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Abstract. The recent expansion of mining in the Amazon is a major driver of
environmental degradation. Machine learning and satellite imagery are effec-
tive tools to monitor this problem, but most datasets treat mining detection as
a strictly binary task. This ignores how the actual mining proportion inside an
image affects classification results. We present a Sentinel-2 dataset designed
to explore this behavior. It contains 2,600 image patches collected across the
Brazilian Legal Amazon in 2024 using Google Earth Engine and MapBiomas
Collection 10 data. The dataset includes metadata detailing geographic loca-
tions, mining proportion ranges in 10% intervals, and a suggested practical split
for experiments.

1. Summary table

Keywords Amazon, mining detection, remote sensing, dataset.

WCAMA 2026 topic Environmental monitoring and remote sensing.

Data type Multispectral satellite images.

Brief data description The dataset contains 2,600 Sentinel-2 image patches. We divided
the data evenly, providing 1,300 images without mining and 1,300 images with
mining activity distributed across ten proportion intervals of 10%.

Data format PNG images with accompanying CSV metadata.

Collection site Brazilian Legal Amazon.

Public repository Zenodo (https://doi.org/10.5281/zenodo.18983646).

2. Introduction

The rapid expansion of illegal mining in the Amazon drives severe environ-
mental degradation.  This activity heavily impacts forests, rivers, and indige-
nous territories, creating deep ecological and social consequences [MapBiomas 2023,
Global Initiative Against Transnational Organized Crime 2023].

Remote sensing provides a practical way to monitor this problem continuously
across large areas. Researchers increasingly rely on satellite imagery and deep learn-
ing to identify visual patterns and detect artisanal mining zones [Gallwey et al. 2020,
Camalan et al. 2022].

The main issue is that current literature usually frames mining detection as a
strictly binary task [Camalan et al. 2022]. Most available datasets provide only pixel-
level segmentation masks or basic presence and absence labels for the entire scene. In
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reality, mining often occupies just a tiny fraction of a satellite image, making detection
much harder. We still need to understand how classification models actually perform
when the mining proportion varies.

We built this Sentinel-2 dataset precisely to explore that challenge. We organized
the image patches based on the actual proportion of mining pixels they contain. This
approach gives the community the right data to run controlled experiments and see how
classification performance shifts as mining becomes more visually dominant in the scene.

3. Material and Methods

We built the dataset using Sentinel-2 imagery from 2024 at a 10-meter spatial resolution
[European Space Agency 2025]. We processed all data and extracted the patches through
Google Earth Engine [Gorelick et al. 2017]. To identify actual mining locations, we relied
on land cover data from MapBiomas Collection 10. This collection offers annual land use
maps for Brazil and features a specific class for mining activity. We used this class as our
ground truth to estimate mining presence inside every satellite patch.

We started the pipeline by mapping the spatial distribution of mining pixels across
the Legal Amazon using the MapBiomas raster. We then divided this region into candidate
sampling locations. For the optical data, we accessed Sentinel-2 imagery and filtered the
collection by acquisition year and cloud probability. We applied the s2cloudless method
to mask out clouds and ensure a clean final mosaic [Sentinel Hub 2024].

From this clean mosaic, we sampled image patches using geographic bounding
boxes with a target size of roughly 128 by 128 pixels. However, the actual dimensions
vary slightly across the dataset due to how Google Earth Engine handles pixel grids during
spatial exports. Because of these natural variations, anyone training machine learning
models will need to include a standard preprocessing step, such as resizing or center
cropping, to unify the input shapes.

During extraction, we evaluated the mining coverage for each patch solely to as-
sign it to one of the 10% intervals detailed in Table 1. We intentionally balanced the
sample count across these ranges. To ensure data quality and practical relevance, a do-
main expert visually inspected the final collection to validate the structural integrity of
the patches and the real-world representation of the mining scenes. This balanced design
is what enables researchers to run controlled experiments and observe model behavior as
mining grows visually dominant.

Finally, we exported all images in PNG format and grouped them into folders
based on their proportion range. We also compiled a metadata file containing patch iden-
tifiers, geographic bounding boxes, the assigned mining proportion range, and a practical
suggestion for training and testing splits.

4. Data Availability

We hosted the complete dataset and all related metadata on Zenodo (https://doi.
org/10.5281/zenodo.18983646). The public repository contains the image
patches along with a detailed manifest and clear documentation explaining the folder
structure. Inside the metadata file, researchers will find the geographic coordinates, the
assigned mining proportion ranges, and our suggested dataset split. We designed this open
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Figure 1. Example patches from the dataset illustrating different mining propor-
tion ranges.

Table 1. Mining proportion ranges and dataset composition.

Mining proportion range Binary class Images

0% No mining 1300
0-10% Mining 130
10-20% Mining 130
20-30% Mining 130
30-40% Mining 130
40-50% Mining 130
50-60% Mining 130
60-70% Mining 130
70-80% Mining 130
80-90% Mining 130
90-100% Mining 130
Total - 2600

package to give the community everything they need to reproduce experiments, map the
spatial distribution of the samples, and confidently train new machine learning models.

5. Conclusion

We created this Sentinel-2 dataset to push mining detection in the Amazon past the lim-
itations of simple binary classification. By organizing a balanced collection of satellite
patches into specific mining proportion ranges, we give the research community a tool to
properly investigate how models behave when the target occupies different fractions of a
scene.

This structure opens the door for several practical applications in machine learning
and remote sensing. Researchers can use these images to evaluate the robustness of convo-
lutional neural networks, especially when the visual signal of mining is extremely weak.
In real-world scenarios, mining often appears as tiny clearings or subtle sediment plumes
in rivers. Our dataset provides a structured benchmark to train models specifically for
these challenging cases. It also serves as a strong foundation for exploring transfer learn-
ing techniques and testing new data augmentation strategies tailored for environmental
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monitoring.

Ultimately, we built this resource to help bridge the gap between theoretical model
performance and the complex reality of environmental tracking. We believe this dataset
will directly support the development of more accurate and reliable tools to mitigate the
impacts of illegal mining across the Amazon. Future work could expand the dataset by
incorporating additional spectral bands and derived indices such as NDVI, NDWI, and
SWIR composites, which may improve models sensitivity to subtle mining signatures.
Combining Sentinel-2 data with complementary sensors such as Landsat could further
increase temporal coverage and spatial diversity of the collection.
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