Addressing Data Imbalance in Classification
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1. Abstract 3a. U-NET architectures

Plot-scale crop mapping is crucial for improving agricultural management, ensuring food
security, and monitoring nutrient loading in inland basins. While traditional methods such
as in-situ sampling and census data offer valuable insights, they often lack the spatial and
temporal resolution needed for detailed monitoring.

Multi-year crop maps, derived from multi-temporal Sentinel-2 MSI imagery, enable the
estimation of planting frequencies, tracking seasonal rotations, and detecting rotation
violations that can lead to soil degradation and yield losses.

In this study, we frame crop classification as an image-segmentation task, leveraging the 3a. Handling the class imbalance challenge
spatial context captured by deep-learning models by comparing three different U-Net
variants. To tackle the severe class imbalance in our reference dataset, we evaluate
advanced loss function (i.e. focal loss) to boost sensitivity to underrepresented crop types.

 Baseline: The typical U-Net architecture, which consists of consecutive convolutional
and MaxPooling layers in the encoder and transpose convolution layers at the decoder.

 Compression of the time dimension: Provides the compression of the time dimension
at the encoder pass to inspect the importance of information extraction in 4D arrays.

 Attention at the skip connection: Attention modules are applied to the skip
connection of the basic U-Net architecture of the baseline model to enhance the
network’s ability to focus on relevant features.

Serves as an alternative to cross-entropy by giving greater weight to difficult or
frequently misclassified examples while reducing the weight of easy-to-classify
examples. This is accomplished through the modulating factor Gamma that adjusts each
sample's impact on the overall loss.

pP;: The model’s estimated probability for the true class (p; € (0,1])

FL(p) = —(1 — p,)" log(p.) ke 1 arows, the easy-wo-clesiy xamales contrbte ess o the totl loss,
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(OPEKEPE). The data refers to the crop census in the study area for the year 2023. There are over 30
classes in an area of about 825 km?. However, more than 93% of the agricultural area is covered by
the following classes and pasture fields (22.18%).

Table 1. The predominant crop types of the study area

Crop Type Cotton | Cattle Feed | Olive Grooves Fallow Corn
Area (km?) 155.36 151.26 77.88 75.43 64.84 43.97 22.62
Percentage (%) 18.83 18.33 0.44 9.14 7.86 5.33 2.74

The input data for the computer vision model
consists of multi-temporal satellite imagery
acquired from the Sentinel-2 MSI satellite mission.
Instead of single static images, the data is
collected as a time series of satellite images. This
Satellite Image Time Series (SITS) is then
organized and transformed into a Data-Cube.

This way, the model is able to capture not only
spatial patterns within each image, but also the

temporal dynamics across the sequence of Figure 2. Satellite Images Time Series (SITS)
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The segmentation task is carried out using variants of the U-Net Neural Network architecture. The 2. % oA il Yy L Bgea e e o ,, @ LM Oy SR . corels
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In this work, we evaluate adaptations of the U-Net architecture, composed by 3D convolutions to Figure 4. Comparison of ground truth (left) and model-derived (right) maps generated using the Time

capture the temporal dimension that is provided in the SITS DataCube. Compression model with y = 3

5. Conclusions

While the benchmark model delivers solid performance across all metrics and the attention model
achieves the highest precision, the time-compression model outperforms both models by leveraging
spatial relationships and fully exploiting the temporal information that the SITS provide.

Additionally, some artifacts are observed, likely stemming from the patchification process, which may
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