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Abstract

In recent years, computer vision analysis of satellite
imagery has been used to identify large ships
in both offshore and inland settings, as well as
to combat deforestation in the Amazon Forest.
However, the presence of mining barges conducting
ecologically destructive gold dredging operations
in inland rivers remains a major problem relatively
unaddressed by artificial intelligence. Challenges
in this domain include the small size of the barges
in question, their rapid movement patterns, and
inconsistent satellite image availability, leading to
high difficulty in detection. In our paper, we
present three key contributions: (i) a self-curated
medium-resolution satellite image dataset (n =
296) of small river watercraft, (ii) a temporal image
differencing algorithm using radar data to detect
watercraft movement under cloud coverage, and
(iii) a convolutional neural network model trained
using weighted cross-entropy loss that achieves
90.0% balanced accuracy and 100.0% TPR on a
small held-out portion of our dataset. To the best
of our knowledge, our work is the first application
of artificial intelligence to identify small inland
watercraft, and our dataset is also the first of its
kind.

1 Introduction

Areas in the Amazon River Basin such as the state of
Rondonia in Brazil are rich in gold [1]. Gold prices have
increased over 300% in the past two decades, and have
recently gone over $1,700 per ounce. This has caused gold
mining to be both lucrative and widespread.

Dredging of the Amazon River by illegal gold mining
barges causes significant ecological damage through
contaminating rivers with mercury, which negatively impacts
local wildlife. Although there are occasional police patrols
in the area, the Brazilian government’s stance is that the
large geographical region makes it too difficult to police the
illegal miners. This serves as the motivation of our project, as
identifying illegal mining operations from satellite imagery
can narrow down search areas and accelerate policing.

Curated, publicly available satellite imagery datasets
currently do not exist for inland rivers and barges; existing
artificial intelligence applications focus on classification of
large ships in open water. We thus present our solution
to the problem of detecting the presence of an illegal gold
mining barge in the Amazon River based on satellite imagery.
This will provide the World Wildlife Foundation (WWF)
with data-driven insights into the extent of the problem, and
enable more targeted interventions from police and local
communities against illegal mining.

Our main contributions are the following:

* We curate the first-of-its-kind publicly available inland
watercraft dataset [2] for future work in detecting barges
from optical data. In previous work, these datasets only
contained large boats in offshore open water.

* We utilize deep learning models on optical data, as well
as the MASATT dataset for transfer learning, to create
a novel barge identification system that can be used for
local enforcement.

* We use spatio-temporal differencing of radar data to
complement our optical approach and reliably detect the
movement patterns of watercraft in the Amazon river
under variable weather conditions.

Figure 1: An example of a barge in the Amazon river. Gold mining
in the river is harmful to the ecosystem because of the mercury
contamination it produces.

"Please view our code at our GitHub Repo


https://github.com/julianl092/amazon-barge-detection

2 Related Work

Advances in imagery and object detection models have led to
increased research on using satellite imagery for watercraft
identification. Current literature largely focuses on using
either synthetic aperture radar (SAR) or optical remote
sensing images for ship detection. However, these techniques
are not generalizable to trickier environments, such as smaller
watercraft in inland river areas.

SAR images have been preferred in past research due to
their capabilities of seeing through clouds and independence
from sunlight, making them work in all weather conditions
at any time of the day. Previously, high-quality SAR
images were hard to curate, leading to techniques working
with simulated images [3]. An increase in the number
of satellites capable of SAR imagery led to more widely
available SAR datasets and more advanced models [4]. Then,
ship detection was accelerated with the advent of deep
learning [5]. Kang et al. showed in [6] how modifying the
Faster R-CNN architecture with the constant false alarm rate
(CFAR) algorithm led to increased accuracy for smaller-sized
targets. This was improved further by [7] using YOLOv2
models.

Limitations on SAR image quality led to shortcomings
in more complex marine areas with shores, islands, and
uneven surfaces. To address this, optical remote sensing
images, with much higher quality compared to SAR, were
employed. Earlier algorithms using 2D object detection [8]
were improved by threshold segmentation [9] and supplanted
by the same Faster R-CNN models used for SAR imagery
[10]. Optical imagery does lack the same benefits as SAR
imagery in that clouds and night time greatly degrade the use
of images.

However, this previous work has focused on ship detection
in open seas or large river ports, which is very different
from the small barges and inland rivers the WWF and other
conservation groups work with around the globe. Analysis
of satellite imagery has previously been used to target illegal
gold mining in the Amazon rainforest to curb deforestation
[11]. Tllegal sand, gravel, and gold mining [12] occur at
alarming rates around the world, yet there is no known prior
research in helping authorities detect these practices using
image detection.

Our work addresses this problem by presenting novel
datasets and solutions for identifying small parked barges
in the river, rather than large ships in the open ocean or
analyses of land-based operations. By using both SAR and
optical imagery, we utilize the benefits of both approaches.
In addition, our collaboration with the WWF was important
in shaping the specifications for this project.

3 Data & Challenges

We encountered many challenges relating to the procurement
of data. First and foremost, we had to curate our own training
and testing datasets from satellite image databases, because
existing datasets of satellite images containing watercraft are
focused on large cargo ships and not small inland barges.
This already imposed a practical constraint on our dataset
size, as due to time and labor constraints as well as the

geographical sparsity of barges, the number of images that we
could realistically source, process, and label was extremely
limited.

In the process of data curation, we were further constrained
by the competing considerations that our satellite image
sources had to be high-resolution enough to display mining
barges, which range from 50m to just 10m in length, but
also available at low-cost for an unlimited length of time so
that our solution would be sustainably usable by monitoring
groups like the World Wildlife Fund and indigenous peoples.
Moreover, we required a high temporal frequency of imaging
in order to differentiate between moving watercraft, which
are more likely to be innocuous, and watercraft parked in
one location over multiple days, which are much more likely
to be conducting illegal mining operations. Robustness to
cloud coverage was a final major issue, as cloud coverage
can render several consecutive days of images unusable for
analysis.

Our proposed solution uses three different sources of data
to cumulatively address all of these challenges. An overview
of the approaches we used can be found in Figure 2.

3.1 Planet Labs Optical Data

Planet Labs is a commercial satellite image provider that
provides images of 3m / px resolution using its PlanetScope
satellites - we were able to access these images for free under
its Education and Research program. This represented an
appropriate balance of low cost, acceptable resolution, and
daily revisit time to our Area of Interest (AOI).

Using our access to the Planet Labs database [13], we
curated a dataset [2] of 296 square image tiles of the
Madeira River in Rondonia State, ranging from 224x224px
to approximately 300x300px. This dataset consists of 100
samples manually labeled as ‘positive’ - meaning the tile
contains a barge - and 196 samples labeled as ‘negative’.
Collecting positive samples was challenging because of the
geographical sparsity of barges. Downloading large swathes
of river imagery and then labeling afterward was infeasible,
as this would have led to a class imbalance skewed towards
the negative by hundreds or thousands of times.

Instead, we manually searched through the image database
for positive samples via visual inspection, individually
downloading, square-cropping, and processing each one.
We took the same approach for negative samples, which
were considerably more abundant. For our dataset
of negative samples, we represented the wide range
of non-boat-containing images which the model might
encounter in the real world, including sediment deposits and
clouds which could be mistaken for boats.

3.2 MASATI Pre-Training Data

The MASATI (MAritime SATellite Imagery) dataset [14]
consists of optical images of maritime scenes, with
image class divisions including with/without ships, and
with/without coastline. This data is originally obtained from
Microsoft® Bing Maps. The typical image in the dataset has
a resolution of approximately 512x512 pixels.



Figure 3: Selected Positive Samples from Planet Labs Dataset

Figure 4: Selected Negative Samples from Planet Labs Dataset

3.3 Sentinel-1 Radar Data

Sentinel-1 [15] is a constellation of two satellites launched
by the European Space Agency. It collects radar data at a
resolution of 10m / px, and the frequency of coverage over
our Area of Interest in Brazil is approximately once every 2.8
days. The data is freely available via Sentinel Hub. Although
the resolution of the radar data is lower than that of the Planet
Labs optical data, radar data has some salient advantages that
address the earlier outlined challenges. First, the data is never
obscured by cloud coverage, which provides significantly
increased reliability. Second, unlike optical images, radar
data collected at night is equally informative, which is
extremely useful for this application because illegal gold

==geoJSON -
radar data

data curation

first-of-its-kind
B ——

barge dataset

spatio-temporal

differencing

mining barges often operate under cover of dark. We thus
use the consistent data inflow to provided by Sentinel-1 to
track the movements, or lack thereof, of suspicious watercraft
identified using higher-resolution optical imaging.

4 Evaluation

4.1 Radar Approaches

We use a single polarization (VV), which offers high contrast
between the ships and water. We then mask the image using
the a GeoJSON of the Rio Madeira outline, which allows us
to find temporal differences between two images only in the
river regions we are interested in, as shown in Figure 5c.

Using the masked radar image from two different dates,
we take a temporal difference between the recent date we are
interested in and a later date. The temporal difference allows
ships and barges in the more recent date to have a higher pixel
value. We deploy a binary threshold in OpenCV to extract
only the pixels with high value where the ships and barges
are most likely to be.

We then use a Gaussian blur and blob detector to filter
the detections by area, as shown in Figure 6a. We get the
keypoint location and radius from the blob and draw the
keypoint on the initial radar image, as shown in Figure 6c.

We found that there were no false negatives found in the
time interval of interest, but we saw multiple false positives
due to an imperfect GeoJSON outline of the river. These false
positives can be seen in Figure 7. Since the WWF teams
in Brazil will be verifying the final output of our system,
we designed our system to be more lenient towards false
positives and strict towards false negatives.
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Figure 2: Overview of our approach.
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