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BLUF

Propose a robust machine learning algorithm using 

maritime computer vision for surveillance in areas at risk of 

adversarial attacks in the Blue Amazon. The algorithm will 

address a binary classification problem, detecting the 

presence or absence of ships in these regions to feed the 

monitoring system of large coastal areas, even under a 

certain degree of label noise inherent to the data.
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Introduction

 National and local defense;

 Safeguard busy coastal and strait 

passages;

 Ship traffic management; 

 Combating illegal fishing; 

 Piracy; 

 Drug smuggling; 

 Human trafficking; and 

 Monitoring the global trade network

Ship classification and detection systems are employed in various contexts where 
they may pose challenges, including:

Ship traffic density 
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Introduction
This study explores the advantages of utilizing alternative Machine Learning algorithms with 

imagery datasets to improve the ship detection system, which is utilized for safeguarding territorial 

waters. These models will provide supplementary capabilities to discourage unlawful activities in 

those regions.
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Background
 National and local defense;

 Green x Blue Amazon

 Satellite Imagery

 Tracking System
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Blue Amazon 

Management 

System (SisGAAz)
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Problem Formulation 
The optimization problem we are solving has the following form
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This method consists of the usage of the Alternating Direction Heuristic (ADH), which alternates between 
optimizing different sets of variables while keeping the others fixed, hence the name "alternating direction". 
First, we optimize the w

We adopt Rockafellian risk minimization introduced by Royset et al. 2022.

Rockafellian Relaxation in Optimization under Uncertainty: Asymptotically Exact Formulations
LL Chen, JO Royset
arXiv preprint arXiv:2204.04762

Then we use a subroutine to optimize over u for a fixed w

Keep alternating between the optimizations until both iterations are completed

Methodology
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U update methods
 The u-values act as weights that indicate the importance of observation. A negative u-value reduces the 

importance during training, while a positive u-value increases it.

 To solve the optimization problem using this methodology and perform the u update, we used the 
following alternatives:

  No update ;
• All u values are set to zero, and the model’s accuracy is equivalent to Empirical Risk Minimization 

(ERM).

 Rockafellian Risk Minimization (RRM)

• Linear Programming-Based Update;
 Solve the linear optimization using Pyomo, to generate the u values

• Subgradient Update. 
Define a step size λ > 0 , number of sub-iterations, and compute the penalties associated to data points 

readjusting the u values.
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Overview No ship (Class 0)

Processed in Hamming Cluster

The Hamming (GPU) nodes, 
provide visualization and graphical 
processing of research data sets.

 Machine Learning Concepts;

 Binary Classification Problem;

 Convolutional Neural Networks

 2 optimizers – SGD and ADAM
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DatasetsOpen-Source Datasets

MASATI v2 (Maritime Satellite Imagery)

 This dataset provides maritime scenes of optical aerial images from the visible 
spectrum and can be used to evaluate ship detection methods. Each image may contain 
one or multiple targets in different weather and illumination conditions. 

 Image size has a spatial resolution of 512 x 512 pixels. The images are stored as PNG, 
where pixel values represent RGB colors.

 Images are resized to 128x128x3 
in the data pre-processing 

Sample of Dataset:
 1022 images of “no ship” and 
 1027 images of ships
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MASATI v2 (Maritime Satellite Imagery)
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Datasets

 We obtained a public dataset on the Challenge website (Kaggle, 2018). 

 The dataset image resolution is 768 × 768 pixels. The images are stored as JPG, where 
pixel values represent RGB colors.

 Images are resized to 128x128x3 in the data pre-processing 

Sample of Dataset:
 5214 images of “no ship” and 
 5214 images of ships

Airbus Ship Detection
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Airbus Ship Detection
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Description of the CNN used for Adam
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Description of the CNN used for SGD
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Next Step

Label noise occurs when the labels or outcomes of data points are incorrect because they 
may have been distorted or altered from their original, accurate labels. Notably, in real-world 
datasets, the prevalence of such corrupted labels is reported to vary, with estimates ranging 
between 8.0% and 38.5%.

Data corruption can occur due to various reasons such as data collection and labelling entry 
errors, or even adversarial attacks intended to poison the training data and disrupt the system

RRM aims to enhance the resilience of machine learning models to training data that may be 
corrupted, such as in cases where the labels are incorrect.
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Hyper Parameters for ERM and RRM

We first evaluate the models using a 0% label contamination training set.

Then we gradually introduce higher levels of contamination, such as 10%, 20%, 30%, and 
40%. This evaluation can be carried out for both the MASATI and Airbus models to 
assess their robustness to label contamination.
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Final test accuracy in MASATI for ERM and RRM (ADH-LP / SGD)
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Training and test accuracy for ERM (left) and RRM ADH-LP/  θ = 0.35 
(right) on MASATI with 30% of contamination
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Evolution of u-vector across ADH-LP / SGD in MASATI
(30% of contamination and θ = 0.35)
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Final test accuracy in MASATI for ERM and RRM (ADH-LP / SGD)
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Training and test accuracy for ERM (left) and RRM ADH-LP/θ =0.20 
(right) on MASATI with 30% of contamination
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Evolution of u-vector across ADH-LP / SGD in MASATI
(30% of contamination and θ = 0.20)
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Final test accuracy in AIRBUS for ERM and RRM (ADH-LP / SGD)
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Training and test accuracy for ERM (left) and RRM ADH-LP/θ =0.15 (right) on 
AIRBUS with 40% of contamination
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Evolution of u-vector across ADH-LP / SGD in AIRBUS
(40% of contamination and θ = 0.15)
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Final test accuracy in AIRBUS for ERM and RRM (ADH-LP / SGD)
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Training and test accuracy for ERM (left) and RRM ADH-LP/θ =
0.25 (right) on AIRBUS with 40% of contamination
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Evolution of u-vector across ADH-LP / SGD in AIRBUS
(40% of contamination and θ = 0.25)
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Conclusions and Future Work
Despite the improvements in accuracy and robustness achieved 
through the RRM method, there is still room for improvements. 

In the current setup, u-optimization excludes up to 64% of 
mislabeled images in all experiments where RRM outperforms ERM. 
Perhaps a greater percentage can be achieved by employing novel 
approaches in the u-optimization procedure.

Maritime surveillance capabilities can be significantly improved by 
integrating advanced models like the enhanced ADH-LP and ADH-
SUB algorithms in automated surveillance systems, particularly 
those employing unmanned vehicles
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In conclusion, achieving robustness in machine learning models is crucial for 
their real-world deployment and reliability. It requires careful consideration of 
various techniques, evaluation methodologies, and trade-offs.

RRM demonstrates its potential as a robust and resilient method for handling 
varying degrees of label corruption in both datasets. In all cases, the ADH-LP 
architecture under the SGD optimizer performed remarkably well, showing the 
ability to delay performance degradation even under high corruption levels, 
establishing it as the top choice across all scenarios

Conclusions
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