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Introduction
The impact of global warming and industrialization is much more significant on earth
compared to the previous decades. As a result, observing the earth has become a
crucial topic to understand the relationship between the environment and humans.Land
cover is a key dataset for measuring the human footprint on our planet and has a long
tradition in the remote sensing community. The released corpus will provide a great
research capability to other researchers. To observe the advantage of this huge dataset,
we focus on image representation in a self-supervised manner and see the impact on
the CLC classification problem.

We proposed a solution based on one of the state-of-the-art self-supervised methods, called BYOL [1].
Model achieved very high performance without using negative pairs. After the self-supervised training,
the online encoder network’s representation is used to solve the CLC classification problem.

Under the H2020 project RapidAI4EO (01/2021-03/2023) we are aiming to establish the
foundations for the next generation of Copernicus Land Use Land Cover (LULC) suite of
products. This involves demonstrating vastly improved AI processes with focus on high
resolution and cadence, as well as providing critical training data to drive advancement
in the Copernicus community and ecosystem well beyond the scope of the project.

RapidAI4EO Corpus
The RapidAI4EO consortium will open-source the most extensive remote sensing
training dataset in June 2022 for LULC classification and change detection. The dataset
will include 500,000 samples across Europe with a sample size of 600m *600m. Each
sample area will have time-series cubes from Sentinel-2 and Planet Fusion time-series
for 2018 and 2019. In addition to the satellite imagery, multi-class label annotations
showing the number, types, and percentage of land cover types at all sample locations
will be provided based on the Corine Land Cover (CLC) 2018 product. The provided
Planet Fusion imagery with a ground resolution of three meters, 5-day cadence, gap
filled, and four spectral bands (VNIR) of surface reflectance will allow us to interpret
distinct phenological patterns and to distinguish those from structural changes more
accurately in time.

Figure 3 - Proposed self-supervised model.

Experiments
The dataset is divided into training set, validation set and test set which include ~375K, ~50 K, and
~75K samples respectively. We compared ResNet-50 models under different scenarios.
● Train Resnet50 from scratch using 100% of the training samples
● Finetune self-supervised ResNet-50(BYOL) using 100%, 10% and 1% of the training samples
● Finetune a pretrained(imagenet) Resnet50 using 100% of the training samples
The Accuracy values are plotted below for 10 epoches:

Figure 4 - Testing performance of different scenarios

Figure 1 - The locations of 500.000 samples around Europe

Figure 2 - Monthly images for 5 different samples

Land Use Land Cover Classiﬁcation
A typical application of remote sensing is producing land-use/land-cover
classification maps (LULC) using satellite imagery. Many governments and private
industries use LULC classification maps for various applications, including land
monitoring for human or natural activities, damage delineation, and wildlife habitat
preservation. During this study, we explored the advantages of Planet Fusion for
LULC classification problem and defined 7 classes which are:
● Artificial lands

● Agricultural areas

● Forest

● Bare area

● Wetlands

● Water lands

● Shrub

Base Classiﬁer
A 4-band ResNet-50 architecture is used as a baseline where the weights are
initialized randomly. During training of the base classifier, all of the training samples
were used.

Figure 5 - Class based precision and recall values for BYOL and ImageNet based pretrained Resnet-50

Conclusion:
Our experiments show that the provided new corpus will allow researchers to utilize the power of
self-supervised deep learning for remote sensing applications.
Compared to the base model, a fully supervised ResNet-50, the proposed BYOL-based model has
more than 12% better accuracy in the case of using all labeled samples. Even if we use only 1% of
the labeled samples during the finetuning of BYOL based classifier, we can get 5% improved
accuracy compared to the base model.
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