purpose of the network: the regression head and the 

classification head. The classification head outputs the scores 

of each class and the regression head outputs the coordinates of 

the proposed bounding box. This allows that the training of the 

network to work both for classification and localization, 

increasing its speed. Its performance is better than SPP because 

the whole network is trained instead of just a part of it.  

Faster R-CNN (Ren et al. 2015) , one of the most accurate 

object detection algorithms, replaced the slowest part of Fast R-

CNN, the Selective Search with a small convolutional network 

called Region Proposal Network (RPN) to generate the RoI, 

allowing its faster performance. 

Faster R-CNN also introduces the idea of anchor boxes, to deal 

with variations of scale and aspect ratios of the objects. Three 

kinds of anchor boxes (128x128, 256x256, 512x512), for scale, 

and three aspect ratios (1:1, 2:1, 1:2) are used at each location. 

So, at each location RPN predicts the probability of being 

background or foreground in 9 different boxes. Bounding box 

regression is implemented to provide better anchor boxes. RPN 

outputs bounding boxes of various sizes with the corresponding 

probability of the object being of a certain class. With Spatial 

Pooling, as used in Fast R-CNN, bounding boxes of different 

sizes can be passed further. The rest of the network is similar to 

Fast R-CNN but, approximately 10 times faster. 

 

B. Visual Object Tracking 

Visual tracking is one of the main challenges for the computer 

vision community, for its multiple applications in real life such 

as surveillance, navigation, traffic control, augmented reality, 

etc. Even though nowadays is possible to find algorithms for 

object tracking with a good performance, it is still hard to 

develop a robust and efficient tracker due to background clutter, 

partial occlusion, motion blur, etc. When it comes to the 

relevant application of this work, the vessel tracking, there are 

some specific challenges. Some of these challenges are the 

variation in illumination, the rotations either from the vessels or 

from the UAV itself, and some of the challenges already 

mentioned above. 

In recent years the tracking algorithms presented at the Visual 

Object Tracking (VOT) challenge that had the better results in 

the competition were based on correlation filter trackers. 

1) Tracking with Kernelized Correlational Filters 

The discriminative learning methods are widespread in which 

from an initial image patch containing the target the model is 

supposed to learn a classifier to distinguish the target’s 

appearance and the background. Each new image is another 

patch to update the model. Instinctively it makes sense to focus 

on the samples of the object, the positive samples. But the core 

of the discriminative methods is to emphasize the negative 

samples, the background. The negative samples are image 

patches from different locations and scales, so there is an 

infinite number of possible negatives. For this reason, there is a 

need to compromise the number of negative samples 

incorporated and the desired speed of the algorithm. It follows 

that, the usual practice is to randomly choose a few samples 

from each frame.  

KCF (Henriques et al. 2015) presents a tool to incorporate 

thousands of samples at different relative translations without 

explicitly iterating over them. This tool is called circulant 

matrixes. KCF is a tracker based on Kernel Ridge Regression 
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that does not suffer from the asymptotic complexity of other 

kernelization methods. It even exhibits lower complexity than 

unstructured linear regression. It is a kernelized version of a 

linear correlation filter, which is the base from today’s fastest 

trackers. 

C. Detection and Tracking in the Maritime Scenario 

A vast work has been done when it comes to visual object 

detection and tracking, although very few methods address the 

problem in the maritime scenario. The detectors that use a 

sliding window and HOG features struggle with non-uniform 

background. Illumination changes, the motion of the UAV, the 

wakes and waves, the in-plane and out-of-plane rotations that 

would be inexistent in a motionless camera are challenges that 

our problem encounters. You Only Look Twice (YOLT) is a 

method conceived specially for vessel and airplane multi-scale 

detection with satellite imagery in maritime and harbor/airport 

environments. Using airborne image sequences increases the 

challenge due to the movement of the UAV’s maneuvers 

besides the challenges already indicated concerning the 

maritime scenario. 

In this work is combined a state-of-the-art detector to a 

Kernelized Correlation Filter Tracker to achieve accurate 

detection and precise tracking. 

The current state-of-the-art approaches try to make it possible 

for real-time analysis, that is, minimizing the computational 

cost without compromising the accuracy obtained. Areas with 

sun reflections, waves and wakes and rotations in the movement 

are usually a cause of fail in many of the trackers built for 

general purpose. On longer sequences, as well, some drift is 

experienced. Key point trackers are not a viable option for the 

analyzed scenario since there’s a lack of texture and low-

resolution targets. 

In this work an integration of the output of a trained SSD 

network will be presented and having the detected bounding 

box becoming the input of the KCF which will run in the rest 

of the image sequence. 

III. IMPLEMENTATION 

The outlines of the implementation are: given the first image of 

an image sequence the trained SSD model is run to perform the 

detection of the vessel. The detector presents the coordinates of 

the bounding box of the detected vessel, providing them to the 

tracker that are registered as the object’s coordinates in the first 

frame. It is also from that bounding box that the tracker extracts 

the features that it will use as correlation for the following 

frames.  

The tracker accumulates errors, over time, causing the proposed 

location to drift from the actual location of the target. To 

minimize those drifts, the tracker is updated with new 

detections performed in the image sequence. 

Figure 1 represents the implementation of the algorithm. 

 

 
Figure 1: Outlines of the implementation used throughout the work. 

 

IV. SINGLE SHOT DETECTOR 

 

Single Shot Detector (Liu et al. 2016) is currently the state-of-

the-art approach for object detection. It is based on a different 

paradigm than its other competitors that are based on variants 

of: hypothesizing bounding boxes, resampling pixels or 

features for each box, and apply a high-quality classifier. The 

SSD has prevailed on detection benchmarks since the Selective 

Search work (J.R.R. Uijlings, K.E.A. van de Sande, T. Gevers 

2012) through the current leading results on PASCAL VOC, 

COCO, and ILSVRC detection all based on Faster R-CNN (Ren 

et al. 2015). While accurate, these approaches have been too 

computationally intensive for embedded systems and, even 

with high-end hardware, too slow for real-time applications. 

Often detection speed for these approaches is measured in 

Frames Per Second (FPS), and the fastest detectors, such as 

Faster R-CNN operate at 7 FPS. There have been several 

attempts to build faster detectors by implementing new methods 

to different stages of the detection pipeline, but so far, 

increasing the speed has compromised the accuracy of the 

detection.  

SSD is the first detector that does not resamples pixels or 

features for bounding box (BB) hypotheses and maintains the 

same levels of accuracy. The fundamental improvement in 

speed comes from eliminating bounding box proposals and the 

subsequent pixel or feature resampling stage. The 

improvements include using a small convolutional filter to 

predict object categories and offsets in bounding box locations, 

using separate predictors (filters) for different aspect ratio 

detections, and applying these filters to multiple feature maps 

from the later stages of a network to perform detection at 

multiple scales. Mainly due to this step of detection at multi-

scales, it is possible to obtain high-accuracy using relatively 
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low-resolution inputs leading to a faster detection

 
Figure 2: Scheme of the SSD architecture from (Liu et al. 2016) work. Used 
to illustrate the architecture and layers of the Single Shot detector. 

 

The SSD approach is based on a feed-forward convolutional 

network that produces a fixed-size collection of bounding boxes 

and scores for the presence of object class instances in those 

boxes, followed by a non-maximum suppression step to 

produce the final detections.  

The SSD has the following key points: 

• SSD is faster than the previous state-of-the-art single 

shot detectors, YOLO (Redmon et al. 2016 - 2016) and 

is more accurate. As accurate as techniques that 

perform explicit region proposals (like Faster R-CNN 

(Ren et al. 2015)). 

• SSD predicts category scores and box offsets for a 

fixed set of default bounding boxes, small 

convolutional filters are applied to the feature maps. 

• Predictions are separated by aspect ratio and are 

produced at different scales for feature maps of 

different scales, which makes SSD so accurate. 

• Even in low-resolution input images the end-to-end 

training of a network with these design features, 

provides a better compromise of speed vs accuracy. 

V. CORRELATIONAL FILTER NEURAL NETWORK 

Deep learning has been demonstrating the best results in most 

of the computer vision applications. So, Convolutional Neural 

Networks (CNNs) were integrated in an increasing amount of 

works of object tracking. But the training process requires many 

videos and annotated data, which makes it a very time-

consuming task. 

The Correlation Filters operation is similar to the deep learning 

operation in the sense that both of them try to find the best 

suitable filter to distinguish foreground from background. The 

correlation filter-based method quickly learns a model from a 

single frame without need of previous training process. 

The Correlation Filter Neural Network (CFNN) integrates the 

advantages of both tracking methods: it follows the typical deep 

learning tracker’s framework without requiring any pre-

training. This is possible by densely sampling the first frame 

with circulant matrix and applying a ridge regression to 

estimate the model for the network. The model is then 

integrated into a two-layer CNN structure and CFNN 

initialized. 

The network outputs a target location probability map (in which 

the highest probability corresponds to the new location of the 

target) that can be used to collect negative samples. This allows 

the network to selectively update the model. When reaching a 

certain interval (every 7 frames), the collected frames along the 

way are backpropagated to tune the CFNN. This updates the 

weights adaptatively to the variation of appearance. 
 

A. Correlation Filter Tracker 

 

Filter learning was formulated by (Bolme et al. 2010) as a 

regression problem which estimates the filter through cost 

minimization accordingly to samples from the first frame. The 

work of (Henriques et al. 2015) shows that dense sampling with 

circulant matrixes and Histogram of Gradients (HOG) features 

with the kernel trick (Navneet Dalal and Bill Triggs 2005) leads 

to better results. Other extensions of correlation filter-based 

tracking were proposed. Some cope with scale estimation, 

others propose an interpolation method to merge convolutional 

maps from multiple layers in order to obtain much reliable 

response map. The current state-of-the-art approaches are all 

based in Correlation Filter Trackers. 

In the 2017 Visual Object Tracking (VOT) competition (Matej 

Kristan et al.) the winner used an approach of Convolutional 

Features for Correlation Filters. In a competition where real-

time tracking was one of the most relevant criteria to evaluate 

the proposed methods. 

The idea of the correlation filters is to produce a peak in the 

location of the object that is supposed to be tracked and a low 

result in the background. Correlation filters are very effective, 

but until the proposal of the Minimum Output Sum of Squared 

Error (MOSSE) filter, there was not a viable way to preform 

online tracking. From the MOSSE developments arise, for 

example, the Kernalized Correlation Filters (KCF) (Yang Li et 

al.) that consisted in introducing kernel methods to the tracker. 

The KCF uses multi-channel Histogram of Oriented Gradients 

(HOG) features instead of the raw image pixels used by 

MOSSE. 

Correlation filter-based trackers obtain the correlation result by 

employing dot-product in frequency domain, in time domain, 

this corresponds to circulant padding around the original search 

window. Unnecessary boundary effects might be introduced by 

a large area of circulant padding since the template has the same 

size as the search window. 

Hard negative sampling is also used in CFNN to integrate the 

most important information from previous frames, leading to 

better results. 
 

B. Convolutional Neural Network Tracker 

 

The trackers that use CNN-based methods need to extract good 

features to get a fair representation of the target. Some 

approaches train a pre-built target model, before tracking. 

Others emphasize on feature representation with Convolutional 

Neural Networks in which the discrimination between object 

and background is performed by a classification layer. Another 

used approach is to use a lower layer and a top layer of a pre-

trained network. As it has been previously explained, the lower 

layer and a top layer have two different representations of the 

same object, so it is easier to discard noise or feature maps that 

are unrelated to the target. Some approaches require an offline 
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training of the network, even though this approach requires a 

large number of labeled videos and images. This kind of 

network can be used to track various targets without the need 

of online updating. 

CFNN (Yang Li et al.) relies on discriminative classification 

without performing any pre-training on an external dataset. As 

was mentioned above, CFNN has a two-layer CNN architecture 

so that the model can be trained efficiently with samples from 

the first frame. 

Another relevant feature of the CFNN (Yang Li et al.) is the 

fact that it requires no fixed-size input and output. So, the model 

is able to extend the searching area to arbitrary sizes. 

1) Architecture 

The aforementioned two-layer architecture shrinks the volume 

of the CFNN (Yang Li et al.) while being able to identify the 

target from the background. This lightens the burden of the 

initialization process, making it faster.  

Generally, the tracking process is based on determining a 

response map of the input image, 𝑥, in which every output 

value corresponds to the probability of the corresponding 

position being the center of the target, 𝑃(𝑥).  

 
𝑃(𝑥) = 𝑓2 𝑜 𝑓1 (𝓕(𝒙)) (1) 

 

In equation (11),  𝑓2 and 𝑓1 are the two convolutional layers of 

the CFNN. And ℱ(𝑥) is the feature extraction operator, that 

extracts the features from input image, 𝑥 . 𝑓1  obtains the 

response maps with multiple filters. Each ℱ(𝑥) ∈ ℝ𝐻𝑥𝑊𝑥𝑁, has 

𝑁  channels, in 𝑓1 , 𝑁′  filters are created ( 𝑊1 =

 𝑊1
1,  𝑊1

2, … , 𝑊1
𝑁′

). These filters perform the convolution with 

the input features. After the convolution operation, the first 

layer output map is given by: 𝑦1 = 𝑓1(ℱ(𝑥)) ⊂  ℝ𝐻′𝑥𝑊′𝑥𝑁′
 in 

which 𝑦1
𝑖 =  𝑓1

𝑖  =  𝜎(ℱ(𝑥)  ⊗  𝑤1
𝑖 +  𝑏1

𝑖 )  that corresponds to 

the ReLU activation function of the convolution between the 

extracted features and its corresponding weights (𝑤1
𝑖) and bias 

( 𝑏1
𝑖 ). The weights have the following format: 𝑤1  ∊

 ℝℎ1𝑥 𝑤1 𝑥 𝑁 𝑥𝑁′, where ℎ1𝑥 𝑤1 correspond to the kernel size. 

The second layer, 𝑓2, merges 𝑦1
𝑖 , the response maps from 𝑓1 in 

a reasonable way and exploits the deconvolution to increase the 

resolution of the final response map. 𝑓2 ’s weights have the 

format: 𝑤2  ∊  ℝℎ2𝑥 𝑤2 𝑥 𝑁′𝑥 1 , with a fractional stride. The 

deconvolution performed by 𝑓2 yields 𝑦2. With 𝑦2 being: 𝑦2 ∊

 ℝ𝐻′′𝑥𝑊′′𝑥 1 ( 𝐻′′ > 𝐻′ and 𝑊′′ > 𝑊′)  and so the final 

probability map from CFNN is described. The weights on both 

layers are trained from the samples that the algorithm takes 

from every input image.  

The losses of the model proposed in this work which is the 

Sparse (Yanmei Dong et al. 2016) approach of the model 

proposed in (Yang Li et al.), are given by: 

 

𝐿(𝑤) =  
1

𝑀
 ∑ (||𝑓2 𝑜 𝑓1(𝑠𝑖) −  𝑡𝑖||

2
)

𝑀

𝑖=1

+  𝜆 ||𝑤|| 

(2) 

 

 

M is the total number of and w, includes all the parameters of 

the network, from the first and from the second layer. 𝑡𝑖 is the 

probability map, obtained by a Gaussian-like distribution 

indicating the position of the target in the original image. 

Finally, λ, corresponds to a weight parameter that serves to 

prevent over-fitting. 

 

Weights Initialization and Update 

To train a whole network, even if a small, simple one is a very 

impractical task when collecting samples from only one frame. 

For that reason, CFNN simplifies the task, temporarily ignoring 

the second layer, 𝑓2, by doing 𝑓2(𝑥) = 𝑥, so, only the first layer 

has to be computed, which leads to a faster initialization. The 

focus also goes to a single-channel input feature map. This 

input feature map is later extended to multiple-channel. While 

it is not, the whole model is simplified into a convolution 

operator in two dimensions. Since this work considers the 

sparse approach, the equation of the model (6) can be written 

as: 

 

𝐿∗(𝑤1) =  
1

𝑀
 ∑ (||𝑓1(𝑠𝑖) −  𝑡𝑖||

2
)

𝑀

𝑖=1

+  𝜆 ||𝑤|| 

(3) 

                =  
1

𝑀
 ∑ (||𝜎(𝑠𝑖 ⊗ 𝑤1 +  𝑏1)

𝑀

𝑖=1

−  𝑡𝑖||
2

) +  𝜆 ||𝑤1|| 

 

 

Since this is the equation that presents the losses of the model, 

the goal is to find the value of 𝑤1 that minimizes it. But since 

σ( . ) is not a linear operation, the proposed minimization 

equation is: 

 

𝑎𝑟𝑔𝑚𝑖𝑛𝑤1𝐿∗

≈  𝑎𝑟𝑔𝑚𝑖𝑛𝑤1 ∑ ||𝑠𝑖 ⊗ 𝑤1 − 𝑡𝑖
′||

2
+ 𝑀 𝜆 ||𝑤1||

𝑖

 

 

(4) 

= 𝑎𝑟𝑔𝑚𝑖𝑛𝑤1 ∑ ‖∑ 𝑠𝑖
𝑘 ⋆ �̃�1

𝑘 −  𝑡𝑖
′

𝑘

‖

2

+ 𝜆′||�̃�1||

𝑖

 

 

𝑡𝑖
′ is equal to ti – b1 and ⋆ indicates the correlation operation. 

Since correlation and convolution are not the exact same 

operation, �̃�1 is the flipping version of 𝑤1. By the definition of 

ReLu: 𝑅𝑒𝐿𝑢(𝑥) = max(0, 𝑥) , 𝑅𝑒𝐿𝑢 (𝑥) = 𝑥 whenever x > 0. 

So, CFNN assumes that 𝑠𝑖 ⊗ 𝑤1 −  𝑏1 > 0 , since (14) is 

regressed to a Gaussian like response map and its negative part 

is useless. Since this only intends to find an initialization value 

for 𝑤1 the approximation of 𝑅𝑒𝐿𝑢(𝑥) = 𝑥 for every x ≥ 0. 

The minimization of 𝑤1 is simplified by adding a new auxiliary 

variable, v: 
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𝐿(𝑤, 𝑣) =
1

𝑀
 ∑ (||𝜎(𝑠𝑖 ⊗ 𝑤1 +  𝑏1)

𝑀

𝑖=1

−  𝑡𝑖||
2

) +  𝜆 ||𝑤1||

+  𝛽||𝑤 − 𝑣||2 

 

(5) 

 

Where β is utilized to control the similarity between the 

auxiliary variable v and the filter w. When β is large enough, 

(5) tends to approach (8). 

The minimization can be calculated, minimizing v and w. The 

value of w assumes the value of the last iteration to minimize v 

and the same succeeds when minimizing w, v assumes the fixed 

value of the last iteration, so it is possible to minimize w. 

Applying the Fast Fourier Transform, to speed up the operation 

to the equation (5) and omitting the terms that do not contain w, 

the minimization problem becomes: 

 

𝑎𝑟𝑔𝑚𝑖𝑛𝑊 = ∑‖𝑆𝑖 ⊙  𝑊∗ − 𝑇𝑖‖2

𝑖

+ 𝛽‖𝑊 − 𝑉‖2 

(6) 

 

In (6) the capital letters represent the Fast Fourier Transform of 

the corresponding variable. ⊙ is the element-wise 

multiplication while * is the complex conjugate. In the Fourier 

domain, the correlation becomes an element-wise 

multiplication, so each element in the filter W can be estimated 

separately. 

𝑎𝑟𝑔𝑚𝑖𝑛𝑤𝑗 = ∑|𝑆𝑖𝑗𝑊𝑗
∗ −  𝑇𝑖𝑗|

2
+ 𝛽|𝑊𝑗

𝑖

− 𝑉𝑗|  

(7) 

 

Where j indexes the element of W. This is a positive, convex 

and real-value function of complex variable. Using the method 

present in (Bolme et al. 2010), setting 𝑊𝑗 to zero and solving 

the derivative, the solution to 𝑊𝑗
∗ and the sparse correlational 

filter takes the form of: 

 

�̂�1 =
�̂�0

∗ ⊙ �̂�0
′ + 𝛽𝑉

�̂�0
∗ ⊙  �̂�0 + 𝛽

 
(8) 

 

After the extraction of the first feature map, there is a decrease 

in local resolution due to pooling or context summarization, so 

the pixel-wise accuracy is compromised during tracking. To 

minimize the effects of this decrease in resolution, the second 

layer, that so far was still 𝑓2(𝑥) = 𝑥  will be used as a 

deconvolutional layer. So, 𝑓2 merges the 𝑦1
𝑖  but also increases 

the resolution of the final response map. Each 𝑤2  channel is 

initialized to a Gaussian distribution, with the maximum 

corresponding to the center of the target, do, positions to larger 

distance to the center have less weight. A small random number 

is also added to each weight adding some randomness to the 

weights adjustment. Each final response is made of multiple 

responses from 𝑦1 and the ones with better correspondence are 

emphasized by the second layer. 

The weights, after being initialized are updated with 

backpropagation during the tracking process and using the 

hard-negative mining method, the sample pool becomes more 

robust for more challenging situations that may arise. The 

samples are collected in a wider range and with the forward 

propagation the final probability maps for these patches are 

obtained. Comparing with the tracking result, some of these are 

discarded. The samples that remain are assigned to the sample 

pool as hard samples. There is a maximum number of iterations 

for the weights updating process, however, an early-stop policy 

is applied in order to accelerate the tracking process. The 

process is interrupted in case both of these events happen: 1) 
3

4
 

of the maximum number of iterations are reached; 2) Verify 

whether the ratio ∑ 𝐿𝑖
𝑛
𝑖=𝑛−𝑟 ∑ 𝐿𝑖

𝑛−𝑟
𝑖=𝑛−2𝑟 >  𝜃⁄ . r is a test interval 

and θ is the ratio threshold, it is important to verify whether the 

last iterations are relevant and if there is the need to iterate 

more. The ratio is set up to 0.98 (Yang Li et al.). 

When the cost from one iteration to the next has an extreme 

increase (the values are diverging), the learning rate is adjusted 

to a smaller one in attempt to find convergence. If he cost of the 

current network is higher than a threshold, when comparing to 

the last iteration, the current network is regarded as an 

exception. The handling measures for these exceptions are: 1) 

discard of all the weights modifications in the iteration to the 

weights of the previous iterations; 2) The decrease of the 

learning rate. Once the learning rate decreases, it is constantly 

updated in every iteration until it reaches the default value of 

0.0003.  

This flexibility in the learning rate creates robustness and 

ensures that even in more challenging scenarios the network 

can adapt itself. 
 

2) Tracking Framework 

CFNN’s tracking system localizes the target for the location 

that scores the maximum confidence with the probability maps 

mentioned in (11). The location of the center of the target is 

determined by: 

 
𝑧 = 𝑎𝑟𝑔𝑚𝑎𝑥�̃� ∊ 𝑥𝑃(�̃�|𝑐) (9) 

 

Where x defines a searching space with potential candidates and 

c corresponds to the priori constraint, that is extracted from all 

the previous frames. C, is embedded in the weights of the 

previous network since the weights are adjusted with samples 

from the previous frames. The tracking process is a forward 

propagation. This means that for any position in a search 

window, the location of the target can be obtained by passing 

its surrounding patch into the system as Equation (7) 

A search window is cropped to locate the target before tracking 

around the bounding box of the target from the previous frame. 

Then, a feature map is generated from the search window due 

to the extraction of proper features and multiplication of a Hann 

window with it. 

The manipulated feature map becomes the input of the 

two-layer convolutional neural network. The tracking on the 

following frames is performed by forward propagation and 
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predicts the position of the target. During the tracking process 

a set of samples is collected from every frame and their labels 

are generated based on predictions as well. The weights of the 

CNN are updated every frame interval (in the case of this work, 

every 7 frames) to take appearance variations into account. 

VI. TRAINING OF THE DETECTOR 

 

 

A. Matching Strategy 

 

It is necessary to determine which default bounding boxes 

correspond to a ground truth detection, so that it is possible to 

properly train the network. Each ground truth box is matched to 

the default bounding boxes (that vary in location, aspect ratio 

and scale) which presents the best jaccard overlap (10). The 

default bounding boxes are then matched to any ground truth 

that has a jaccard overlap higher than a threshold (that is defined 

as 0.5). Multiple overlapping default boxes can be obtained 

instead of picking only the one with maximum overlap, which 

simplifies the learning process.  

 

𝐽(𝐴, 𝐵) =
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
 

 

(10) 

 

B. Training Objective 

In SSD there is a derivation of the MultiBox training objective 

(minimization of the losses), in the original model, it is 

extended for multiple object categories, however, in this work, 

this is not the case. 𝑥𝑖𝑗
𝑝

= {0, 1} is an indicator to match 

the i-th default box to the j-th ground truth box, 
of category, p. The matching strategy is described 
as ∑ 𝑥𝑖𝑗

𝑝
𝑖  ≥ 1. The overall loss of the model is a 

weighted sum of the localization loss (loc_loss) 

and the confidence loss (conf_loss). The overall 

loss is given by: 
 

𝐿(𝑥, 𝑐, 𝑙, 𝑔) =
1

𝑁
(𝐿𝑐𝑜𝑛𝑓(𝑥, 𝑐)  +  𝛼 𝐿𝑙𝑜𝑐(𝑥, 𝑙, 𝑔)) (11) 

 

N corresponds to the number of matched default boxes. The loss 

is set to 0, in the case that no default box was matched (N = 0) 

and the weight of α set to 1 by cross-validation. The localization 

loss is a Smooth L1 loss between the parameters of the 

predicted box (l) and the ground truth box (g). Like in Faster R-

CNN (Ren et al. 2015), SSD regresses to offsets for the center 

(cx, cy) of the default bounding box (d) and its width (w) and 

height (h).  

Localization loss is given by: 
 

𝐿𝑙𝑜𝑐(𝑥, 𝑙, 𝑔) =  ∑ ∑ 𝑥𝑖𝑗
𝑘  𝑠𝑚𝑜𝑜𝑡ℎ𝐿1(𝑙𝑖

𝑚

𝑚 ∊{𝑐𝑥,𝑐𝑦,𝑤,ℎ}

𝑁

𝑖 ∊𝑃𝑜𝑠

− 𝑔𝑗
𝑚) 

(12) 

𝑔𝑗
𝑐𝑥 =

(𝑔𝑗
𝑐𝑥 − 𝑑𝑖

𝑐𝑥)
𝑑𝑖

𝑤⁄                 𝑔𝑗
𝑐𝑦

=
(𝑔𝑗

𝑐𝑦
− 𝑑𝑖

𝑐𝑦
)

𝑑𝑖
ℎ⁄  

𝑔𝑗
𝑤 = log (

𝑔𝑗
𝑤

𝑑𝑖
𝑤)                                       𝑔𝑗

ℎ = log (
𝑔𝑗

ℎ

𝑑𝑖
ℎ) 

 

And, finally, the confidence loss is the softmax loss over 

multiple classes confidences (c) and is given by: 
 

𝐿𝑐𝑜𝑛𝑓(𝑥, 𝑙, 𝑔) =  − ∑ 𝑥𝑖𝑗
𝑝

log(�̂�𝑖
𝑝

)

𝑁

𝑖 ∊𝑃𝑜𝑠

− ∑ log (�̂�𝑖
0)

𝑖 ∊ 𝑁𝑒𝑔

 

(13) 

Where, �̂�𝑖
𝑝

=  
exp(𝑐𝑖

𝑝
)

∑ exp(𝑐
𝑖
𝑝

)𝑝
 

  

1) Scales and Aspect Ratios for default Bounding Boxes 

Some methods such as SPP (Kaiming He et al. 2014), suggest 

that processing the image at different sizes and combining the 

results afterwards is the best way to handle different object 

scales. However, SSD uses feature maps from several different 

layers in a single network for prediction to mimic the same 

effect. Some parameters are also shared across all object scales.  

In the work of (Long et al. 2016) it is shown that using feature 

maps from lower layers can improve semantic segmentation 

quality (feature maps from different levels from the same 

network have different receptive field sizes). This happens 

since lower layers capture more fine details of the input objects. 

Plus, it provides a global context pooling from a feature maps 

smooths the results. 

SSD uses the lower and upper feature map for detection. By 

combining the predictions for all default boxes with scales (that 

can vary from 0.2 up to 0.9) and aspect ratios (that can be one 

of the following {1, 2, 3, 
1

2
, 

1

3
}) from all the locations of many 

feature maps, the obtained set of predictions covers multiple 

sizes and shapes for the input object.   

 

2) Hard Negative Mining 

After the matching process, most of the boxes left are not 

matched to ground truth boxes, this means that they are 

negatives. There is an imbalance in the number of the positive 

and the negative samples, so SSD sorts the samples using the 

highest confidence loss for each default box. The top ones are 

picked so that the ratio of negative-to-positive samples is 3:1. 
 

3) Data Augmentation 

Data Augmentation is used to make the model more robust 

whether it is for different input sizes, shapes. Each image in the 

training is randomly sampled by one of three different options: 

• Use the entire original input image; 
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• Sampling a patch so that the minimum jaccard overlap 

with the object’s bounding box is 0.1; 0.3; 0.5; 0.7; or 0.9. 

• Randomly sample a patch - the size of the patch is 

from 0.1 up to 1 of the size of the original images and the aspect 

ratio between 1 2⁄  and 2. The overlapped part of the ground 

truth box is kept as long as its center is in the sampled patch. 

After the sampling step, the sampled patches are resized to 

fixed size and is horizontally flipped with a probability of 0.5, 

in addition, some photo-metric distortions are applied similarly 

to the one used by (Andrew G. Howard 2013). 

Throughout this work data augmentation was used since in (Liu 

et al. 2016) they conclude that data augmentation leads to better 

results. Also, since the dataset was split, we considered that it 

would be fruitful to use this tool. 

 

VII. EXPERIMENTAL RESULTS 

A. Tracker Evaluation 

 

For the tracking process the evaluation metric we follow the 

metric of precision of the Object Tracking Benchmark (Online 

Object Tracking: A Benchmark 2013). The Precision metric is 

based in the center location error. Center location error is 

defined as the Euclidean distance between the center locations 

of the tracked target and the center of the labeled ground truth 

(manually labeled). Previous metrics averaged over the center 

location error and used that to summarize the performance of 

the tracker. When the target is lost, the tracker’s output location 

is usually random, compromising the average of the center 

location. 

In this work, the percentage of frames whose estimated location 

error is bellow a given threshold. The possible threshold values 

go from 0 to 50 with a step of 1 pixel. According to (Online 

Object Tracking: A Benchmark 2013) the percentage that is 

chosen to rank the tracker corresponds to a threshold of 20 

pixels. 

B. Detector Evaluation 

The metric used to evaluate the trained network is the mean 

average precision (mAP). Mean average precision is an 

extension of the average precision. The average of all average 

precisions is taken to calculate the mAP. The mean average 

precision, for a certain class is given by: 

 

𝑚𝐴𝑃 =  
∑ 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑖)𝑇

𝑖=1

𝑁(𝑐𝑙𝑎𝑠𝑠𝑒𝑠)
 

(14) 

 

 

C. Limitations 

Mostly due to hardware limitations, the amount of experiments 

done throughout this work was not the desired. There are some 

experiments that were not possible to concretize due to the 

amount of time they would require, such as the training of the 

network with the full dataset, since the expected amount of time 

was of 72 days. So, some compromises were made. The 

compromises made were: 

• Instead of training the Single Shot Detector Network 

with a dataset of, approximately, 70.000 images, we 

trained 2 batches of 700 images each and 100 images 

to test. 

• The tracking process was evaluated on fragments of 

the image sequence of 450 images per video. 

• Experiments with small targets were tried but not 

evaluated since the average time per frame was 10 

minutes. 

• Other tracking or detection methods were not tested, 

so the comparison will be done with previous work 

done by other colleagues. 

VIII. OBTAINED RESULTS  

For an experiment ran with the same image sequence our model 

achieved better results than the ones obtained with CFNN. 

 

The cost of every iteration was reduced almost 10 times and the 

same happened to the losses. Another point in favor of the 

proposed tracking model is that it runs faster than CFNN.  

 

We’ll present the results obtained for the same image sequence, 

with 450 frames, the boat present in every frame, no wakes or 

sun reflection. 

For the threshold of 20 pixels, the CFNN model has a precision 

of, approximately 0.8. For the same threshold, of 20 pixels, the 

proposed model achieves an accuracy of 1. Comparing the 

results obtained we can see that our model performs better.  

The tracker does accumulate errors and drifts after some 

frames. Even though there are some drifts from frame 120 

onwards, the center of the proposed bounding box matches the 

center of the ground truth box in the corresponding frame. 

Figure 2: : Evaluation of the precision according to OBT's benchmark of 
both tracker models. With the Threshold being the Location error 
threshold, in pixels. According to OBT's benchmark the precision of the 
model corresponds to the value of precision of the threshold of 20 pixels. 
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A. Single Shot Detector Training 

During the training process, 110 epochs were performed, each 

of the epochs has 22 steps of training and 3 validation steps. 

Each of the training steps was running with a frequency of 0.2 

Hz and the validation with a frequency of 0.7 Hz. And took, 

approximately, 5 days to complete.  

The evaluation of the network was performed with the 

evaluation function provided with the rest of the MatConvNet 

implementation of the Single Shot Detector. The obtained 

results to the class ‘boat’ was mAP=54.8%. This result is lower 

than the ones that Single Shot detector has achieved in the 

PASCAL VOC dataset. This result could be improved by 

training the network with a more images, including other 

strategies of data augmentation (besides the distortion and the 

flipped). But mostly, providing a diverse set of data to increase 

the robustness of the network. 

 
Figure 3: illustrate some of detections, an example of a positive 

detection with a false detection and an example containing two 

false detections and a missed detection. presents a challenging 

situation for the detector due to heavy sun reflections and 

presence of waves. Being a more challenging environment for 

the detector. 

IX. CONCLUSIONS 

 

The main goals of this work were fulfilled, even facing some 

difficulties, it was possible to deliver some results. The 

obtained results with the proposed approach of the tracker were 

good, proving that the method can overcome the CFNN (Yang 

Li et al.), the conditions of the carried experiments were the 

same for both methods, but to be able to claim that our method 

performs better than the CFNN in all scenarios, more 

experiments have to be carried out. Longer image sequences 

and examples of image sequences with a more challenging 

environment. The longer image sequence should induce more 

drift, since there are more errors accumulating. This would 

allow the verification of the flexibility and weights update of 

the tracker. A more challenging scenario, with sun reflections 

or with a more perceived impact of the rotations would confirm 

the robustness of the tracker. 

The tracking of small vessels is extremely slow (approximately 

10 minutes per frame). In longer image sequences the tracker 

accumulates errors that could be eliminated by initiating the 

detector on a regular interval. Also, in case the tracker gets lost, 

there is no mechanism to re-detect the target and pursue the 

tracking process from there. 

The trained Single Shot Detector network was evaluated with a 

mean average precision (mAP) of 54.8%. These results can be 

explained by the reduced amount of data that was possible to 

train the network with. The lack of data augmentation strategies 

applied. And the lack of variety in the different sets. Providing 

as input smaller images would lead to a faster training of the 

network. 

With a more diverse dataset as input for training the network 

the results could be substantially improved. 

Another thing that is relevant to be noted is that the SSD 

network has limited input size, so the images must be cropped 

accordingly to the limits defined in the training of the network. 

It is of extreme importance to either: set all images to the same 

size so that the output of the detector is compatible to the input 

of the tracker or to keep a flag in the cropped image, so it is 

possible to re-position the detected location in a coherent 

position to the tracker. 

The problem was challenging, the hardware limitations even 

more challenging. The dataset has very difficult scenarios. It is 

not possible to compare the speed achieved by our methods 

with the other methods available, since the conditions are not 

the same. 

 

A. End Note 

   The main contributions of this work are: 

• the training of a Single Shot Detector model with the 

provided data of the SEAGULL dataset with the MATLAB 

convolutional neural networks’ library, MatConvNet; 

• The implementation of a Sparse Correlation Filter 

Neural Network for tracking and the comparison of the results 

to the model proposed in (Yang Li et al.)The Sparse approach 

is based on (Yanmei Dong et al. 2016).  

• Tools to convert data from the SEAGULL dataset 

format to the standard PASCAL VOC format: XML 

annotations, a tool to identify the images that are positive for a 

certain category, in this case: boat or background. 

• Tools to convert from video to image sequence. 

• Renaming tools so that the filenames correspond to the 

PASCAL VOC format. 

• Provided suggestions of correction for the 

MatConvNet implementation of the Single Shot Detector. 
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