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Motivation
e Remote sensing is shifting from task-specific models to GFMs.
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Motivation

e Remote sensing is shifting from task-specific models to GFMs.
e Scarcity of labeled data and temporal sequences is a challenge.
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Motivation

e Remote sensing is shifting from task-specific models to GFMs.
e Scarcity of labeled data and temporal sequences is a challenge.
e How should we fine-tune GFMs for a specific task?
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Dataset: PASTIS-HD

e Crop-type mapping of ~2.4k SITS of 128x128 and t € [38,63].

e We used Sentinel-2 images, excluding S1 and SPOT-6 sensors.

PASTIS

Garnot, V.S.F., et al. “Multi-Modal Temporal Attention Models for Crop Mapping from Satellite Time Series.” ISPRS Journal of Pho-
togrammetry and Remote Sensing, Vol. 187, pp. 294-305, 2022.



Dataset: PASTIS-HD

e Crop-type mapping of ~2.4k SITS of 128x128 and t € [38,63].
e We used Sentinel-2 images, excluding S1 and SPOT-6 sensors.
e We explored two expressions of data scarcity:

— Label availability: 1, 10, 50, 100%.

— Temporal resolution: 1, 6, 15, 25, 35 instances
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Methodology: Encoder and Decoder Models

e Two GFMs were tested as encoders:



Methodology: Encoder and Decoder Models

e Two GFMs were tested as encoders:

Reconstruction Loss

— CROMA. Learning Representations
— radar<optical contrastive learning Mu odal Decode:
— multimodal masked autoencoding

cross-attention with spatial biases

Multimodal Encoder

pool + FFN

Radar Encoder

negatives

Contrastive
Loss

Fuller, A. et al. "CROMA: Remote Sensing Representations with Contrastive Radar-Optical Masked Autoencoders.” Advances in Neural
Information Processing Systems, 36(NeurlPS):1-33, 2023.



Methodology: Encoder and Decoder Models

e Two GFMs were tested as encoders:

— CROMA. loss:
0SS:
prlogp (or)
— SSL4EO-DINO. @ P2 To8 P
softmasx
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Caron, M. et al. "Emerging Properties in Self-Supervised Vision Transformers.” IEEE/CVF International Conference on Computer Vision
(ICCV), 2018.

Wang, Y., et al. "SSL4EO-S12: A Large-Scale Multi-Modal, Multi-Temporal Dataset for Self-Supervised Learning in Earth Observation.”
IEEE Geoscience and Remote Sensing Magazine, Vol. 11, Issue 3, pp. 98 - 106, 2023.




Methodology: Encoder and Decoder Models

e Two GFMs were tested as encoders: Fine-Tuning Policy
- CROMA. /rencoder
FT-Rate = P
— SSL4EO-DINO. I'decoder

e An UperNet* was adopted for the decoder.

Pretrained
Encoder

Feature maps
t=T-1

Feature maps.
=T

FT-Rate

*Xiao, T., et al. "Unified Perceptual Parsing for Scene Understanding.” European Conference on Computer Vision (ECCV), 2018.



Methodology: Encoder and Decoder Models

o Two GFMs were tested as encoders:
— CROMA.
— SSL4EO-DINO.
e An UperNet* was adopted for the decoder.

e We compare GFMs to a baseline: fully-supervised U-TAE.
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Panoptic Segmentation of Satellite Image Time Series with Convolutional Temporal Attention Networks.” Proceedings

Garnot, V.S.F., etal. "
of the IEEE International Conference on Computer Vision, pp. 4852-4861, 2021.



Results: Abundant labels

e U-TAE is always better than frozen encoders when t > 1.

100% of data 50% of data
Model | FT-Rate \— 6 15 %5 £ 1 6 15 % £

0.0 16.10 4340 5337 5566 56.71 30.83 47.43 5102 5215
CROMA [ ~ 0.1 ~ | 19.52° 4965 5811 60.41 61.12 | 17.44 - 4554  53.08 56.95 57.50 |
[~ 1.0 [ 1771 4915 = 5655 60.12 61.06 | 1571 < 45.03 5271 56.20 57.10 |

0.0 1555 38.08 47.41 4959 50.68 3455 4252 4430 44.92
DINO [ ~ 01 ~ [ 1643 4250 5117 5403 5519 | 1436 - 37.34 4698  48.65 50.24 |
[ ~ 1.0 [ 1691 4461 5365 56.14 5723 | 1534 4028 4916 51.85 53.02 |

U-TAE - 1375 4545 5433 57.36 58.98 40.99 5150 53.85 55.18




Results: Abundant labels

e U-TAE is always better than frozen encoders when t > 1.

e CROMA with partial fine-tuning reported the best results.

100% of data 50% of data
Model | FT-Rate 1 6 15 %5 £ 1 6 15 % K

0.0 16.10 4340 5337 5566 56.71 | 1483 39.83 47.43 51.02 5215
CROMA [ ~ 0.1 ~ | 19.52" "49.65 5811 60.41 61.12 | 17.44 4554 53.08 56.95 57.50 |
[ 1.0 [ 1771 4915 56,55 60.12 61.06 | 1571 45.03 5271 56.20 57.10 |

0.0 1555 38.08 47.41 4959 50.68 | 13.52 3455 4252 4430 44.92
DINO [ ~ 01 ~ [ 1643 4250 51.17 5403 5510 | 1436 37.34 4698 48.65 5024 |
[ 1.0 | 16.91 4461 5365 56.14 5723 | 1534 40.28 49.16 51.85 53.02 |

U-TAE - 1375 4545 5433 5736 5898 | 1152 40.99 5150 53.85 55.18




Results: Scarce labe

e CROMA with frozen encoder outperforms U-TAE.

10% of data 1% of data
Model | FT-Rate 1 6 15 25 35 1 6 15 25 35

0.0 10.80 2617 3405 3628 37.37 | 7.21 1662 20.64 22.77 2553
CROMA | ~ 0.1 | 13.09 30.07 37.89 39.43 40.67 | 7.30 18.63 2281 2326 24.06 |
[~ 1.0 | 1247 3273 4058 4229 4530 | 6.44 20.81 24.46 25.64 26.42 |

0.0 1023 23.18 28.64 3111 3172 | 613 13.69 1653 17.30 15.99
DINO | ~ 01 | 11.00 2506 32.83 3579 36.09 | 652 1456 17.69 19.12 1871 |
[ 1.0 | 11.03 2775 3560 37.94 3956 | 6.98 17.38 2029 21.77 2238 |

U-TAE N 9024 2866 3733 38.68 3944 | 543 1896 1045 1062  21.40




Results: Scarce labels

e CROMA with frozen encoder outperforms U-TAE.

e CROMA with full fine-tuning reported the best results.

10% of data 1% of data
Model | FT-Rate 1 6 15 25 35 1 6 15 25 35

0.0 10.89 26.17 3405 3628 37.37 | 721 16.62 20.64 2277 2553
CROMA [ ~ 0.1 ~ [ 13.09° "30.07 37.89 39.43 40.67 | 7.30 18.63 2281 23.26  24.06 |
[ 1.0 [ 1247 "32.73 4058 4229 4530 | 6.44 20.81 24.46 25.64 26.42 |

0.0 1023 2318 2864 31.11 31.72 | 6.13 1369 1653 17.30 15.99
DINO [ ~ 01 | 11.00 2506 3283 3579 36.09 | 652 1456 17.69 10.12 1871 |
[~ 1.0 [ 11.03° 27.75 3560 37.94 3956 | 6.98 17.38 2029 21.77 22.38 |

U-TAE - 924 2866 37.33 38.68 39.44 | 543 1896 19.45 19.62 21.40




Results: Scarce labels

e CROMA with frozen encoder outperforms U-TAE.

e CROMA with full fine-tuning reported the best results.

e Full fine-tuned DINO outperforms U-TAE.

10% of data 1% of data
Model | FT-Rate 1 6 15 25 35 1 6 15 25 35

0.0 10.89 26.17 3405 3628 37.37 | 721 1662 2064 2277 2553
CROMA [ ~ 0.1 ~ [ 13.09 ~30.07 3780 39.43 4067 | 7.30 1863 2281 23.26 24.06 |
[ 7 1.0 [ 1247 3273 4058 4229 4530 | 6.44 2081 2446 25.64 2642 |

0.0 1023 2318 2864 31.11 31.72 | 6.13 13.69 1653 17.30 15.99
DINO | ~ 01 | 11.00 2506 32.83 3579 36.09 | 652 1456 17.69 19.12 18.71 |
[~ 1.0 [ 11.03° 27.75 3560 37.04 39.56 | 6.98 17.38 2020 21.77 22.38 |

U-TAE - 024 2866 37.33 38.68 3044 | 543 1896 1045 1062 2140




Conclusions

e In high-label regimes: task-specific models can compete with, but
are not better than, fine-tuned GFMs (and are cheaper).

Model # of Trainable Parameters (M)
Only Decoder | Whole network
CROMA 46.95 350.0
DINO 30.89 53.5
U-TAE - 11




Conclusions

e In high-label regimes: task-specific models can compete with, but
are not better than, fine-tuned GFMs (and are cheaper).
e Careful fine-tuning is key to leverage GFMs:



Conclusions

e In high-label regimes: task-specific models can compete with, but
are not better than, fine-tuned GFMs (and are cheaper).
e Careful fine-tuning is key to leverage GFMs:

— Treat FT-Rate as a relevant hyperparameter.
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Conclusions

e In high-label regimes: task-specific models can compete with, but
are not better than, fine-tuned GFMs (and are cheaper).
e Careful fine-tuning is key to leverage GFMs:
— Treat FT-Rate as a relevant hyperparameter.
— Temporal resolution and label availability affect performance.

1 inst. 6 inst. 15 inst. 25 inst.
35 inst. Ground Truth
- - H
35 inst.
e 100%

1% 10% 50%



Conclusions

e In high-label regimes: task-specific models can compete with, but
are not better than, fine-tuned GFMs (and are cheaper).
e Careful fine-tuning is key to leverage GFMs:
— Treat FT-Rate as a relevant hyperparameter.
— Temporal resolution and label availability affect performance.

e Performance improves with longer time-sequences in low-label
settings, even for frozen GFMs.

Ground Truth 1% 35 inst.



Thank you for your attention!

Contact:

giovanni.castiglioni@cenia.cl
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