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Data – Satellite Imagery
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60 images of 800x800 pixels combining multimodality & 
multi-temporality:

• Sentinel 1: 4 acquisitions with 2 bands each, 
resolution ~10m (GRD product)

• Sentinel 2: 4 acquisitions with 12 bands each, 
resolution of 10m, 20m & 60m

• Landsat 8: 3 acquisitions with 11 bands each, 
resolution of 15m, 30m, & 100m 

• VIIRS: VNP46A1 product, for 9 acquisitions, with the 
Day-Night Band only, resolution of 750m resampled 
to 500m
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Our perception of the dataset
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• Each label image consists of a 16x16 

matrix of classes upsampled to match 

the original dataset resolution of 

800x800 pixels.

• We split the initial 800x800 images into

256 50x50 patches, each having a single 

class value.

• We transform a segmentation task into a 

classification one.

• We split the new dataset of 15 360 

images into 3 folds for cross-validation.
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Data – Ground Truth Labels
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Model Architecture
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Model Architecture: Day-Night Band processing branch
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Model Architecture: Multimodal Branch
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• 89 channels is a lot and 

can be detrimental to 

convergence

• Adding channel dropout

with a rate of 25% helps

for that matter
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Model Architecture: MultiUnimodal branch
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Model Architecture: Temporal-Merged branch
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• Separate temporal 

processing but merged 

texture feature 

extraction

• Mix between the 

Multimodal and the 

Multi-Unimodal 

branches
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Training setup: Loss calculation
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Training setup: Soft-F1 Loss
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𝑺𝒐𝒇𝒕 − 𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 𝒚, ෝ𝒚 =
σෝ𝒚𝟏 ∗ 𝒚𝟏
σෝ𝒚𝟏 + 𝝐

𝑺𝒐𝒇𝒕 − 𝒓𝒆𝒄𝒂𝒍𝒍 𝒚, ෝ𝒚 =
σෝ𝒚𝟏 ∗ 𝒚𝟏
σ𝒚𝟏 + 𝝐

𝑺𝒐𝒇𝒕 − 𝑭𝟏 𝒚, ෝ𝒚 = 𝟏 −
𝟐 ∗ 𝒔𝒑 𝒚, ෝ𝒚 ∗ 𝒔𝒓 𝒚, ෝ𝒚 + 𝝀

𝒔𝒑 𝒚, ෝ𝒚 + 𝒔𝒓 𝒚, ෝ𝒚 + 𝝀

Inspired by: https://www.kaggle.com/c/planet-understanding-the-amazon-from-space/discussion/34484#191547

We define the equations for our Soft-F1 Loss as the following:

The two added hyperparameters are the following:

• 𝜖 is a term used to prevent any divison by zero, resulting in a Loss value equal to Nan. It is set to 1𝑒 − 5.

• 𝜆 is a term used to smoothen the Soft-F1 loss value. It is set to 0.1.

Inspired%20by:%20https:/www.kaggle.com/c/planet-understanding-the-amazon-from-space/discussion/34484#191547
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Data Augmentation
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Horizontal/Vertical Flip

Random Rotation

CutMix (restricted between same-class images)

Noisy Labels (random offset in cropping)
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Test-Time Augmentation & Ensembling
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Final results
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Fold 1 Val Fold 2 Val Fold 3 Val Dev Phase Test Phase

0.8547 0.8533 0.8722 0.8877 (1st) 0.8798 (3rd)

Winning model submission F1 score
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Assessing VIIRS ability to detect electrification
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• Using a binary version of the 

dataset with the classes: 

electrified, not electrified

• Isolation of the DNB-specific 

branch to train as a separate 

classifier of electrification
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Assessing each sensor ability to detect the class of interest

16
DFC DSE 2021 - Multi-Branch Deep Learning model for 

detection of settlements without electricity

• Using combinations of VIIRS and each sensor to assess and study their ability to detect settlements 

without electricity

Sensor

Subset

Fold 1 Fold 2 Fold 3

Train Val Train Val Train Val

S1, VIIRS 0.681 0.653 0.657 0.665 0.677 0.672

LC8, VIIRS 0.766 0.758 0.750 0.745 0.768 0.776

S2, VIIRS 0.834 0.817 0.822 0.824 0.850 0.859

S1, S2, LC8, 

VIIRS
0.893 0.854 0.900 0.853 0.878 0.872
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General Conclusion

• Development of a multi-branch architecture, acknowledging the multimodal and multitemporal

structure of the data

• Design of a custom training & testing environment (custom loss, data augmentation, TTA & 

ensembling)

• Experimentations displaying the contribution of each sensor to the final prediction (S2 > LC8 > 

S1)

• Potential axis of improvements: reflect regarding the type of data to be aggregated & how to 

combine them in a physically meaningful way (e.g., SAR Time Series & Interferometric 

products could be of interest)
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