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Abstract

We introduce the French Land cover from Aerospace ImageRy (FLAIR), an ex-
tensive dataset from the French National Institute of Geographical and Forest
Information (IGN) that provides a unique and rich resource for large-scale geospa-
tial analysis. FLAIR contains high-resolution aerial imagery with a ground sample
distance of 20 cm and over 20 billion individually labeled pixels for precise land-
cover classification. The dataset also integrates temporal and spectral data from
optical satellite time series. FLAIR thus combines data with varying spatial, spec-
tral, and temporal resolutions across over 817 km2 of acquisitions representing
the full landscape diversity of France. This diversity makes FLAIR a valuable
resource for the development and evaluation of novel methods for large-scale
land-cover semantic segmentation and raises significant challenges in terms of
computer vision, data fusion, and geospatial analysis. We also provide power-
ful uni- and multi-sensor baseline models that can be employed to assess algo-
rithm’s performance and for downstream applications. Through its extent and the
quality of its annotation, FLAIR aims to spur improvements in monitoring and
understanding key anthropogenic development indicators such as urban growth,
deforestation, and soil artificialization. Dataset and codes can be accessed at
https://ignf.github.io/FLAIR/

1 Context

According to a 2015 report by the Food and Agriculture Organization of the United Nations (FAO)
[1], approximately 75% of the world’s soils are in fair, poor, or very poor condition. This degradation
poses significant threats to the health and long-term sustainability of ecosystems. Healthy soils
provide invaluable ecosystem services, including: (i) providing natural habitats for numerous plant
and animal species [2], (ii) acting as the largest carbon sink, surpassing the atmosphere and all
combined biomass [3], and (iii) functioning as a rainwater reservoir, supporting food production and
storing freshwater [4].

The degradation of soils and biodiversity is largely attributed to land artificialization [1], which
causes long-term damage to the biological, hydrological, climatic, and agronomic functions of the soil
due to its occupation or use [5, 6]. In order to effectively monitor and manage land artificialization,
public authorities have expressed the need for scalable land-cover monitoring tools. With the
increasing availability of high-quality Earth Observation (EO) data, the French National Institute
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Figure 1: Detail from the FLAIR Dataset. The very high resolution annotation of 20 cm allows us to
distinguish the exact extent of individual houses, roads, and trees.

of Geographical and Forest Information (IGN) [7] is exploring the use of artificial intelligence to
automatically conduct high-resolution, global-scale land-cover mapping, an essential component for
addressing soil degradation at a national level [8]. A central aspect of this initiative is to create and
disseminate precise and up-to-date reference datasets for researchers and policy-makers.

We introduce the French Land cover from Aerospace ImageRy (FLAIR) dataset, the largest multi-
sensor land-cover dataset with very-high-resolution annotations. FLAIR combines very-high-
resolution (VHR, 20cm) images, photogrammetry-derived surface models, and optical Sentinel-2
multi-spectral satellite time series with a nominal revisit time of 5 days at the equator. The diverse
spatial, spectral, and temporal resolutions of these acquisitions offer valuable complementary perspec-
tives for land cover analysis. Over 20 billion pixels have been hand-annotated by geospatial experts,
using a nomenclature of 19 land-cover classes. The data spans 817 km2 across 50 French sub-regions
featuring diverse bioclimatic attributes at various times of the year, thus displaying complex and
challenging domain shifts.

FLAIR combines data sources with heterogeneous spatial, temporal, and spectral resolutions and high-
precision annotations, and aims to foster the development of new large-scale semantic segmentation
methods. Given its scale and the complexity of the domain shifts it exhibits, FLAIR also presents an
exciting challenge for the computer vision and machine learning communities.

2 Related Work

Numerous land-cover datasets have been introduced to train semantic segmentation methods, see
Table 1. Existing datasets usually present a trade-off: they either offer high-resolution annotations but
cover a small extent (like Vaihingen [9]), or provide large-extent coverage but with low-resolution
annotations (such as BigEarthNet [10] or SEN12MS [11]). In contrast, FLAIR offers both very
high-resolution annotations (20 cm) while covering a large portion of the French territory.

FLAIR comprises over 20 billion individually, manually annotated pixels, which is over 1000 times
more than SEN12MS and 2 times more than BigEarthNet, which employs semi-automatic annotations.
The DeepGlobe and LoveDA datasets, the closest counterparts to our dataset, provide a large coverage
of 1717 km2 at 50 cm and 536 km2 at 30 cm respectively. However, FLAIR provides over 3 times as
many annotated pixels and a higher resolution.

The spatial resolution of the annotation is crucial in land-cover analysis. Insufficient resolution
prevents the precise measurements of surfaces and boundaries. Furthermore, small-scale features,
such as individual houses, lone trees or roads, may not be captured accurately, limiting the potential
applications of the derived segmentation.
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Table 1: Land Cover Datasets. Publicly available datasets for semantic segmentation of land cover from remote
sensing Earth observation imagery.

Dataset
Annotation Acquisition

Pixels �106 Resolution Classes Source Resolution Extent (km2) Source

SAT-4/SAT-6 [12] 0.9 28 m 4/6 semi-automatic (NLCD [13]) 1 m 13 860k aerial

SEN12MS [11] 14 100 m 17 fully-automatic (MODIS [14]) 10 m 3 551k Sentinel-1&-2

Vaihingen [9] 82 8 cm 6 visual interpretation 8 cm 1 aerial

EuroSAT [15] 110 50 m 10 EU Urban Atlas [16] 10 m 11 059 Sentinel-2

MultiSenGE [17] 534 10 m 14 visual interpretation 10 m 57 433 Sentinel-1&-2

Landcovernet [18] 589 10 m 7 semi-automatic (MODIS [14]) 10 m 58 982 Sentinel-2

MiniFrance [19] 1 510 50 m 14 EU Urban Atlas [16] 50 cm 53 000 aerial

DynamicEarthNet [20] 1 889 3 m 7 visual interpretation 3 m 16 986 Sentinel-1&-2,
PlanetFusion

OpenEarthMap [21] 4 931 25–50 cm 8 visual interpretation 25–50 cm 799 aerial, UAV,
satellite

Five-Billion-Pixels [22] 5 000 4 m 24 visual interpretation 4 m 50 000 Gaofen-2

LoveDA [23] 6 000 30 cm 7 visual interpretation 30 cm 536 aerial

DeepGlobe [24] 6 867 50 cm 7 visual interpretation 50 cm 1 717 Wordlview-2/3,
GeoEye-1

BigEarthNet [10] 8 500 100 m 19 semi-automatic (CLC [25]) 10 m 850 k Sentinel-1&-2

FLAIR 20 385 20cm 19 visual interpretation 20 cm/10 m 817 aerial,
Sentinel-2

3 Dataset Description

FLAIR combines granular pixel annotation with heterogeneous data sources across a large and diverse
spatio-temporal extent.

3.1 Extent & Annotation

Spatio-Temporal Distribution. The FLAIR dataset consists of 77 762 patches represented in
Figure 3. Each patch includes a high-resolution aerial image of 0:2 m, a yearly satellite image time
series with a spatial resolution of 10 m, and pixel-precise elevation and land cover annotations at
0:2 m resolution. As shown in Figure 5, the acquisitions are taken from 916 unique areas distributed
across 50 French spatial domains (départements), covering approximately 817 km2. Aerial images
were captured under favorable weather conditions between April and November from 2018 to 2021.
Each satellite time series corresponds to the entire year of acquisition of the matching aerial image.

Annotations. Each pixel has been manually annotated by photo-interpretation of the 20 cm resolu-
tion aerial imagery, carried out by a team supervised by geography experts from the IGN. During the
annotation process, we initially identified 18 classes. We group certain classes together due to the
rarity of certain classes, such as swimming pool, greenhouse, or snow, or potential ambiguity, as seen
with ligneous and mixed vegetation. The resulting 12-class nomenclature leads to more statistically
robust evaluation metrics. Nonetheless, users can still access and use the extended nomenclature.

Table 2: Land-cover Class Distribution. Semantic nomenclature used by the FLAIR dataset and their
proportion among the entire dataset.

Class % Class % Class %

(1) building 7.1 (6) coniferous 4.3 (11) agricultural land 12.8

(2) pervious surface 7.3 (7) deciduous 17.3 (12) plowed land 3.5

(3) impervious surface 12.1 (8) brushwood 6.3 (13) other 0.8

(4) bare soil 3.1 (9) vineyard 3.0

(5) water 4.5 (10) herbaceous vegetation 18.2
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Figure 2: Land Cover Spectral Dynamics. We represent the temporal progression of reflectance values for
the red channel (B2) for different land cover types using Sentinel-2 satellite data. Each curve represents the
mean reflectance for a land cover types over a subset of the Ardèche department in 2020, with shaded regions
indicating the standard deviation. This plot illustrates the distinct spectral dynamics of different land cover types.

Movable objects like cars or boats are annotated according to their underlying cover. Table 2 outlines
the class set and their distribution. Refer to the appendix for more details.

Thanks to the high resolution of the aerial images, anthropic structures like roads and buildings can
be identified with a high level of detail. Agricultural and natural lands like forests or herbaceous
cover, which make up over 65% of the dataset, can often be challenging to distinguish from images
alone. As shown in Figure 2, multispectral satellite time series prove to be particularly effective in
characterizing the temporal evolution of plant phenology [26, 27], a key motivation for incorporating
these into the dataset.

Training Splits. The dataset is made up of 50 distinct spatial domains, aligned with the adminis-
trative boundaries of the French départements. For our experiments, we designate 32 domains for
training, 8 for validation, and reserve 10 as the official test set (refer to Figure 5 or appendix). This
arrangement ensures a balanced distribution of semantic classes, radiometric attributes, bioclimatic
conditions, and acquisition times across each set. Consequently, every split accurately reflects the
landscape diversity inherent to metropolitan France. It is important to mention that the patches come
with meta-data permitting alternative splitting schemes, for example focused on domain shifts.

3.2 Acquisitions

FLAIR offers 3 complementary sources of acquisition, each with distinct nature and spa-
tial/spectral/temporal resolutions: aerial images, elevation models, and satellite image time series.

Very High Resolution Aerial Images. The aerial images are taken from IGN’s free license
BD-Ortho product [28]. All aerial images are 512 � 512 in size with a resolution of 20 cm per
pixel, and feature 4 spectral channels: red, blue, green, and near-infrared. Each patch comes with
metadata such as the date and time of acquisition, geographical location and altitude of the patch
centroid, and specifics about the camera used for acquisition. All images are aligned to a shared
cartographic coordinate reference system (EPSG:2154), and radiometric corrections are applied to
ensure homogeneity per spatial domain [29]. This means that colors should not be interpreted as
physical measurements of channel reflectance.

Elevation. Each aerial image is accompanied by an elevation value produced by the IGN. This
information is not an independent measurement but a product derived from a digital elevation model
and a digital surface model obtained through photogrammetry on the aerial images, thereby ensuring
temporal consistency.

Sentinel-2 Time Series. Each patch is associated with a satellite image time series from the
Sentinel-2 constellation [30], as shown in Figure 4. Each image in the sequence is of size 40� 40
with a 10 m pixel resolution, centered around the aerial image. Each pixel is characterized by 10
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